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Abstract: In classification, feature selection has been an important, but difficult problem. Recent research results disclosed that feature
selection using forest optimization algorithm (FSFOA) has a better classification performance and good dimensionality reduction ability.
However, the randomness of initialization phase, the limitations of updating mechanism and the inferior quality of the new tree in the
local seeding stage severely limit the classification performance and dimensionality reduction ability of the algorithm. In this paper, a new
initialization strategy and updating mechanism are used and a greedy strategy is added in the local seeding stage to form a new feature
selection algorithm (IFSFOA) in order to maximize the classification performance and simultaneously minimize the number of features.
In experiment, IFSFOA uses SVM, J48 and KNN classifiers to guide the learning process while utilizing the machine learning database

UCI for testing. The results show that compared with FSFOA, IFSFOA has a significant improvement in classification performance and

« JEETH: EKAREERE4(61170314, 61272208); FHFAE AR 4:(20140101200JC)
Foundation item: National Natural Science Foundation of China (61170314, 61272208); Jilin Province Natural Science Foundation
(20140101200JC)
AR 30 AL 2% 3] L U ) G R T B B B RIT A AR
AR ) 2017-04-24; MBS ] 2017-07-10; K H IS [A]: 2017-09-26; jos 7E£K t FIN [: 2017-11-13
CNKI M 284056 i fi: 2017-11-13 14:13:21, http://kns.cnki.net/kcms/detail/11.2560.TP.20171113.1413.002.html



2548 Journal of Software &/ 4% Vol.29, No.9, September 2018

dimensionality reduction. Comparing IFSFOA algorithm with more efficient feature selection methods proposed in recent years, IFSFOA
is still very competitive in both accuracy and dimensionality reduction.

Key words: IFSFOA,; initialization; updating mechanism; greedy strategy; feature selection
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B 2% R iR s A0 (W REAIE 88, T 2 JR) 3 O 2 St gt 7 A JR) 0 <3 DG I ity _L-, DA itk FSFOA S0 7E 4 4R
UL A BEALUNT ARG AT BE A 2% s DL I RFAE T 48
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Gt SR RS RIS, 5 i 0 1 ol BB o N S A S s U R P A T (D AN B AR S0 4 S i 1 T B 3
— AN B TN RFAE 4R A BUA J7 I, A SOR 0t JE 1) FSFOA 92 4 IFSFOA (improved feature selection using
forest optimization algorithm).7E 11 4 UCT 44 - HEAT 5% b 5286, 52 56 45 SR W1 A0 4 T FSFOA Rl JLAF4R
(1) B A v 2550 R R AR 2 B 5507 IFSFOA. B335 B A B 4 1) 43 SRS P i S 4 B A sk e 07 . 20 T LR i U IR R IE 38
FEEMRE 1 4.

Table 1 Information of the methods for comparisons

F 1 AEEEMTENE R

kA PSS IE Hiik /R R
FSFOA 70-30,10-fold,2-fold HF BRI EEE 2016
UFSACO 70-30 T ACO LM B FEY2014
FS-NEIR 10-fold AR 2 A B 2013
PSO(4-2) 10-fold TR TR AL SRR 2013
NSM 10-fold AR Y2010
SVM-FuzCoc 70-30 BT EmENY2010
SFS,SBS,SFFS 70-30 seAE eI 5102010

HGAFS 2-fold TR AL 2007
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AETE B Le i v S0 4 AH B T 7R L B I PR op 75 B2 22 o 2 2 ) 25, DRt B B = URR A e 35 W o 5 R 0 3 L
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Guyon & H P Z ST ] RFE S92 G REAE HE P o A o £ B2 U0 Ak S HE 7 4 26 0 R HE PP B 48 SVML )
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2 FSFOA ®i%

FRMRAAL 5T (forest optimization algorithm, fii #% FOA)?7 & Ghaemi T 2014 £E 4 H () —Ff 45 24 St AL 5955,
FH T A w2 B bR AE 2 M 3% 2248 2% 2 W) ] L. FSFO A B33 & 4 FOA 5037 F 70 20 I 2 = F) 1y i 780 L, RITARR A i
IR T ANEE TR AR

1E FSFOA By MM AR 2 1) ) — /> AT BEAR, B — AR IE 48 B Hh IR REAN < 1738 75 A DY [ 45 1 % 36 %
Z: 5188 2% S R R AN <07 R IR TE 2% ) 1L FR A B AR AE B HEBR FSFOA Bk 5 M e Rk R
R, EEARIE SR 4 R HEFl (global seeding). B Hr i 4 (update the best tree). 1% 5512 AW i A AR AR Ay il 4R
RO JRRRERN . TR X, A RN 3 A EZER IR AR T AR AR, A 1 FSFOA B 10 2 kA%, A
M43 B i R AF 742 AR RE Wl 1 .
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Fig.1 Flowchart of FSFOA
1 FSFOA il
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AR B RN K0, AR A R X SR PR A BN O 5k 1, I 2 AR 20 Jmy Bl 4 b i B 2 O ) Age B 0, LR IH
PR Age TN T REBT S I0 2 AR bR rr S5y 3 4 ol ) LA RE T B 2 i FSFOA S0 BEAul Jmy &5 48 b 147 i 2, 4 LD

THEVER R R TR 1 R B FSFOA B0 I 2R 75 REOH A IR 25 185 100, T 2 4 0 A6 (03 0 o 1)
T AR I FE AR A AR AR R A 2 ()45 TR 3 KA R A
Forest

[Agerfo [1 1 Jo 1]

v v

[Aed [0 [T [T [0 [1 ] [2gen o To [1 Jo [1]

L5C=2

[ageoTo T3 [3 1 [1]

|Ageo o Jo |1 Jo I |
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Fig.2 An example of local seeding operation on one tree with LSC=2
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FHRS B TEUN A 326 28R AR G SR T AP o 380 b 1) 3R {79 1 DX L BB area N, DR 4 Y £ 385 12 88 A (93 6 E
B3 /AN B R IR Bk 2 4% (KB, DK 3K L8 53 15010 0280 % B AR AR .

TE4 JRy 3R R B B AR I8 US4 transfer rate B M6 X 7 BEALIE TR (TR 114 J 3 Rl Br),

{RLC B B o I s B — R A, T A A — Y R e s — ARG F R 7 301 P 3 97 0% FSFOA STIRASA 42
TR Ry SR A A R R 7 v, — 5 R R DRSS T T 4 e B A5 A R 1 B .
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Fig.3 An example of global seeding operation on one tree with GSC=3
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] 0, AT SR FH — ol PR 40 463 A SR s, R0 P T 1 e 38 R0 i 1) 32 36 P 000 e, 407 30 S e 0, T8 BOX 1) 32 455 119 S s
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AN 4 2 448 9 140 3 JEE 300 R0 B AT U S50 B AR AELJ2: 4 SR 9T (R0 B ) s 1 30 2 ) /> B (V)RR iF ,FSFOA. LY AE -
PRI AR AR T R AT R H AT T LF A R PERE . RRIE R IR 2 AR AIE 5 8 WG 75 T (R AT G A0 SR v R0 90 R 40 4
AT T 20> S8 P 5 A CRSEFEL T 1) 36 936 ) 1T 4R A8 T 0 268 4o A T 462 22 (R0 R A0E (RS0 5 1 3k 486 ). 0 3o SR & WD 2R 4 5 1)
ARMOH T 5 J) 0 3 P B 4 R ol (9 A8 T B R s fL R4 AT T 4
3.2 EHHF

FERFAE 3 e SEIR BRI EL AT WAL 10 JR IR S 7 FSFOA STk v 8 ) 1473 2k -5 TF R A 1)1
ORI 50 S/, BT R 2 S 7 AR T 0 MR £ 98 140 SEHT LA, 7080 AN 4 0, Ry e AT EL A AR ) 1) 29 2
PEfE.

9T KA R, FA TR PR () SE BT A A ) SO LA, 2 K B 473 SR 2 di o I AR ATt K 44
JEE 45T 1) 8 2 N 2% 1 P L SRR SRS 0 < 20, RO AR 149 73 A e b I B 2 R e, 2 20 5 1 R, S
AR SR TFURRE L 0, R 1) 53 S8 Ak 8 R TR 28R — o L e 20 3 2 A 24 32 S/, 560, SBCARCTF AR 75
AT R
3.3 REREKER

W51 R, K B FSFOA SEEAE R R4 M Bt 1 22 1R 25 OBV 00 380 4 bk v 18 0 480 2R S 5 i) 3 28
Ph g, FRATTE IFSFOA SIJ A Ja 3 7Rt I B R AR J3E 48 S8 i U0, BTk A AR W, St L AR 5008 55 1 v
INERAR b, 7555 OB SX AR AT RALE DR B2 Sk PRI A 1) il b 77 A 50 757 10 3 AL g 36 4 DRI AR J5E B 2 S s
FERE BN R R LT IFSFOA B rp ATV 4 SR 6 P B A FH 110 5 B 4% 206 R AR L5 Ay R A 3 R AR
MIZRA T Age oA O B S [RIf 78 AH 5038 T i I E 4 SR B i B 6 100 80 O R B X AE A4 ) — R
0-Age BB T LA 4%l SCRT LLA R b, — e FE R b e T DRI 2 A SR et Aty Sk 11 5 B N 0 e (0 A ) A

e JEE TR A M ARG R S S — AR Age 24 0 BOAAE A I I %Y, JH R FSFOA — 1) 77 3200 I IR 0 6 — A%
AN SR A T A TR RS B I I RS BTG, T < K 35 AR S 00 81 AR b v, o 35T RS 0 Ay T R 1 I8 75 T U T B I
PR A AR S DL E AR, B 28 AR A LSC BB A 1 50325 1 45 T IFSFOA S0k i) Dh ARSI ML bR H T ik
[ 77 .

&% 1. IFSFOA (life time, LSC, GSC, transfer rate, area limit).

Input: life time, LSC, GSC, transfer rate, area limit;

Output: The best feature set with the highest fitness.

1*: Procedure IFSFOA

2*: Initialize forest with simulating FS, BS methods

3%: Forest«—simForward(iniFo,fn,vn)
4%*; Foreste—simBackward(iniFo,bn,vn)
5*: Each tree in forest is a (D+1)-dimensional vector

X (D is the number of all features)
6%*: The “Age” of each tree is initially zero
While stop condition is not satisfied do
1: Perform local seeding on trees with age 0
2 tte—copy(t)
3: For i=1:“LSC” do
4 t'«reverseLocal(tt,Attri[i])
5 if compOpt(t',tt) is true
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6 Forest«t’

7: ttet’

8 else Forest«tt, tt is still used as a temporary tree.

9 End for

10: increase the Age of all trees by 1

11: population limiting

12: Global seeding

13: Choose “transfer rate” percent of the candidate population

14: For each selected tree do

15: Choose “GSC” variables of the selected tree randomly

change from 0 to 1 vice versa

16: End for

17: Update the best so far tree

18:  Sort trees according to their fitness value and
dimensionality reduction

19:  optima<—m[0]

20:  Fori=1:len(m)

21: if classifiers(m[i],flag)>classifiers(optima,flag)

22: optima<—m([i]

23: else if classifiers(m[i],flag)=classifiers(optima,flag)
and |m[i]|<|optimal|

24: optima<«m[i]

25: else No update

26: End For

27: Set the Age of the best tree to 0

End while

7*:  End procedure

Return the best tree which shows the best selected feature subset

LEHIEEAL K B simForward(iniFo,fn,vn)/simBackward(iniFo,bn,vn) & 45 ¥4 7R % 20, 77 A 45300 117 1) 6 £/ ) 1) 2k
PRI (RRRAE T 42 3L b fn/bn AT 1) L 45/ 15 1) B 436 I AR (R AN B0 TR A% L3 4.2 I s 36 2 80 B v R
P e 1 I A B AE A5 =K 2 simBackward H ) vn AR LR A T 172 FEAEBOMRRIE S 50 17 ) BE AL 4L

A SR T Y B copy (t) B8 50T R B2 Age A O IR T Bt I 4 s reverseLocal (tt, Attri[i) % 4% S B J=j s 4 il
Lt S i IR ARt SNBSS e S S I SR P Y 22 5| B compOpt(t t) b e A 5 1 3 A, A ST A5G
W BRI T A

TEFEBBY B, m & AN E SR IR AR ER b 7 ZEEAT FAR MR, A S B 288 area limittransfer rate ¥
optima 42 I I 25 ) F S0 57 24 BTG B 0 1) 550 D0 AR (1) I 2% 8 wh Al 2% R 40 2 45 06k % ). classifiers(m[i]. flag) ¢ 7 4t
FHANIF () 53 2 4 v 55 [ AR08 S A Flag s dc L AR TR 20 28 25 mi ]| 2 - b b 1 (R AN 4L

TR ] B o3k J5 1f) IFSFOA Hik5 FSFOA S0 B AT AH R 1) I ) 52 4% B AEL7E I B) FF 8 b 25 w1
FSFOA, & H ¥ IR T 32 5 Y T Jm) 350 4% ol B B 1K) 5 28 S5 s 60 503 HL o v AR A0 1 48 4 B2 1 LB A 7 i) b, B
FSFOA #H LU, IFSFOA 575 T2 i B P AF F TR 3 48 b B9y BB T ARF (180 1 i, (L3 I IR 442 v =% ) 58 = B 47
TEAHEZ T A
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4 FKWERSH

7ESZu A8 A T L2822 2] 1T 2 AY scikit-learn g8 215 5 4 python. JIT 5 S2 5397 DELL Al L $h4T,
ZAL2S P E & Intel Core i5 CPU(3.20GHz),8G N 1%.
41 HiE&E

FATIAE 11 A H 4 88 o6 IFSFOA Sk (M e 7 LA, IR 75 T 6 A/ 4 44 22 (Glass, Wine,Heart,Cleveland,
Vehicle,Segmentation). 2 4> 4 ¥4} £ (Dermatology,lonosphere) Al 3 4 i 4k $ i 42 (Sonar,SRBCT,Arcene). AR i
SCHR[30], 7547 E 45 il ey, i BB 4 o (R4 1E 2808 42 [0, 19]1,[20,491,[ 50,001, 824 %o I8 250408 42 1) HASE 43 1) A2 /)N
e se . PR S R R AR O TR AR RS B AR 2 44 .

Table 2  Specific information of the selected datasets

=2 HnEEA(E 2

Dataset #Feature #Instance class
Heart-statlog 13 270 2
Vehicle 18 846 4
Cleveland 13 303 5
Dermatology 34 366 6
Tonosphere 34 351 2
Sonar 60 208 2
Glass 9 214 7
Wine 13 178 3
Segmentation 19 2310 7
SRBCT 2308 63 4
Arcene 10 000 900 2

R0 b B, BAT T A EA SR BRI R 70%4E M I ZRAE 30% A5 A MNRAR . 10-4748 IR IF . 2-47 2
X UEIX 3 Fhog 200K 5 10 9 JEUE A R CA(classification accuracy) Al 4 & 45y fiE ) DR(dimensionality
reduction)F 5 IFSFOA %i5k M % Eb S35 (0 DA vEE U
o R ZRUERRE I H AR LA (1):
CA=N_CC/N_AS (1)
H:# N_CC(number of correct classification) & IE #7251 SZ 6%, N_AS(number of all samples) & %4
RS R HL
o YEREAIEE I E XA K (2):
DR=1-(N_SF/N_AF) )
HA1 N _SF(number of selected features) e #i% FE M4FEZ,N_ AF(number of all features) e Z4 42 (145
[1¥s%8
42 FWBEIKE
S ARAE S5 (1) 23 V-1 IFSFOA HIL IS4 B FSFOA k5 &M [ IFSFOA X 25 f 1% B W R A%
o “life time”,“area limit”,“transfer rate” [f] HU{E AN & #6120 9% 45 19 K /N, & 9 & 4, life time™=15,“area
limit”=50,“transfer rate”=5%. fHF LSC Fl GSC FJ I AE 8 48 T4k A B8 0 ¥ 4E 25, DR e X 26 2 50 (i i 3R 3 433
25 .
R SCHR[27] 1) S8, FAT ¥ LSC B YA AN B SR RFAE AE 00 1/5. A AL I R AR b 2/3 (AR A5 10%
(R 28, He Al 1/3 A K ANMRAAE (K 2T 172 R AR SRR AT e £ 18] TR B L.
43 TWERI Lo
PATE IFSFOA 5% 5 HAW S MR E B B FE ST LU W LU FE TR R 1 45 3R 4 045 T iR
G R IF AR AR W T AN () 23 SIS 25 0 T P 2 30083 £ 1) 70 218 VA 23 R 4 2 4 ok 2.
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Table 3  Value of LSC and GSC parameters
F 3 AHYE4E LSC,GSC M
Dataset #Feature LSC GSC
Heart-statlog 13 3 6
Vehicle 18 4 9
Cleveland 13 3 6
Dermatology 34 7 15
Tonosphere 34 7 15
Sonar 60 12 30
Glass 9 2 4
Wine 13 3 6
Segmentation 19 4 9
SRBCT 2308 460 700
Arcene 10 000 2000 4100
Table 4 Classification accuracy and dimension reduction of IFSFOA and compared methods
& 4 IFSFOA S HONS SR 1) 43 SR v fffy 5 R0 4 38 44 ook
lonosphere Accuracy (%) DR (%) | Classifier Wine Accuracy (%) DR (%) | Classifier
IFSFOA 98.86(10-fold) 87.65 5-NN IFSFOA 98.07(70%~30%) 46.15 5-NN
FSFOA 89.43(10-fold) 54.28 5-NN FSFOA 99.2(70%~30%) 30.76 5-NN
PSO(4-2) 87.27(70%~30%) | 90.41 5-NN PSO(4-2) 95.26(10-fold) 51.6 5-NN
IFSFOA 99.42(10-fold) 87.35 3-NN IFSFOA 99.99(10-fold) 79.23 3-NN
FSFOA 92.3(10-fold) 61.76 3-NN FSFOA 98.87(10-fold) 42.58 3-NN
NSM 92(10-fold) 88.23 3-NN NSM 98(10-fold) 53.84 3-NN
IFSFOA 96.85(70%~30%) 79.11 1-NN IFSFOA 96.15(70%~30%) 69.23 1-NN
FSFOA 89.52(70%~30%) 54.28 1-NN FSFOA 98.07(70%~30%) 50 I-NN
SVM-FuzCoc 89.46(70%~30%) 88.23 1-NN SVM-FuzCoc | 97.12(70%~30%) 53.84 I-NN
SFS 87.75(50%~50%) 65.88 1-NN SFS 97.69(70%~30%) 35.38 I-NN
SBS 84.61(50%~50%) | 77.64 1-NN SBS 94.77(70%~30%) | 46.15 1-NN
SFFS 88.32(50%~50%) | 75.29 1-NN SFFS 96.56(70%~30%) | 36.92 1-NN
IFSFOA 95.73(2-fold) 70.58 Rbf-svm IFSFOA 98.31(2-fold) 57.69 Rbf-svm
FSFOA 94.58(2-fold) 57.14 | Rbf-svm FSFOA 96.06(2-fold) 37.17 | Rbfsvm
HGAFS 92.76(2-fold) 82.35 Rbf-svm HGAFS 98.31(2-fold) 53.85 Rbf-svm
IFSFOA 97.81(70%~30%) 60.29 J48 IFSFOA 96.15(70%~30%) 66.67 J48
FSFOA 95.12(70%~30%) 47.05 J48 FSFOA 96(70%~30%) 57.14 J48
UFSACO 88.61(70%~30%) 11.17 J48 UFSACO 95.08(70%~30%) 61.53 J48
IFSFOA 99.14(10-fold) 78.23 J48 IFSFOA 98.85(10-fold) 79.23 J48
FSFOA 93.16(10-fold) 68.57 J48 FSFOA 96.06(10-fold) 21.42 J48
FS-NEIR 92.59(10-fold) 82.35 J48 FS-NEIR 95.04(10-fold) 61.53 J48
Cleveland Accuracy (%) DR (%) | Classifier Sonar Accuracy (%) DR (%) | Classifier
IFSFOA 59.77(70%~30%) 61.53 1-NN IFSFOA 87.54(70%~30%) 86.33 5-NN
FSFOA 55.55(70%~30%) 71.42 1-NN FSFOA 86.98(70%~30%) 44.26 5-NN
SVM-FuzCoc | 61.01(70%~30%) 46.1 1-NN PSO(4-2) 78.16(70%~30%) 81.26 5-NN
SFS 51.79(70%~30%) 47.7 1-NN IFSFOA 91.96(70%~30%) 79.33 1-NN
SBS 54.8(70%~30%) 38.5 1-NN FSFOA 85.43(70%~30%) 57.37 1-NN
SFFS 49.5(70%~30%) 53.8 1-NN SVM-FuzCoc 73.17(70%~30%) 68.33 1-NN
SRBCT Accuracy(%) DR(%) | Classifier SFS 66.43(50%-50%) 61.33 1-NN
IFSFOA 95.55(70%~30%) 89.66 1-NN SBS 62.2(50%-50%) 45.33 1-NN
FSFOA 94.73(70%~30%) 49.06 1-NN SFFS 64.55(50%-50%) 61.33 I-NN
SVM-FuzCoc | 98.88(70%~30%) 98.57 1-NN IFSFOA 78.84(2-fold) 85 Rbf-svm
Segmentatin Accuracy(%) DR(%) | Classifier FSFOA 65.86(2-fold) 54.09 Rbf-svm
IFSFOA 96.32(10-fold) | 65.26 | 3-NN HGAFS 87.02(2-fold) 75 Rbf-svm
FSFOA 96.2(10-fold) 30 3NN IFSFOA 93.78(10-fold) 81.66 148
NSM 95(10-fold) 63.15 3NN FSFOA 82.69(10-fold) 52.45 J48
FS-NEIR 75.97(10-fold) 91.66 J48
Vehicle Accuracy(%) DR(%) | Classifier Heart_statlog Accuracy(%) DR(%) | Classifier
IFSFOA 75.39(70%~30%) 50 5-NN IFSFOA 91.85(10-fold) 70 3-NN
FSFOA 73.98(70%~30%) 50 5-NN FSFOA 85.18(10-fold) 35.71 3-NN
PSO(4-2) 85.3(70%~30%) 68.4 5-NN NSM 84(10-fold) 69.23 3-NN
IFSFOA 69.62(2-fold) 75 Rbf-svm IFSFOA 84.44(2-fold) 57.69 Rbf-svm
FSFOA 62.41(2-fold) 47.22 Rbf-svm FSFOA 84.07(2-fold) 50 Rbf-svm
HGAFS 76.36(2-fold) 38.99 Rbf-svm HGAFS 82.59(2-fold) 76.92 Rbf-svm
IFSFOA 83.57(10-fold) 42.22 148 IFSFOA 93.70(10-fold) 61.53 148
FSFOA 73.04(10-fold) 31.57 148 FSFOA 85.15(10-fold) 48.07 148
FS-NEIR 70.98(10-fold) 50 J48 FS-NEIR 79.86(10-fold) 46.15 J48
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Table 4 Classification accuracy and dimension reduction of IFSFOA and compared methods (Continued)

F 4 TFSFOA B L5 LU 2 1A 43 S U Mt o0 TN 4 B 4 0o (48)

Dermatology Accuracy (%) DR (%) | Classifier Glass Accuracy (%) DR (%) | Classifier
IFSFOA 99.79(70%~30%) 51.96 1-NN IFSFOA | 74.28(70%~30%) 48.88 1-NN
FSFOA 97.27(70%~30%) 45.71 1-NN FSFOA 71.88(70%~30%) 40 1-NN

SVM-FuzCoc | 94.11(70%~30%) 64.7 1-NN SES 72.24(70%~30%) 26.66 1-NN

SES 94.02(70%~30%) 44.7 1-NN SFES 71.77(70%~30%) 37.77 1-NN
SBS 91.78(70%~30%) 58.23 1-NN I[FSFOA 71.03(2-fold) 44.44 Rbf-svm
SFFS 93.7(70%~30%) 62.35 1-NN FSFOA 68.22(2-fold) 60 Rbf-svm
IFSFOA 99.17(10-fold) 69.17 J48 HGAFS 65.51(2-fold) 44.44 Rbf-svm
FSFOA 96.99(10-fold) 21.42 J48 IFSFOA 77.72(10-fold) 54.44 148
FS-NEIR 93.95(10-fold) 70.58 J48 FSFOA 75.7(10-fold) 50 148
IFSFOA 98.55(70%~30%) 61.11 J48 FS-NEIR 68.53(10-fold) 22.22 J48
FSFOA 90.09(70%~30%) 44.11 J48
UFSACO 95.28(70%~30%) 26.47 J48
Arcene Accuracy (%) DR (%)  Classifier
IFSFOA  76.85(70%~30%) 95.4 J48
FSFOA 73.69(70%~30%) 77.67 J48
UFSACO  67.40(70%~30%) 99.8 J48
M 4 BT BLE A )

o L5 T2 O] 0 2 A8 AL 4 K 4y U v AR IR i 6k bl 3 At B 5 89k IFSFOA  £E  Tonosphere,Glass,
Heart-statlog,Dermatology,Arcene {5 4E -, H 7 A HE A 4 2 d v 190
e [i#E Sonar,Cleveland Z{#z 8,70 LR R AN RERF S dn i, (B R 3 T R K, b #E Sonar £
SErP M2 8804 INN B IFSFOA 4> K UET R Lk SBS 7 i 30%;
e 7E Vehicle 44 1, IFSFOA HAAR T A Z T ikt Il — A (V45 FSFOA)HAE J48 43 2538 T, Ho v Aif
ZKH Y FS-NEIR =it 13%;
e JM7E SRBCT %44, 5 SVM-FuzCoc It IFSFOA [ A I AN B AR L J5 DRI 7T i 2 1% Bt A 45 11T 11
$r i (2308)z i B H T S0 1 B (63), 3 A 15 ST V2 AR M JE 638 4 I E B 47 T {H 5 FSFOA §1i%
AL, IFSFOA 3k BUARAEVERR R EAUR T 1% 47 (BAEYE B4R B B 300 T 50% 4840,
e 7E Arcene H¥iME T, IFSFOA HikMN izt UFSACO fmith 13%72c 4 HTESE B 4 R EAR T
UFSACO 515, IFSFOA 3k LUIHE 4% 25 A7 1 4 J 45 B T B0 vai ) 0 SR f 2.
IFSFOA S AR BRTE S 4 Wine 11,2443 288 INN,SNN i, 50 P GEIS IR T FSFOA Byk({H 4 & 4
W B EFE S T 18%A 4 LA Cleveland,Glass H4f £ = 4E £ I Ik Ik T FSFOA S7vk 40 6f F HiAth 8 AN 4L,
IFSFOA ik 48 HERf AN 4E J 45 kb 34755 T FSFOA.IX 8 W 2503k )5 1) IFSFOA S35 5 Bk
iRk 4 h & B DR E, 1R ] &, FSFOA MR IEALF . BRTE Glass difEh DR AH 5 i A0, 76 AL £ s
#E 0 DR {H LT 2 3 2 1. L JEUR R B2 A FSFOA 7E 53 i R v B Al i 43 RHE I S g VAN bR B 3 R 2% 1
B A AT 328 8500 2 o o FE A 015 0 ek () TFSFOA SR T FR) 5 S1 s, e IR A 456 S AL A0 J B P A A A )
Lt FSFOA,IFSFOA [f DR {HA T W48 e, B2 4 Wine 34 10-fold RI4> 441 7, 4335324 148 I, IFSFOA
F Y FSFOA it 58%:0) b oAt B 5 £032: (A B35 FSFOA),IFSFOA (1) DR {E 475 H A 1R %8 (1) 3% 4+ J) 7 Sonar 3¢
Pt 70%~30%K 50 4 F 1,70 2888k INN I IFSFOA 38 b 4% SR 55 3 1) SVM-FuzCoc & H 11%.
ARSCE W] FSFOA B4 T 3 s SCik, 3L v TR A SR WS AT AT Jd 350 38 A B N T 25 S s FH R4 w5 49 5k
iff 2, 100 BT 140 S I ATL ) D) D oA 8 v 4 5 4 R L DRI A 3 ool v, L 3 1) S B L L %o S 36 4 SR P ) DR {H
53 W) 56 51 56 8 SR o 7 288 UG 256 5 W KT D2 ) G A SRS TR A I 1)) 4 e S s R A B B T
R L 1) BE Al A JR) S 478 e B N £ A SR ek SR Y A 23 (10 48 v ke B Tl A LR O SRR AR B L s P AR
LSC #RF W, 1M LSC A& — A LA /N AR, [R) B 397 B8 A T 3 56 36 A Wk 9 B S THI I 45 4 ok AR AR 1197 UG
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5 &2 %

ARSCERRT FSFOA HEIIA R Z AL $E T 3 Rtk 72 IFSFOA M IR BL AR FBT (K9] 46 4 S s,
R FEY HIF 170 328 6 A0 170 38 4 (1 D10 0, 458 57 L Sl s, T2 8 X 17 3B 5 (10 SR s 46 ST (L, e R A% 48 S L1 1140 =) PR
K 52 20k ) 0t 2 N i R I ) S B 4 o I B, DA e S AR R R A A T 2 5 TR M I KR R R
Wiy 53 M e, FRATTR ] T A2 SR A 1 SIS s IFSFOA B3 AE 11 M ER A 10 MEFAE £ 505 L dbAT I B
B, 9250 5 AR W], TFSFOA ¥ 3 412 1=y 1 KUl 2 (1 73 FAEAf < AN YE S 4 ok e .
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