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Abstract; We propose a new model called smooth support vector machine with similarity-based feature transforma-
tion and fuzzy C-means (FCM) clustering ( SFT-SSVM-FCM ). When the similarity-based feature transformation technique
is applied , Mercer’ s conditions are no longer required for kernel functions,thus broadening the range of usable kernel func-
tions. We also incorporate the Fuzzy-C means clustering technique to divide a whole dataset into several clusters each of
which is used to perform SSVM with similarity-based feature transformation. The experimental results indicate that the pro-
posed model has better performance compared with the conventional SVM and SSVM model as well as some variants in

terms of classification accuracy and training time.
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(ﬁgjewﬂ&ﬁ@ﬁ%>mﬁﬁﬁﬁgmﬁwg
(w(i>”

b(i)’

w(i)®

)%H Hessian %ﬁﬁszﬁ( b(i)"

ﬁma&ﬁﬁﬁm

52 2 FIMT AR S

W%WEWEE623
;?JQWE$Tﬁ%&%%@@aﬁMV@

(ﬁg)lqu%%Wﬂﬁﬁﬁﬁ%ﬁ¥ﬁgxw
=w (i)"2(x) +b(i) , BNHEAT IR S
553 0 BT
. w(i) w(i)' . .
SRR NEHE Y y
Lﬁm§ﬂ4Mnﬁ4MmeM£@wﬁ%ﬁ
0TI I ' e R AT E 2 (49)
L w (), w (i)'
V°F d =-VF 49
4buw) ﬁh(W) w
%54 Amijo K
1) Armijo SR ZAK A, 2, = max 1,2,

)ﬁmﬁﬁmﬁ%ﬁgm

%E(

%,---} ,@E‘fxﬁ%ae(o,%%
o)~ o) ae= o v e
(50)

555  HRTRBIE T

w (D w (DY w(i)

(b(»“d‘(buw)+“dvﬂ(mw“»

T B 2 5 B P RO, S5 € = 1 +
| REE 2 2

EM a5 A A

50 AT LB x, 3 DM R 4, 367 sk
(37) BB 7 45 1 R . 0 2 2 2 10
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D) b PRZ AR DU A - B30 0 A 26 (L
3.2 EREHSH

XFEA N AFEA B 25K 4R, SVM SSVM
HSSVM il SDWNSVM % — YAl 58 5 9 I 2R Kidis 46
AU, BT 2SR A O(N°). JE TR0 C-
(ELFRARMBLIE AR5 i 5% 8 ) D' T S8y 1) 2 HILASE 2 (SFT-SS-
VM-FCM) F| Ff] FCM $ A e 4 2 I 9 40 52 400 7 Bl
N e AR B D L kI 2R SSVM R RIS B e {1
VT 5 R A A - T AT A LR ST i &
TR R (BB TR LT REAS 5O N/CL AT

2 L AR 4 1 25 7 B 2 g o(cﬁ) T o(cﬂ) «

O(N*) IZHERIAR L F DL F A AL LA 2R 0 25
2. th T 247 F ) SSVM B a] L5 )I
G5 TR HA B ) I R ] DR AR 3 A DR A
FEA R

4 ZWHMELK

AR S A3 AE N T RbR AR 4 1 X 2 H 1 i A 7
AT B0 E. B2 P R H Matlab 2010a 4 i , 55 35 78 P A7
4G,CPU %y i53270 {31211 47
4.1 EHELMaERETHREESNTH

MIEZS 20 o N T 77 A 300 A4S FF o043 K 95K
Pt AR R + 1 A - 1 5 A 45

S TR A, RN B 1 S 0 A ) AT R
BMC=1, RAGMBWERE E(x,y) = exp
(- |x-y|I*/o”) BEHERER S 6 =0. 1. X T AR FH%
PR ZA A RIS EA G 7 A8 B s &y ok
FEOREL EEXTANRI AR, 3R 1 RN T BT T i
D RERE A G A8 £, FF SVM [SSVM (HSSVM
SRPRRAE TR Eb. B R FORS BE 4 AR 2 A ¢ S KU
S F YNSRI T RN Z50KS . F RS ¢ = 1 FRRAED
Yk SSVM AU Z i I A i FCM AR HE.

*1 FREEHHEER

Algorithm Accuracies Time

SVM 94.76% 6.51s

SSVM 94.53% 3.18s

HSSVM 93.91% 7.23s

c=1 94.72% 3.15s

c=2 94. 96% 2.33s

SFT-SSVM-FCM

c=5 95.69% 1. 17s

c=8 94.12% 0.57s

M T R b AT AT LA 2 I T 46 1.
(1) AR SCHREH 3 58 SFT-SSVM-FCM (1 43 K 13
#E T 94% I HASKE 750 i AR A 4 A 5 2 1k

(2) SFT-SSVM-FCM A5 5 28 (19 VIl Zr i 18] ( BE# ¢
(ELRHE R TTIB /)N ), ELAS Bt 8 i ) e 2 i 24 A A
ARAL. SX AW, il - 3 B A SR i 5 10 Ak ) EE A 2
SVM AR Hh SR fige Xof {7 502 T o e 26

Seu el A rp, JAT L AT LU TR0 (23) 7 (1, 10)
TN F R AL o {6, A RN e =5, WlhF &3k 1
Hh e e UK EE T X I 1) e L PR, ) 20 R R A
Rk R A (23) A Ji5 S5 5 56 v B o o % dee A0 1) 1 7
4.2 HiEMRERARSEERNEEZL

FRATEE T 1 = v 45 A % 04 21 , 040 4 1)
PEUNEE 2 P,

R2 J[IHESENFE

Data Training Testing Class Attributes
Tonosphere 210 141 2 34
Breast Cancer 420 279 2 9
Pima Indians 460 308 2 8

XTI B BE A ARSI 28 C =10 3R T
Hrim Ak 5 (o =0.5) FXSFRIG S-TEAZ s (p, =2,
p, =0.8). SEEPEAT T 10 IREEVLAIAE. th TH 2402k
A I L ] FNAE T B B G 0 6 A0 P
A6 B I R] B kS e mT LA 220, Fir DA I 5 ek 1] 40 0
U [A]TLP- A B 45 A 000 ) 722 1k i 722 Ak, 0 0KS 2 s
N BERNZACRE ). 46 3 W TAEVIZRAE A A4 I
HSF-35 43 2585 BE. “ Ker” S “ kernel function” 1) 45 5 ,
“Gau” f{;3 “ Gaussian kernel” , “Sig” f{ 3 “ sigmoid ker-
nel”.

R3 FRGEMMHTEFE

Averaged Accuracy

Data Ker Weighting | Absorbing | Absorbing | Absorbing
Rule Rule 1 Rule 2 Rule 3

Gau | 90.87% | 78.61% | 84.09% 91.77%

Tonosp-here

Sig | 89.93% | 77.53% | 85.41% 90. 09%

Breast | Gau | 95.14% | 85.93% | 93.20% | 96.33%

Cancer Sig | 93.27% | 81.25% | 92.84% 95. 18%

Gau | 77.08% | 66.16% | 74.77% 77.65%

Pima Indians

Sig | 77.13% | 62.87% | 75.49% 77.30%

AR 5 FHR SRR 3 ( Absorbing Rule 3) AT f &
()3 M, A 255 KLU 1) 73 2R kG 3 S IL — 2. {H
ST BT 73 20N B S JROR Ry T WS R U 1,2 %68 7 1)
FEREEE. R S50 [ FEE T At i % R B BAR )
M e A5 .
4.3 HiEMaHEzEESHENTK

Breast Cancer %4 § 4 1 458 1~ “ benign” ££ 7% Fll
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241 /> malignant” FEA AL, B — DHEAHA 9 R
PEAE. X FARM R, 8 C =1 MR E S
T, % SFT-SSVM-FCM #5143 2585 JE 5 SVM ,SSVM
A1 HSSVM #E R pE4T FL AL ML L 50 % 19 5 48 4
N GREE SR, A A 15 S R 4. 36 4 O T 3%
T 10 WEEHLARE B9 A 7] S5 AE A A 98 BE S 80T 1Y
IrRAE L.
F4 TREREESRENSERBE

Accuracy
Kernel SFT-SSVM-FCM
width | SVM | SSVM | HSSVM | Weighting | Absorbing
rule rule 3

o =0.01 |66.76% |63.59% |60.37% 91.42% 93.26%
0=0.2 |89.93% |86.33% (84.29% 92.17% 93.75%
o=0.5 193.22% |93.20% [93. 09% 95.08% 96. 33 %
o=0.8 |91.08% |91.71% [90. 30% 95.29% 96. 37 %
o=1 89.81% [91.06% |85.73% 93.69% 93.96%

FFR A IRATAT LIS H LT 458,

(1) SFT-SSVM-FCM LA 15 75 1 40 kS B

(2) SFT-SSVM-FCM H5 7 ity B %A% 9 Ji S 8B AN
HURK, T SVM SVM il HSSVM % 1 (14 4 B X TR [l 114
158 BE Sl 2 AR O I B AR 4k

Mo =0.01 Flo=0.5HF, R LML A M0,
SFT-SSVM-FCM # %I [y 43 245 B 45 9] ol 91. 42% Al
95.08% 5 4 >R FH W Wi KON 3 B, 43 2O B 43 i ok
93.26% Fil 96.33% . ¥ % 55 FEAE M 0.5 HEhn %] 1 w1,
SFT-SSVM-FCM [f) 432K BE Se 3 i g vl /) | (E 2 AR 63
Bl A#ET 1. 6%.

M5 =0.01,0=0.5Fl o =1 B,SVM [y 432K
43K 66.76% .93.22% F1 89. 81%. 4 1% F& B {E M
0.01 3% jin £ 0.5 i}, SVM A & (1% 43 2K B 34 m 1
26. 46% ; 4K%FERE(EL AN 0. 5 BANF 1 i, 40 20Ks BE B4
T 3.41%. HULRTLAE X SVM RERL, 43 20K B Bl
2% i B ) AR A0 2 LA B S 1.

XfF SSVM Fl HSSVM A BY i 55, 25 SRS 5 BL ). e
AITE UL, FE—E Y PN, 43 J0KG BE R 58 B S U K
ANEBCE LU, A% 56 B (R RS R B 3 55 e (B, 73 JkG
JE 4 B N

T SN B AL FRATT T AR Y (&
PGAEAR AR LoalE— 25 I IR S [ S50 1 1 R B A% 5 B 28K
H 75k,

EUE B RS H1 1300 A1l ZhAe A F1 1010 AN 3 4
AR, B —AFEAC T 18 SRR 4E BE AR, 28T S8 C

=1, R TR R AN [R5 1) 0 R HE 1 B A 9 S5
SRAANFH LRSI 2 s

100

95+

o O
W S
T T

—— SVM
SSVM

3 ~3
(=) w
T

Averaged Accuracies/%
o0
(=]

—<— HSSVM
""" SFT-SSVM-FCM Weighting rule
€~ SFT-SSVM-FCM Absorbing rule 3

(=N N
(=} w
T

Il Il
0 0.5 1 1.5
Kernel Width

K2 SRR 50 S A R I

AR, SFT-SSVM-FCM HAT fgoit 14 8 1 14 1 8 8 14
IrRRERE. I H G BATE IR 3 (Absorbing rule
3) I ReF JOE PR J3E 2 B .

4.4 HEREHEERLHRT

FAVEFHTEPIAS T SRS Bt 2 L il ZREs SRk
HE—2 iR SFT-SSVM-FCM S AH L T HAB S 125 1 {10 ik
Ph. 265 g T AT RR IR AR BRI X R 2300
AR , S — 2RI 25, At Sy 7 25,

RS BAREIESEE

Data Training Testing Class Attributes
Banana 400 4900 2 2
Waveform 400 4600 2 20
Iris 50 100 3 4

FAITHs SFT-SSVM-FCM AR ' HE AT SVM (HSSVM |
SHSSVM #E B ML REAE 1 AH G I H R, 3k 6 iz, AH oG
ISR EMTF:C=1,6=0.5,p=0.1. “CS” & com-
pact support kernel function” By 45 E. “RBF” & T
“Gaussian radial basis kernel function”. 5 & 5 19 2 I 2k
BAHH B AN O A 0 ST SRS B AR I s R 3R
7 BT A T JE A

MR 6 HFRATAT AR RN A58

(1)SFT-SSVM-FCM #5270 HA7 e /=1 19 43 250KG 2. LA
Waveform 454 A 1] : 24 2R FH XS FR HL 2 0E 5E 1 5 A%
PRECIT, SFT-SSVM-FCM ) 73 8K JiE [ SSVM  HSSVM
1 SHSSVM ) 43 2848 B 40 3l & | 3.42% 2. 76% Fil
3. 18% 5 24 2R IR FRAEAS 2 2 1E 58 1 5 28 SCHF A R B
( compact support kernel ) fiif, SFT-SSVM-FCM (7] 4} 25 K5
JE L HSSVM FiIl SHSSVM (14 73 245 B2 73 5] & th 2% F0I
3.6%. tHIGTERT SR ] FOCM B A B A 25 808 46 47
BEREHR BB — D TR o A R S E— i
Al LUIRTG R ATz L fE
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x6 TREEESIMBIESE LR
Data Algorithm Ker | Accuracies | Time | Iteration
RBF | 89.67% | 2.59s 3.1
SSVM
CS \ \ \
RBF | 88.82% |14.66s \
HSSVM
CS 90.71% |16.18s \
Banana
RBF | 89.81% | 2.93s 3.2
SHSSVM
CS 90.92% | 3.01s 3.1
RBF | 92.18% | 1.21s 1.9
SFT-SSVM-FCM
CS 93.33% | 1. 16s 2.0
RBF | 89.93% |22.36s 5.1
SSVM
CS \ \ \
RBF | 90.59% |63.71s \
HSSVM
CS 92.01% |74.53s \
Wave-form
RBF | 90.17% |21.24s 5.3
SHSSVM
CS 90.41% |21.97s 4.9
RBF | 93.35% |10.03s 3.8
SFT-SSVM-FCM
CS 94.01% | 8.96s 4.0
RBF | 96.67% | 0.46s 2.9
SSVM
CS \ \ \
RBF | 95.47% | 2.62s \
HSSVM
CS 95.55% | 2.67s \
Iris
RBF | 96.81% | 0.46s 3.2
SHSSVM
CS 97.13% | 0. 46s 2.9
RBF | 99.73% | 0.21s 1.1
SFT-SSVM-FCM
CS 99.96% | 0.17s 1.3

(2) YR FG AR sl 2F 1E 2 1 4% eR SR, SFT-SS-
VM-FCM B A IR RIS 18] 75 Waveform %454 |,
MR IR 19 RBE” 2% pR LT, SFT-SSVM-FCM (17 1)l]
SR} ]S HSSVM A7 [ Y1 2R sf (8] (1) 15. 74% . [R) B, 1%
BRI ZR I (] 73 5] S SSVM il SHSSVM 46 Y I 25
B[] ) 44. 86 % F1 47. 22% . X R B E 1 i FCM 2R
P RS 22 R 5 1 U1 R 800 B o3 1y T R O
B S RE M R I 2R 52 AR

(3) SFT-SSVM-FCM HA e /b (1) R A Ee AL i %A
UCHL. 7E SFT-SSVM-FCM BRI rp e e $51 1F 8 4% Rk
I P 22 AU SR B 46 %58 BRI 24 1E A 1 % 1R BN 19 3264
B AR Y. SSVM A5 I SHSSVM A5 7 e g 126 48 4
BOUT- 2 AH R ) B K22 R L 0. 3. 76 Iris B4l 46
b AEEEFH“RBE” 1% CS” 4% b BB}, SFT-SSVM-FCM [
AR BB R 1.1 F0 1. 3. SHSSVM A6 71 (14 2 1% 24 %
Ay 51k 3.2 F12.9. T XFF“ RBE” 4% B B0k U, SSVM 4

IR ACEECy 2. 9.

(4) LbE“RBF” 2% ek &, 2 26 FH “ CS” % ok B i,
SFT-SSVM-FCM 5 7 (14) 43 2OKg 1 58 /=7 , Il 25 Bsf ] B8 4,
(R EACSEONT T PRI AZ R Bk Ul & 22 A 2 9. B4k
Lo — T e CS” A% R BRI BE F “ RBEF” 4% pR 50RT % iz
1) SFT-SSVM-FCM 71 (% 43 K . 4K, T3 LU I
WG =5 — 26, DL Banana 454 91 - BE ¢ CS” A% bR 2K
AR TRY ) 23 K B2 LU FH RBE” A% pR B 114 43 20K 1
B 1 15% . 568 T I 2k B 18] ) 1 B8 23 B F1 A3 268 BE 11
STl
4.5 AHBRBEE LHELERE

MR ¢ X3 RBCARBRE(23) K.
TE S L5250 P FRATR R W ISR 3, X R i 45 45 B )
TEFTASE T R B RE R 4. [A) I, 2 T ok py segip 2
J2 FH R A ) A% eR L. o rp SR S HORAZ 58 B S8
B H1 10-37 38 e . BAR ARG & LI =A%,

(1) B S B .

(2) I3 5 s M . A A YN R 4 4 B 10 45
Py, BEBEIL R U AR S I 25 B0 80 4 4 3 ) e 4 I TR O
PRES, BT A — 1 A Sy 6 E B i A FH R I 3K el 1 25
G BN B LR BRIz AL RE

(3) BTN SEL. NGNGB HE SN TE 9 I 25
£ LR R0RG B, DN ORg B 1 E SCOh TE 39 TR s 4R 1
(- 5N B ADoK 36 TE B0 4R b o R 4 OKG BE X
ISBUENE R i RS EA.

R M6 € S SN T B4 7= v o |
ZREER R /NN 200 A% 4 F] 2000. 1E 25 4 A 9 B E A
0.4,75254 0. 6. % SFT-SSVM-FCM 4 %1 F1 SVM ,SSVM
DL )¢ HSSVM HEAUAE LA, FE5T S8 (E A 10.01,0. 1,
0.3,0.5,0. 8,1} A ks Z I SEME M {0. 01,
0.1,0.3,0.5,0. 8,1} frpk#f b Fix Lo v i S8 E
HR AT LU A543 2K B R T 95% , I LAFRATT Z W% 0 25 kG
JE Bl A% TE S EE AR A XTI ZR B 8] 1 5, A W] 1)
BRI AL ST EE S EUE T 22 780K K3 R T
ANFVEL YN SR ). 8 4K, SFT-SSVM-FCM 5 7 HL A7
S I ZR I [E], I HL X —p0 95 BE & U1 25 50805 48 FL B
SOy NITTE T

BEIXEIL0,1] x [0,1] 4314 10000 4> g1, 2E AR
FEASBRAE VR A0 A S0 ) S 0 A 4. A% T
Z¥oe0.1,0.3,0.8,1,3,5} ,FESI S50 ¢ ) 10.01,
0.5,0.8,1,5,10} ikt FRATMIX 10000 4~ 5 € £
FEAS 25 AR VY A R 33 33 1) 1] 25 55 i 4, T o A A
Sk 4E. ¥ SFT-SSVM-FCM #5 %I F1 SSVM . HSSVM |
SHSSVM #I SDWNSVM A AE b, A ¢ 1) 374 M RE 1)
T2 7. 525053 0 43 SN B, I 25 B 1) F 22 4R B Ek
VAL A TR RE.
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100 SSVM

g0l —e— SFT-SSVM-FCM

Training Time/s

0 - Il Il Il Il Il
200 400 600 800 10001200 1400 1600 1800 2000
Training Size

PE3 ORIRISE T A IR T BE N ZRAE I/ M AR £
R7T FREHEETEAHEE LRI

Size Algorithm Accuracy Time Iteration

SSVM 98. 13% 4. 56s 2.2

HSSVM 96. 42% 10. 37s /

1000 SHSSVM 97.82% 5.21s 2.1
SDWNSVM 99.45% 4.10s 2.0
SFT-SSVM-FCM 99. 98% 2. 16s 1.0
SSVM 98.46% 11.97s 3.8

HSSVM 99. 18% 36. 25s /

2000 SHSSVM 98. 99% 12. 03s 4.1
SDWNSVM 99.53% 9.67s 3.8
SFT-SSVM-FCM 100% 4.69s 1.6

SSVM 98.97% 25.21s 5

HSSVM 97.91% 92. 565 /
3000 SHSSVM 99.07% 18.39s 5.3
SDWNSVM 99.53% 23.35s 5.1
SFT-SSVM-FCM 100% 10. 88s 2.0

SSVM 99.97% 86. 54s 8

HSSVM 99. 18% 374.39s /
5000 SHSSVM 99.07% 83.11s 8.6
SDWNSVM 99. 69% 78.27s 8.3
SFT-SSVM-FCM 99.97% 22.12s 3.3

AR, SFT-SSVM-FCM B £ i 11 43 05 B, S
PRI st Ti) R g 20 B9 3k AR Bk 0 LR 7 R A B i
4£ b, SFT-SSVM-FCM Jsf 20 Il 5 ik [7] f) 415 34 58 i 0 .
M| R RN 1000 B, SFT-SSVM-FCM iy il 24 it
H] J& SSVM [1 47. 37% , & HSSVM [ 20. 81% , & SHSS-
VM (] 41.45% , /& SDWNSVM (1 52. 68% . 24 ll 25 4 1
/A 5000 Bif, SFT-SSVM-FCM F3)11 25 B} [a] 52 SSVM #)
25.56% , 5= HSSVM 11 5.9% , J& SHSSVM [f) 26. 62% ,
J& SDWNSVM [ 28.26% .

5 #ig

ARSCVEIR T TS C- 3505 1 A 0L R i 2 46
WS AL (SFT-SSVM-FCM) #5284 ¢y Tl 2R 2
TERFAEZS [B) H gk A 71, R G SFT-SSVM-FCM 41 98 T 4% bR
B B . 7RG SR SVM R |- fiff 5P 19 45 A i
15— S0 B T Y AR AL 57 ( Newton-Armijo ) 75 DA
FH. IF ELA R AR C-35) {8 8 B AR K 28 S DI 2 BB 4
K53 Bt T 778 AE B T _E IR ATV 25 SSVM A5
PR REAR T VI it ). 5258 45 S B UE B T SFT-SSVM-
FCM #5570 Ly Bl AT (35 T SVM R0 FISE T SSVM 4
RUTE S NG BE , YN 25 8] Jy T LA 56 4 1) 2 . 03K By
SR PR 245 A A0 0 s, 35 R MACRHL ) SFe T ) 3] 5 43 )
bRl SFT-SSVM-FCM A7 PR H: 1 BB AS A% T 4 2 4K
{ELAY AN ) T 2 2 B A A8 Ak, B DA EL AT ik A 5 s .+
TR R B AR 220 I 2R 46, O i BT 10 45 A FL ) A
B FH Wm0 I R A T SRR B R R AT — 2
WF5E H A,
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