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Abstract

Feature selection is an effective method for data dimensionality reduction, and rough set theory
is an effective tool for dealing with uncertainty information. In rough set theory, variable
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precision neighborhood rough set is an effective tool for dealing with continuous numerical in-
formation systems. Hiking optimization algorithm is one of the swarm intelligence optimization
algorithms, which can find the combined optimal solution. In this paper, aiming at the problem
that the hiking optimization algorithm cannot dynamically balance the local and global optimiza-
tion ability, and is easy to fall into the local optimum, an improved hiking optimization algorithm
is proposed. A feature selection algorithm based on improved hiking optimization algorithm was
proposed. In order to verify the effectiveness of the proposed algorithm, comparative experi-
ments of feature selection algorithm based on improved hiking optimization algorithm are car-
ried out on 8 UCI data sets, and the effectiveness and feasibility of the proposed algorithm are
verified by experiments.
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Kol PR 9 N TR BRI AR B OGO B, AENLAS o7 > U EAT LB AT SR 3. il
AR ECR, B PRSI M RO . PRI R, IEREA L BRIURER, B inis
FELER, AT s AR 7R PR32 Ab RE

FURESEFR[1 RALBEA T E RS B A R TR, AR L AT SR R 4R [ 2]/ 2 T- AR RE R £ 1R ™ FR A 1Y
AT RE SR M B AE B SIN TARKEEE SR, SCVRAE 7P IS RE A7 A € IR 22, B0 1 A R0 T e A A
RIAEHERE ), EESRIBMEE B RGN RS, A L ABIHIRE 5 T LA ROt 3R A1t 1k 4R ) S 22
FEREE . GEP LSRR R RE AL L — B A AR AR T8 TRAT & & 1L i) A
HESD B AR H AT WAL B AT 3N, JF H A2 B IR fm ke A T R A

A AL TR B & T R A4 5 SRR 71 S B N JR B B AR FF) P L, A S 5 2 SRS
ot TAEP LSRR, S AR FE AR SR R, 3R VAR IR R B #E 8 > UCT it £ B HEAT X LE S48,
SIS S RIAIE T A SO SR FIAAE 7 IS LR — I, iR T PR FE R AT AT Rk

2. BEAREE
2.1. B ENEAESEER

EX 1 [2]: AR R G55% N RDIS = (U,C DV, f), HhU={x,x,,,x,} FoRighl, 247
AR RS, C={a,ay,,a,} FRIFZHRKFIRIELE, D={d} FrRRFEREIE, V=V 0V, &
ANEI, Hot vV, RORTTRAE AR T B IER RS, Y, FoRu R REEE TR IEER RS
fAORITCR WIS, fo =UxC - Ve Rk AR IR E RIS, f(x,a) FRITCR x FEXMREYE o
THIE, [, =UxD -V, Zmu i A THSRBIERIWUY,  f(x.d) £RT0HR x BIRHE.

BN 2 [2]: TEATEMIRE SRR, SR RS RDIS =(U,CUD,V, f), (U,A)ECHER,
Hrh A€ SONEEE, MTIEEKx,p,zeU, HHLLLTHER:
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1) A(x,y)20, HHMHAx=y I, A(x,y)=0;

2) A(x,y)=A(y,x);

3) A(x,y)+A(y,z) > A(x,z) o

FEATER RS A A b, SRR LRSI RN R, T HESENEBcC, £ B ENIERE
HARRN:

ABQJO=JZ(ﬂ%ay4(%@Y (1)
SEX 3[2]: FEAMRIRE RS RDIS =(U,CUD,V, f), BHEBcC, WT L& VxelU, KT B

3 ABHE SN
SB(x)={yeU|AB(x,y)£5} )

SE 4 (2] LEASKE I ABSURLRE SRR e, ABRASE A RDIS = (U,CUD,V, f), JRMMHEBCC, %
EMIE B (05, 1], AT VXU, X%T B 1 iR LEblsE .

Ni(??){er%kﬂ} (3)
N_g(X):{xGUWZI—ﬂ} )

SEX 5 (2] LEASKEBE A BURLIE MR o, ABBURSE A% RDIS = (U,CUD,V, f), Wbk U B\ d b
D={d} WA NUID =X, X, Xy b JBYESEB S C o R U S FUHERAE D 80 FIE A L

SE N
[u/iND(D)|
N(D)= U N(x) )
_ [u/mp (D) __
Np(p)= U Ni(x) (©)

SEX 6[2]: {EASKEBEATIBMLRE SRR AL oy, RIS RS RDIS = (U,CUD,V, f), J&MEBCC, %
Tt D MIESR. e SUN:

POS; (D)= Ny (D) (™)

BND; (D)= Nj (D) ®)

REX T (2): (EAKEIE AR RE G, AR RS RDIS = (U,CUD,V, f), BHHEBCC,
HJBPE D S TR B IR E SO

) |P0Sg (D)|

J’g (D) |U|

©)

2.2. REBMAEE
SEX 8 [3]: FESRAMEIES, GEAH AL 2 AT R R, LI E A
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=3.5[s;,1+0.05]

W, =Ge (10)
Horr, w,, FORE i MEDE b AL ¢ WOSUPIERE, 5, RoRGEDE hALS « YOEARTh Pt b B A3,
5N
dh
St _E_tangi,t (11)

Hrh, dh FoRMIR RS, de FoRpELE AT ERE, 6, ORI IR A L, Hi,,e[O",SO"]G
SEX 9 (3] FEBMEEE T, G A SEbR 2T B T 55 75 e SON-

Wi = Wi + }/i,t (Xbest - ai,tXi,t) (12)

1

b, g, R0.0] AT ATHIBENLEL, w, Mw,, | FORAESH TR R LR, X, FRS
B\ b, BOSRTGLE, X, FRAEEH 263 WRIEORE, o, T MR T SF ., SF e[13]. 5%

(A7 B S BT BR AR IR
Xi,t = Xi,t—l W, (13)
EX 10 [3]: S E LS, 8P E A BERIEE SO
X, =Ib+8(ub-Ib) (14)

ST, 1 A b SRR ISR T AFUE R, 8 A 0.1] FIA A K50 A BN B, £ T
AL S A2 B

1 2 d
Xl,t Xy X Xy
X xl x2 . xd
2.t 2.t 2.t 2,
- I Y B (15)
1 2 d
XPUPJ ‘xpop,l xpop,z “' xpop,l

v, pop RAMELERE, m FRMAENGERE, ), FORGELE B R W% b, AE ) ANAERE E R,
B RRUE S H = {h by, h,, | R
SEX L [3]: bbb BARBREL S 75 %0, GEE I 2 A
fit, = f(X,,) (16)
e 2 AR A0 B ) S AR SR 31
3. BT XS MU EENIHEEER
DB (1 A 32 (8 1] Tent-Logistic-Cosine JRIIMLET (4] 54T HI 44 1L .
X2 BOEEB AL, {4 Tent-Logistic-Cosine Il W17 K4 LI F 15 32 N
cos 7 (2n/ +4(1=r)x/ (1-5/)-0.5)), if x/ <05

X = (17)
cos(ﬂ(2r(1 —x,:’)+4(1 —r)x/ (1 —xf)—O.S)), else, 7 €[0,1]

SCHEAE D AL R AE HORABTR A L 6, P E B A T IR A5 73455 ]
SESN3: BURSER S, Gl RS AR AL BB R A B 6, Rk e SOR:
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(x-n)’
e 202

Hi,t -

(18)

2ro

XA TR E A T Beta 20 Aii[6], Beta 70 Al i —F S B IR 70 A1 o JEIL RS HL, T RS

ﬂ%ﬁ%ﬁﬁﬁg,ﬁiﬁﬁaﬂ,ﬁ=%o
FE X 14: BSOS IRALEIE S, @i Beta 20 A0 AR BGE EF SFRIAUE SUN:
a-1(1_ _\A-1 a-1(1_ \f!
SF =1+(3-1)x— ) S U (19)

_l[u“_l (l—u)'g_1 du B(a.p)

BSOS A O BN b B B PR (7], W] DABhAS T4 4 R4 R AR T R I g
SEX15: Sl PR, G B w,, SR HE E SR

W, = Wi TV (ﬂbesl —a;, f,l)’ if rand <r; 20)
! Vit (ﬂbest _ai,tﬁi,t )’ else
o, r FORTFEME, HEITRON:
r, =0.1E+0.6 Q1)
t
E =2E, [1—?j (22)
E, =2rand -1 (23)
N T EFIEEFE R IAA G BN R R i U, AR SO )2 S Im) 27 21 SR BE 8]
EX16: SOl IRAL S IE S, A U A g A e ST
Xid"=Xl.-I—w-rand-(rand-(up+lb—X[)—X,.) (24)
ALK w BUE Y 1o FESRIUENAS S I, AR S Iv A R 4 i PR 5 1A T 1% 4«
X, = best( 7(x.,), f(X;fj)) (25)
EX T TESGHAE S AL SR R E B S, 82D 0 B ) on b i e o oe SN
o= {l,ifZ(x,{l)> 0.5 26)
0,else
Horp Z FoRAUH =) e Feme sy, Hoat 5708
Z(x],) = tanh (x/, ) = e _e @7)
e 4o

TERFIE AR B, DI 5 25 8 1 R A T4 S, T PR AL B R B A 4 ) A
B SRA R, BN R R TR KRS, B R E A

fit = f'(X,,) =75 (D) (28)

_|c-5]

~d

fitt = 17 (X,,) (29)
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FESFRIRACT, B85 27 B 1 HRT AL -

X itfirt > fitt v(firt = fit' A fitt > fit?
X, K ity > U (fity, = i A fits, > fi°) o)
' X. ,else

it
MR FIR e S, ARSCHR AR T oo AR 2P A S IR R IR 1% 4% 5 (Improved Hiking Optimization Algo-
rithm for Feature Selection Algorithm, IHOAFSA), FikFEM: 1 fs.

Table 1. Improved Hiking Optimization Algorithm for Feature Selection Algorithm (IHOAFSA)
F 1. ETRHEREMUEENFDEFEX

BN AR RS RDIS =(U,CUD,V,f), FIHE pop , BRELT;
e R TR Bs

1. WG MRZSIRI4ERE d = |C] 5
W E S 12 AR H = (hohy,hy,) )
CRe>T, HIBRS;
X TVh e H, WHILENE firl, M fit? 5
WAE ful KMGELE T, fid BOKIBEL NSO by, » HALERN X,
X T Vh eH :

6.1. FRKEUEL H b LI ZIGE X,

6.2. MR E L 13 L RHIBHRI AL 6, 5

6.3. MRIEE X 14 A EREFE T SF ;

6.4. AR E S 8 T Z IS REE w,,

6.5. H#EE 15 THE A HEE w,

6.6. THEBTIARICIE X, » BREIAE_L T S Ib Bl ub 2 1]

6.7. tFEIENE fit' A fit®

6.8. MdfEE S 16 T IR x, FREIZE LR S 1D Al ub 2 [
6.9. THH BN R IFEIERE firt B fie® s

6.10. A5 i A B AT S
7. t=t+1, ¥LUE3,

8. XERMAMENLE X, AT oG BIRHAE T4E Bs

9. iR[FIFHET4E B.

< NN T N OCE

4. LW

N T BGIE AT ERE H L THOAFSA 1A 2k, A5 553 PSORSFS [9]. FSARSR [10]. FSRSWOA [11]
HATRT LSRR, SRS — W E DI 0 =01 EARXKET =50, FhEEE pop =20 , W EH % IHOAFSA
PIRME g =0.8, AT AR 4 kI8 UCK £idi 4 (https://archive.ics.uci.edu/datasets/), 4% 8 M E#s
£, BEREE B 2 B, R bsE TEEREN AR, 45, G4 ERREIEE, FEARKED
TCEREL BYERRRAES, SNBOIRIR LRSS MR PR, S0 T TSN B AR kAT SR/ i KA
—AL B [0,1) Z ). BRI LS R RN, A SEIO RN RR R A B AR A RISTEAT S
W, 1E SVM 20288 KNN 432888 b DL+ 28 IR 7 il 3 — S IE TR 0 25 %, R 5 I
FHREFE W3 0y FHE B A SOy RE FE AR 22, SRIR e R 3. £ 4 LK 1. B 2 fios.
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SIS FH Inter Core i5-12490F 4.6GHz AbFE%% . 16GB WAEH window11 #R1E RS, EVEMSLLALHS
FI4aFE1E 5 N Python 3.11, fEJF K T H PyCharm 2024.3 F4aFigiT.

Table 2. UCI datasets information
= 2. UCIHIEERER

P itk 45 AL JE R FE
1 Breast Cancer Breast 286 9 2
2 Cervical Cervical 88 17 2
3 Fertility Fertility 72 19 2
4 Forty Soybean Cultivars Forty 100 9 2
5 Image Segmentation Image 210 19 7
6 Iris Iris 150 4 3
7 Wine Wine 178 13 3
8 Zoo Zoo 101 16 7

Table 3. Classification accuracy under SVM classifier (%)

2 3. SVM S EBTHH LB E (%)

Hise PSORSFS FSARSR FSRSWOA IHOAFSA
Breast 72.37 +£0.52 7323+ 1.54 72.16 +0.17 72.30 +0.00
Cervical 74.82 198 81.43 +1.34 83.79 + 3.86 83.61 +6.55
Fertility 88.00 £ 0.00 88.00 + 0.00 88.00 + 0.00 88.00 £ 0.00
Forty 79.75 +0.64 79.88 +0.70 78.62 + 1.68 80.25 + 0.85
Image 84.38 +2.78 85.71 +3.61 84.86 + 3.05 88.86 + 0.23
Iris 96.67 + 0.00 96.67 % 0.00 96.67 + 0.00 96.67 % 0.00
Wine 90.14 + 3.40 90.57 +4.77 91.35+3.52 91.31 +2.59
Zoo 84.93 +2.88 90.89 + 1.47 86.91 +5.26 91.85 + 1.68
Average 83.88 85.80 85.30 86.61

Table 4. Classification accuracy under KNN classifier (%)

% 4. KNN 9B TR REE (%)

e/ PSORSFS FSARSR FSRSWOA [HOAFSA
Breast 7171+ 1.84 70.95 +1.28 72.25+1.76 72.94 + 0.00
Cervical 76.39 +2.44 83.32+4.90 81.57 +5.41 84.96 + 6.41
Fertility 85.20 = 0.75 85.20+1.72 84.80 + 1.17 85.60 = 0.80
Forty 71.81 +4.53 69.94 +3.58 66.69 +0.15 71.88 + 1.49
Image 81.90 + 1.51 83.43 +2.44 82.38 +2.02 84.76 £ 0.67
Iris 95.33 +0.00 95.33 +0.00 95.33 +0.00 95.33 +0.00
Wine 91.29+2.56 90.67 +3.77 91.12 +3.48 92.07 +2.50
Zoo 88.73 +2.01 90.07 + 1.65 87.56 +1.72 91.24 + 1.44
Average 82.80 83.61 82.71 84.85
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Figure 1. Comparison of classification accuracy under SVM classifier
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Figure 2. Comparison of classification accuracy under KNN classifier

2. KNN R T LB E T E

ARSI 25 BFTR, A SCHTHREVETE SVM 40252 KNN 4358 (kB /0 $rR 4 B A S5
SrARERE, IF LY THOAFSA BAT i (M P45 SRE BE I PS04, SeBbLE SR W 7 A ST S 78 4y
HREE X A B B — AR S, R T BRI AT MR
5. &ig

ASCAR T AEKE BE AT SN AE S0 AL S, e e A S T 0 3 A5 TR R B R 4 J -1 A
STV, SR P 2 W O A A, G AR R AR S R SR A 1 J e R IR R, 4 TG
TR A5 0 A 20 AT e 0 B UCT B4R b BT b SZIR B0 IE T A ST H 0 vk P T 471k A A
H&mHE

AICZHME TR R (95 2022XDRHO16)1) %5 B .
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