o3l b b st g sdllwe Jo
odwiod g 391 31,5 gy 3

oo Lo yuozo $gmidld
| L I F-RVC PRl JURH PR BT vl

Ji{o ui’ﬁj ¥ Lgs Cowloalds ‘).>‘ @3‘5 WL..:Q ' 9 LSi“}L”" WL.:O Y SS9 oo
Cwl gy @ ol ol aS el sulds as o

1 1 1 1 1 1
B I - - e e T T
- T° 1T ""T1T """ "'1T///—""*71 /7

Sl slacalns g9, » mbo ) S

s Glo Canlis (g9, wlbise sla by, (sanmlie ) oo

K-means SEI[1] MBSC [2] | RCSF [3] | Proposed

45.62 67.99 47.17 64.49 77.96

57.89 73.68 66.08 72.51 80.11

51.40 50.00 47.66 50.93 56.54

64.28 79.76 66.07 72.02 84.52

78.50 82.10 70.40 74.50 86.30

80.28 91.07 85.91 88.26 94.83
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Algorithm 1 Optimization Algorithm

1: Input: L, ¢, a, f1 = 0.9, Fy = 0.999, ¢ = 1078
2: Output: U

: A+ 0 Rk
: U+ N(0,0%) € RN**
- while A Converge do
: t+0
my <0
vy 0
while U Converge do
t+—t+1
gt + Vp B from (7)
myi +— fmg + (1 — B1)a
v Bavg + (1 — Ba) gy @ gy > @ is element wise product
T

r_ t
m = 15

V' =105
—H2
UeU—-am oo +e) > () is element wise division
A Ate (UTU = Tps)
: ¢+ pe B = 1 1s constant
20: U+ QR(U)

21: Apply K-means algorithm




