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Support vector regression based on fuzzy sigmoid kernel
LIU Han, LIU Ding

(School of Automation and Information Engineering, Xi’an University of Technology, Xi’an Shaanxi 710048, China)

Abstract; In the support vector machines (SVM) framework, kernel function must meet certain requirements to be
symmetric and positive semi-definite (PSD) matrix. Although sigmoid function derived from neural network can become
a PSD kernel for proper combinations of its free parameters, it has been used in several practical and successful cases.
The sigmoid kernel is combined with fuzzy logic methodology first, which makes the computation of SVM simple and of
ease implementation in hardware. Experiments for chaotic time series prediction and image filter are also carried out to
show that the average CPU time can be decreased markedly in favor of hardware implementation, in spite of small
decrease in prediction precision.
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1 35| (Introduction)

%81t % 3 B & ( statistical learning theory,
SLT) 2 [ Vapnik B 371—Fp & [ THFI/MEERTHL
2 ) AL B B8, 3 F In] & L (support vector
machines, SVM) J& 763X — iR BL Rl F % R 5k 19
— B mE R T AN HETe g R iR
IR 3% 0 b E= | e h A A R = 1= )}
18 LA H RURE B /MU SR B SR $E 2 AL BB A1, MR AR
Bt A HS T I RE 3% Ak A7 R A YR AR ) B, 437
Wi T /A ARSI AR R IR AR /N R S S
BRIGIEE. 48 SVM [0] RE (3R /% o, 25 4 3th (5 F P95
A 1F S8 R RO S AR AR B 5 3 R 4R AR 2 1],
TR ER LA B 43+ 14 [ B 2% 4k O 2% 14 T 43 1) 0. A%
R BTERF U Mercer 22041, 8 FI 9 #% oA

W #R B 3 : 2005 -01 -27; WiEsoRs A B . 2005 - 07 - 08.

AN 2R BHT sigmoid R 7 = F %
R L2, Tk B LM 4R sigmoid
PREFESE R AP M B2 B IR, R E R RN RA W
SRR A (R o AR BT B W R — 2 M
214 , sigmoid R L XTER L TEE A% R B
. B FIEM 4 R 45 R b, sigmoid pR %I EL £ 8
TERRA RIFH 4R35 EE, FIL A SVM
MR RAE S 2N ERA B HTIRAES.
BT sigmoid o ¥R AE £k ek B, FRAE S B
FL#R BRI XE DT HAERS S04 Ay ff phas A Tl , —Fh 5 ik
SN sigmoid e ¥4 Br ek Mk, (B2 th BL7E S B
SR ASTT A B ) B 58 — Fp O W B R R R AT
SREEBUCHER T (B —I0) , (H 3 F 77 T M 45 KA BB
AR AR —FE THEZEY
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sigmoid 1% SR A, WG BRI B S8 b TR ok, fRIAL T

TR H 25 B sC 3. 3 1 X 18 I A 8] 5 5 T

PAK B 1R 25 W U8 U 2% 0 SE S BT 5T, O BH {1 B A

sigmoid 4% eR ¥R AR HE R sigmoid A% sk EUAR EL , 18

HEE R, 7 BB E S Bk,

2 X #mEEYLE M FE (Principle of
support vector regression )

BEMGE {x,,y5k = 1,2, N} HAA
BARx, e R EHBEAN Yy, € R, EHBIELHA
B d( ), B bR YN G MR 25 (7] B 5 B) i) 2k A E
Z5 (8] F, 372 1025 [A) 4 3 e L 2 1 191 1 e

flx) = - ®(x) +b. (1)
TXRETE I 4 2 [B) A 2R T 18] T WX B TR e i A\ 2 [4]
AIHEL HERIA.

fE Vapnik £ UK B E LT

_ 10, ly-flx) 1< e,
IO = e st
(2)
A1) R AL T B ER A

N
min J(w,£,£") = %wTw +CY (& +&).
@b g E k=1

(3)
YR,
y, —@ @(x,) -b<se+¢,,

o' ®d(x,) +b-y, Se+¢, (4)

£kl =0
Ko ARBIEMKE £, 60 NICHEE ST &
KT AR BB T 5| AR R, C > 0
AIETBE K (3) HRMEAT LAFE 4Ly Lagrange Xf
188 ] SR -

math(oz,oz") =

o,

N
1 L] *
“‘2‘2 (o, =) ) (e, - o) )K(%,,%)) -
K=

EZ (ap +o) ) + Zyk(ak - ). (5)
A
Z(ak—ak‘) =0,

a,,a, € [0,C].
Hi a,0" & X HIEH K Lagrange F T % of 3K
K(x,,x,) XN
K(x,,x,) = @(xk)T - @(x,), (7)
R AL TER SVM SR A F 258 BBLST & I R/E

(6)

RBA, ATREERGEN LB BT SVM
JRE ek BRI T K 2Ry

fx) = 3 (o = o )K(x,x,) +b. (8)
3 ETHEMEBHH sigmoid ¥ & B

( Sigmoid kernel based on fuzzy logic)

HAETTE SVM 4 B % o 0A 28 P % ok 3
LI 0% bR B T 0 A e A B sigmoid B R B, B
(]:E=373= v oI

K(xi,xj) =X * X, (9)

K(x,x;)) = (x,-x; + N4, (10)

K(x;,x;) =exp(- |x, - X ||2/20'2), (11)

K(x;,x;) = tanh(a - x, *x; +fB). (12)

HA D4 R B AR 2 TE A2 B 5 RE B A 1 2
Mecer 2544, {BFE L BR FHET , H — 22 3E 2 IF E 8%
WA T (5) . B E WLH— 6 F R B
A% By sigmoid #%. Vapnik £ 5 7F 1995 F L5 H
sigmoid pR ¥ HBH o F1 B HUFRE BT HAZFE N
2 TEE FERE (Non-PSD) 'V 2444 sl 0k b2 TF 52
Mead, R (3) f1(5) BXTE X REALLE, H HK(T)
ASHROL. #A T, sigmoid % &) 4 AL Zh A 7E 1 2 32 B BT
Fi9 , Scholkopf 7ESCEK[ 7 | 48 T R AR SCER
[6 1IRABFSR T 6 iE & % BB $AE SVM AR Y1 A
AR ABNL 8% S Bk WERH T sigmoid B A A
K TE B AR, Mg ity 7 — S E AR IB.

R T 5T 5 BAE B, SCER( 8 | 4% sigmoid pR
WSHNZESAEXNATENENS TP, 7
ATHENER 2R LRB-MNB R, A 3K
sigmoid 4% & B IAL. , 7 AT SCRR ) B LAY 1] )5 2
B, B FIM R R SR

FETHENLE B sigmoid A% s B M K (12)
PR & BB R R B

-1, x; + x; A low,
K(x;,x;) = {+1, x, - x; A high, (13)
a-Xx +x;, X *X A medium.
HF a N RART sigmoid s BRI, 10
M1 .

R, sigmoid ] LA L A— BRI K
PR TR AR L, SR = AT A SR B R R, B 2
PR, A5 X 43 Bl low, medium, high({%, ¥, )
HIEE, MRt ] DA B very low, low, medium, high,
very high(1RA%, 1%, ", ¥, 1R &) M 8L, 1H R AF 234
M HERfEH. BT sigmoid % R ELERT, N
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EHE=MERBENE TRMMEDHA (-8 £
/e %%i'c(ﬁ) ATAE HINT o #l B HIFEEL:

-1, xox, < (-B+1)/a,
K(xx) = {+1, x x> (-B-1)/a,
" M(x,,x;,a, B), HAt.

(14)
Hp
M(x,,x;,a,B) =2(x; *x; +p/a) —a’(x; +x; +
B/a) |l x, - x; +p/al, (15)
Bl sigmoid A% pREXTT A B 2 (16) SR Fik «
K(x;,x;,)=(- D (x; xj)+ax,. . xjp,z(xi - x;) +
(+ Dus(x, « x;). (16)
HWIL AT (Y sigmoid % s %A LA T AT
1) FREIEBAE RN EG— AR T ;
2) B2 BT SCRY SRR B R AT LA i A B
¥ (5 S AL B A5 S50 14 P S B 5 '
3) XL O s, AR R A
TP e 2 T 4 SRR B o T LA (AR TR} AR R A
JE IR PR

1.5

X * X
L

B 1 Sigmoid & EREABRIE = Rk m ER

Fig. 1 Sigmoid kernel used fuzzy linguistic

fa(x)

-(B+1)/a -Bla -(B-1)/a
B2 AR sigmoid B ER¥NSRIE K R B
Fig. 2 Schematic of 3 membership functions
4 SCIRYSE ( Experiments)

T B UE SR A sigmoid A% PR EHT T K,
S350 Fl SVM R A [r] 2 51 B LA B R 45 2 e i
Feas BB AT T BT, 7ESL 30, SVM B 4
C LA B R B30 o F1 B 38 3 10-fold 38 AR HG 1Y
FiEH TR E , W SVM #1453 ff] IRWLS (Iterated

Reweighted Least Squares) B BB R
KRB BT RN R W E R EER
%, 2B 7E Pentium IV 2. 4GHz 512MB WHEHIHHE
Pl AT
4.1 Mackey-Glass Bt ] FF 51 1 Ml ( Mackey-Glass
chaotic time series prediction)
Mackey-Glass B} [d]JF 5 4 5l % 5B E LR
i = 0.2x(t - 1)
1+2%(-7)
BTN & 2(0) = 1.2 flr = 17 B3
NIEMURAS. B BB B] 51 T 5 R P ) 3
IR A BRI AR ¢ + p R IE. TRINA 7 %02
Hr— MR A BEHRFFIR D A5, B
[x(t = (D = 1)A),-,x(1 = A) ,2(t) ]
PP E A A 2 (¢ +p) BIEIBLS D =4,A =
p = 6. KT ARG AUy e [A] ol O B 8] P 3L,
DU - BRI R T AR (17) BB, 153 2 (2).
M x(2) FlER 1000 XA B 5 .
[x(t -18),x(t = 12) ,2(t - 6) ,x() ,x(t + 6) ].
(18)
Hrf e =118 ~ 1117, {ij 500 %48 FF SVM 114,
J&i 500 A %cdE A T DU
Mackey-Glass B[] J3 51 T Y 5 5% &% M iR 2
SrAAnE 3 FE 4 B, BT HEE IR sigmoid
R BT SVM PERB AR IR , Xt {4 sigmoid 4%
PR BRI sigmoid A2 pR 504 1B P B i) F6 57 T30 )
P FEARIERT T DU 2 MR 22 P 4 ) CPU 4
Froia) (HE A iE] ). # O MR iR 2 (RMSE) BT
SVM [F] A AR H0 K B2, 1249 9 CPU $h47 B ] S B
T B AEE A ITREOR. R 1 AR BB X L, Al
B, BAMEREER R T B RN T
BE(296.3% ) ,{HRFHH) CPU BIPATATH 214 3
BRI (£935.3%)

1.4 T T

- 0. 1x(t). (17)

— RS

11020 o IR | N R (Y I T FME

1

x(#)

0.8 H

0.6 |

0.4

200 400 600 800 1000
t/ 3
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Fig. 3 Mackey-Glass time series prediction result
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Fig. 4 Prediction error of chaotic time series

A1 R E 5] TR 6P AR AR AR PR AR

Table 1 ~Characteristic index of chaotic
time series prediction
FR¥E sigmoid MR HELM sigmotd BB
RMSE 0.0160 0.0169
CPU Hi}[&)/s 1.7 1.1

4.2 R LMK ( Denoised image filter)

YEETESCER (10T 4R I T —Fhit - HOR 9 22
P02 PR 2o R B B %, X VAR ST A M M 2 I 4% 2
WRRLAY, 3F B R B R NG M 4%, A8 TREFI
ZMREOR. 3O B R T AT DL i SVM [l 15
B TR S

RELHENRRA L RIKER RS ER, ]
x(i,)) RER R MRREE , Tix, 2,27
B HAHSE 8 MR E SR, A S FiR. &7
BREABEREAA «(,)) FEK8 MEEMNFR
e EALG T «(i,)) RESEMHE, MM RE A >,
J) ROUEDE. 52 B RE R JELR PE WS AT LUE AT SVM 3
TH MARRE x,x, X WAL B HELT
BERMFEAR x(i,7) . SLH R AbRAERY 256 x 256
Cameraman I AE AU 45 EIR , FIRAER 256 x 256
Lenna B {E Al i B 1. {3 F4nE sigmoid 4% R %X
FOBORA sigmoid A% bR B 73 3 X1 3% ) AT T 5,
B 6 A 7 435 phd MR HE4E 0 0. 3 B 256 x 256
i) Lenna F{& LA K 83 SVM [H])9 £ M2 f5 /Y Lenna
BB AT VAR R LRABR IR R
iR 22 (RMSE) £ Al i35 45 , [F it A E 7 CPU 4,
FTINME SRR R AT, & 2 R 3 P kAT
AF S 50 A ST JHE TR AR B A LE

2 HPBE R SR BN sigmoid R % [ul 19 4
BEREEALRNREK(A4.7%),HEFY
CPU $17E A1 A B AR R (29 31.0% ).

.......... [T FU Y

BS 3«3 HBREANRER
Fig. 5_ Pixels belonging to 3 x 3 neighborhood

B 6 256 x256 th M FEHERR % 0.3 ) Lenna B8
Fig. 6 256 x256 Lenna image with impulse. noise

B 7 SVM [EH M 549 Lenna B
Fig. 7 Lenna image denoised by SVM
A2 BEERIERBOMEERAFILK

Table 2 Characteristic index of image filter

RMSE  CPU Bf(d]/s
SYM bRk sigmoid A% 57.1 18.7
Bl sigmoid %X 59.8 12.9
FNN g 4% 10] 69.2 67.0

ML E R A SE 5 o] RUE B, B AL sigmoid
R BRI T — P B A% R B SE BT 8, O
Xt SVM [l 5 AR R A 5T, 3 76 1] 46 2 AR HE A T B
sigmoid A% pR B A 5 A RS T O REAG, (B 2 A R 19
CPU $hf7 it [a) B34 B B R, AAEHFLH SVM
THE R T HAE
5 #5i£(Conclusion)

AR T AR IL Y sigmoid pEBUYE R %
PR BT SVM [l 5 A Y T 3. 38 A X 7R ot B ]
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Fr 3B LA B 5 2 M i e 4% 1 Rl B R SE B 25 2R
F, BCRRIET A A A% oR J7E 15 2% 88 /0N 1 S 0 1 ey AR
TR TR ATE A, 3 BE T A4
FESLEERY T, % H w9 R %L, i RBF A% sk 85 1)
BRIk, X SVM 1134 BB A9 5% iRtk BB R X
KRR NE.
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