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Local Linear Embedding Algorithm Based on Probability Model and Information Entropy

LIU Yuanhong and WU Yubin

School of Electrical Engineering & Information, Northeast Petroleum University,Daqing, Heilongjiang 163318, China

Abstract The local linear embedding algorithm uses Euclidean distance to select neighborhood points, which usually loses the
nonlinear features of the dataset itself, resulting in incorrect selection of neighborhood points,and only using Euclidean distance to
construct weights leads to insufficient information mining. To address the above issues,a local linear embedding algorithm based
on probability model and information entropy(PIE-LLE algorithm) is proposed. Firstly.in order to make the selection of neigh-
borhood points more reasonable,from the perspective of the probability distribution of the dataset,the probability distribution of
the sample points and their neighborhoods is considered,and a neighborhood set that conforms to the local distribution is con-
structed for the sample points. Secondly, in order to fully extract the local structural information of the samples,in the weight
construction stage,the probability of the neighborhood to which the samples belong and the information entropy of each sample
are calculated separately,and the two information are fused to reconstruct the low dimensional samples. Finally, experiments on
two bearing fault datasets show that the highest accuracy of fault identification reaches 100 % ,higher than that of other compara-
tive algorithms. Within the range of 5~15 neighborhood points,the PIE-LLE algorithm exhibits good low dimensional visualiza-
tion performance. In the parameter sensitivity experiment,the proposed algorithm can maintain a relatively large Fisher index, ef-
fectively improving the classification accuracy and stability of the algorithm.

Keywords local linear embedding algorithm,Probability model, Information entropy,Feature extraction, Fault diagnosis

4 05 A L AF R A TR G, el bR 4R T R A AR A
LR B B2 W B B T —

BE 25 BB S B9 RO R R L A5 R Tl B A A R () MEAESR , TIY 2 2 J7 1 R R T IR 18 I AR
R B 2 M TR BE B L AT IS W RSB R R T2 TV 2 7 Y e A SR AR 2 AR AL w8 2 340 A A 20 A 75— AR AR I
FT 48 B Tk 55 & 89 DUBCER A1 B it 2 B 32 W il 7 i %L,U\ﬁ'ﬁﬁ%éﬁiﬂﬁﬁfﬁﬁﬁ%éﬁiﬂ FEPEIR . 2P
XF M AR R A AR . F AT R SRR S B 2 aE 53] 7k B B O B T R AT 4R B 400 0, 3 R o
i 3 3 A L 2 A IR M T L R 0 M T A 2 A R (PCAY™ i 5 f&rkﬁ%ﬂﬁﬁﬁﬁ’ i B 15 B B 4
FBr, TEX ST VE P Ik 3 o0 BT R BN T Z B — 4 2 ] LS R I Y B0 T 5 4B A B i A (NPED
18 5 SR 4R Bl R IR 2 45 5 95 % FLEAT 2 AT, TT LB E KRR Y Ry 8 48 BR $L5% (LPP) M ) FI R 5 40 s 22 18] ) Je) 78 ¢
JeRY U AR E DLW R A E IR Sl B A 7R 4E R FOR AT A AE 4 305 A B B 23 A (ONMIE) ) 2 g4 Hh T R

1 3l

i

HEWH R E AR R4 (623MS0TD)
This work was supported by the Natural Science Foundation of Hainan Province China(623MS071).
WA VEE XL 4L (liuyuanhong@ nepu. edu. cn)

240500021-1



Com puter Science FFEHLEI2: Vol. 52,No. 6A, June 2025

A Al 7 A R Z2 0B 23 A 5 2R 0 40 B (LDAD Y S — b
7 WEB YRR E SR IO v O R A A A 1R R A
B R R Il 330 2 R 3 A A A N J5 B2 2T AT 55 BT R AET
T 7 28 7% (SRO A Bk 36 7% (LRROS 2 35 & 1Y P Fh 2 T 3%
TR IR AR B2 B % 5 R 48 40 A 2% 3 (LDL) ™) T ff e s 25 X
TR AR BT R R R AU A ) A, 3 AR A T AR i b Ak B VA R AR
P, O N T AW AT LB 4 kA A S 12
Wrgh BT, BRI ST 2 AR W ST i T R A
S L DL ITBL AR S A AN 2 XS WA
A AR RS R 33043 K 68 TRl - o 4T R A £ 2 1 () R

Jar #B £k P #% A (Locally Linear Embeddin-g, LLE) & gkt
S LAY R AR ST B . e BRI RS W 4% Bk, LLE &
2 F R R PR 3015 5 45 i 4 B0 e S B0 e B R
T M B R AE A B ORI 3 28 . {1 LLE Bkt A R A2,
LI 48 A S B e BT M AU B — B TR BT A
RS, BxF FARL YR BB LB T e A AR, R4
3K A A AR DA AT A8 T A 5 v 4R L Ca A0
BT DL 30 I 45 1) K S 32 7 7 1% 5 Soize FUO T 3L T
R R 1) 0 TE 2 30 J7 15, Vierma 25077 $5 1Y 35 T A0 %8 8 AU 11y
(R TR R R R = W e | 2 X ()
PR N T L ST

LLE 5336 7 % 3 U5 48 2 B SR FH K IG B 25 F 47 HE P X
TREF R LR I AR A BRI B S 00 R 5 B R 1
JELe M S5 1) 515 B AR AE 8 R S E B LR, ARSI
B 7 1 0 3R AR TR R A A B o A R PR AT B 2R S L ik
BSR4 515 BN ALk G 0998 2Ok E AT 3 48 A Y
WAL, 20 PIE-LLE 8 5 58 W O 2088 45 45 5 1 HE 3 4%
A7 FLAT LA S T o 44 A5 A e 5040 0T 400 A5 1 3 R 5 i 4 B
P2 1 B 1 R AE AR FURE F7 , DT Sy S 4 R 12 I 4 A A B
F8: A% IR A 0 10 4 B B 4

ASCHS 2 MO TAER A 58 3 %54 PIE-LLE 5234
W ER 4 BN s R B A3,

2 MXTIIE

2.1 BEMEMERNEE

JRER L A (Locally Linear Embedding, LLE) J T 4%
AR PR s |, BT A AR T
Tii] v Jag 8 418 Ja, P 1 5 0 T O e 2 vk 4 A R T B R .
B B B SR TE DR R R T IO 25 4 0 [ B o BN e G 3]
dezsm, B LBNT .

D) J5y 840 5 45 3 F B A B o B e AN B AR Y
B B AR Ry HRI R AR 4

2) d @A VAT 6 A RR AR A e 5 4B 5K
PIREAR S Z M AR R BT A AR 2 P R A, X —
1 B AR R B A R A A ORI LR AR AL ]
W—REAR S 2 B e DRI BEEAR SN 2 sy, 2
TRV ERBIAE w, A 2 7L A0 50 P B AR 5 2%
2 A TR B

k k
min> || z; — Ew,,l',, [l D
=1

W, j=1

WAt W, ARCE R, 4T W =[wiswie s

o R T o, R LR e, =1,

BG4 < T8 30 ) 0 4 B — A (0 R
XA B 4 o W, A A2 o B (LB % . 3
R G A 2 D R4 3 R 0 D o
R A 06 25 o

DT A B /M T U2 B/l I T L S A
TR

k k
min2 || 2, — 2w, |?=min || ; —X.W, || ? (2)
W, =1 =1 w,
;H\:EF 9Xi %]QKE%E@ v@‘/f:l’\ Tip 9 Xi, 9°°° s T, 9ﬁﬁw,‘ %X;J—@:F X
FYANEE ) i, B/ Mb B L TR R R T X A ] AY A
WEW,:

min || &, —XW, | * (3

W,

TEAS B T RS B A B i U ALE W 5, T LU e — A
RYEFRIR o XA~ I AR I 5 M B SR A — A RAE A ) R B
18 3o )R R A A [ U R AT BRI o i 6 0 A B SR T A 4
23 () thd/ME T B0 R 2 1R B BE B SUORFE T R AR A .
2.2 BMESHHE

SRR/ HN D * N B IR ER G X N O REA G4
BD OB SR YR MR BARE T RN X = {21,
R — DA GUR T3 — R A i AR BB 2511
i TR

Lo 7"'v-1'N}o

| 2 —a; |®
207

I 2
Zexp(—'Hll ka )
== 207

Forbroo, HUAREA G s b s M o 5 22 . Y AR T
TR 5 MR 4 0 A1 5 45 2 R M R A I S R B o K R OR
R B8 2 ) MR 3 A9 T 5 A T 2 0 0 R L DR LM 2 1 M R 4
ey &ii

i+
Pu:pj an\

2.3 =E8\

5 B2 BRI A B, ([FRMmRERMNE
BE DL AR 1 RS 5 G800 ORI 8 R R B LA ISR A
ANHf PR

5B EE AT .

H(X)=E[I(X)]=E[—In(P(X)] (6)
Ho, P AX MR FERERE. IO XWERER, XA
BEBALAS A8 I A AR RE A, A T DLk
RN

exp| —

4

Pjli =

(5

HOO= 2P 1) == S P log P () 7
A B 2 T R A% B log(1/p) AR, — B4 b=2.
M H(x)=log, (x) . Hept 2= pa)) BNEMG AT LI H . —
AFEERGE MR p o) MR H o) il R, HAAE R
FEEMZ,
HMESMAEEHEFERTHAHEEMYME, M2
[ A7 AE 25 BV 56 2R . MR 0 A 3R T WAL A% o A6 O[] BU(E
ROHER GO . X TS O B AL A AR o A T L o A
R[5t B B (Probability Mass Function, PMF) 75 5 % T %
S AU REAILAS B, AR 4 A6 A LA i HE R % I oK 2L (Probability

240500021-2



XL LT, 45 - 2 T AL A 100 5 15 S B0 o 0 A e A B2

Density Function, PDF) %7K ,

15 B B3 43 A0 1 — b B 2 7 1, BV BE MLZE 1 17 39
R MR 410 TN 2, B A A 4 R AR 09 HE R A 3
Ao A5 S0 3K B d5 {5 1T 244 WL 8 43 7 TE N 48 op TR E A
A5 B 2 o A5 BB E T A AR RO R
AR PR ) A5 AU AR R KD B AT DL O 0 S
PEARBE  ANT48 S SRR A0 17 . 3% — SRR AE Se i e A5 R 4%
WA FETIZ IR . B R S A AR B R R
Hh R A T B A B AT L R A3 AT BOHE O AR AE A I

H(z)=logyz

0 . . . . . »
2 4 6 8 10 12 14 16 18 20
-5

F 1 H(x)=log, (x) R ER
Fig. 1 H(ax)=log:(2) function image

3 AXEHE%

B Ak B IS T A O R AT TR A R W E A R R
i PIE-LLE 55k . ) JH A 2 45 5050 VP Ali B A 18] Ay Ak 2 1 ¢
A H G SRR AR A REAREBIMNE T MFEEERR,
AT A5 21 S 9 At 9 AN T 2 8, DA S B et LLE B0k 4R
75 12 T A R ) T A A AT R R

PTE-LLE 5935 35 4B 53 1 $5 ZL R A 18] 2 7 7w AR 3l i 4E
BARREAME R pa B9 R/NIEAT ARSI 5 AR pu FAE B
I o B w, eSS UK AE S A .

2 PIE-LLE 59k U 48 S ik Bon BE
Fig. 2 Schematic diagram of PIE-LLE algorithm for selecting

nearest neighbor points

3.1 REMENGTEEERH/IKEDLSA
3.1.1 kA

FIRBnER S & AHE RRIURFEL, HRERFS N
ARSI E S N T 20 I sk A 35K B 50 3ok o A7 T 4k B 3
ok I 7 4 G A B P0G T A B A BN R S R R A L 2
AT LA Ry 5 % A AR B SR R X

EEIR/ANA N« D i ABIRE X Hobh N A S A
D NEAREA S M BIRET R RN X=X,
Xooon X JT L X =X X ooy Xip Jo R —AFEAR
SR TR —REAR S AR A AR py SN

exp [ — X —x |
= 2ot (®)
b XX
kFEi p( 20‘? )

Forbr,op MUAREA G X b o py b oy 22 . B SRR
2 30 (5) AT ek L 45 2 X Bk A9 BE R KL R P

b pin
. . 9

PNttt PN
Horf, & py =0, HIZH B F EX AL,
3.1.2 #HEE &

T UL 2P RAS RS A, W] DUR 4 X (o) i B AR
B

hy = — p;log: p; 10)
5 20X FR 19 {5 B A M5 H .
[ S
H=| : ' ] an
Byt v haw

MR 5 @ 47 35 AR R AE 1 K/ AR KON R BN AT £
A BE 8 X BT FOREAS A5, % & M REAR BB R S i ASREAS S 1
RERBE BT LB A8 . BAAREA R X, (AR M R ok

[E R 12)

AN TR ) 0 W e e A LA A A A BT R ) T ABE 2R
A0 30 R 5 R B O R AR A B T LG R
T8 14 ABE 3R A 40 5 45 BRI B A 7 F o 45000 4R 0 AT AR R AR
RGN G St B s B SR AL 5 A . MR E B R i T AR
AR GBI AR A 1 ) W, 18 HROME 38 S KA AT & A FE AR AE BURE AR 19
S o Sy VRN A 40 Sl A A A S N A BT R L T
A % B A 5 R AL B AN, I R AT
AlERE S B & T 058 S 800 1ok B 4 25 SR 1y 5
12245 R 3k MR S 3k O T DA SR T R 1 R S B G
SR B T TSI O A B A L R EIR A T R
AR A L 00 4R BN T o R B R B R 9 R AR 15 L
3.2 HE#AANE

HR YA R B 515 B R /N X R AR 0 30 4 a5 AT A
I3 e 38 1 SR BOS B -5 i A TE R B B 2 8 22 (7 A
2 bR B, i A5 7 AR 2 o A IS 08 3 Y 5 I A 104 408 3R
HEF R4 — 2,

RAEAT £ A8 T8 DFEAR SR AR R AT LT
G Y

wh = P 13
gl(p,]+p,z+---+p,k>
B A 2 A B ] DA B A SR R W
w{l u'%k
w=| : i lsn Yw=1 s
i=1
Wt Wi
MR YE AT B 4 [ v] LA 5 H A E A 1 W2
wh =~ ks (15)
Zl(h,»Hrh,er---Jrh,k)
w%l w%k
.
wi=| + i st 2Dwh =1 (16)

2 2
WN1 W

M TR S I/NE S R — BB B RS B

240500021-3



Com puter Science ML

Vol. 52,No. 6A,June 2025

BARRHAT R Bt 75 B AT S8 o

REMNERRN:

W=aW'+(1—a)W*,s. t. é]lw,J:l an
3.3 BEATIR4EHERAN

HEATAR Gk 4 A B, 5 2 R /M H AR 1R 25, AR SO i
O3 M 55 AR B SR T i O 2 /b HE R 1R 25, U 3% ) A T DA R
TN

mmL | x;,— Lw x; [?=minl X, —X.W. || ? (18)
W,

W, j=1

IR EfTiE&fU*/I\ﬁ“i/\%EWF Y. @Pﬁ““fﬁ%ﬁ'ﬁﬁ

ﬁzﬁﬁmmﬁ 5 10 20 KU S MG 242 D i R 9
T =S X —yw, | : (19)

Hoh W, O e (AR SRAL R 0] L Y A AR 4 i A GE B O 5 X
JO)RT A FEO 0, AR AR Y, 20 RXF J (V)R

aJY)
Yy

PR ,
S OIPEUAE

S PESUAE
:%DI—Z(X,-—YW,)W,T 20)
4 PRREFE . .
iwmw
it
Y= (SXWHSww) (22)
& (22) 5 Tt
Y=U-W"(I—W) (23)
Hoo 1 B S b R S TT LA B A A B
977 . 78S BR I PR L T DU 3 R T B W, 4R R
F ik 2 23 T B A B Y 5 WA T4 5 4 KR e 5 59405 4 2
], PIE-LLE ¥ #5 & E W 3 i,

D
=2 X.w/ 21
i=1

WA

EFRE

il iy

0 200 400 600 800 1000 O
RERHE

P B

05
2

bt

-2

Bl
o
Hifig

200 400 600 800 1000
S g

N

i
(-]

o

0 200 400 600 800 1000 0 200 400 600 800 1000
HeRE £

'
N

FARIAR A
Pyt Py
! 2n
P Dir
P
Y.
hia [ hi
AEA S B FL TR
| e |
X[, X X —>
. Wit _> Wik
XN :[le’xNz’“"xNk] \3‘/

€ 3 PIE-LLE 8 %7xm &K
Fig.3 Schematic diagram of PIE-LLE algorithm

TI S0 B8 (4 A 2% 40 A R T 5 4040 48 1 RKER L 0 2 7
AR ERE, S AR ME R, RRERE—FE
FH A I B e s o {H SR K TG B e Gk A e B SO
S AR R S BUR A LLE $kAE MR 4 B b 20 T B
Y BERRAE M0 R A R A AL AR Sy i AR R IR R
ANRE AR A T T 22 ] Sy 40 3 1 M 25 T /DN L R % 4 IBUBOHE 46 1
A LR VEFRAE , B A B e 4 T i R

ol 7R AR B £ 2 K = AR AE B B AR BN 5 5 0 IR
(BRI AL 45 PRI B rh 2 2 22 0 RS [R] 2 280 (0 R AE 15 8, 0 200
% RN A B A ) B, L RK G I R A A 2 A 0 R o
R E R A R L A B R b . e SRR HE SR T 0 G 4
A AR SRABEIRY L BT LA e 15 B D LR A 0 [ B 24T O B AR RN 1Y
FRAE SR B,

A SRAR AR e 41 B L R AE L B e T A AN RE AR A A Y
5B KN A5 ST 2 0 R ACKE 3R AT T e A 4 B S AL
LI R S AR i T L 408 dal e 3 3 0 o A [ I R
A R F] M 6 53 A 5 B A BE AR (R B A3 A L B O AT B 3 4 1 T
7 TR e R A f

PIE-LLE ﬁ%vﬁﬁ@ﬂul& 4 iR,

LS ST DN

| WL H. A }-——1 SEFAE |
y __ IoIooTImmmmmmmmm |
| 5k S }——1 N*D /B S !
et

| BABERD (X (8) ) }—-| REE LS X 10)) |

v v

| (AR N A | HHERBE, (£ (16)) |

!

| HHEMREW (X (14) ) ‘

€
¥ |
| RE®AE (X UD ) }~——1

!

|
| BAMCERRE (X Q0)) }-——1

!

| HAEBAER (£ (23)) |

| 1
IR E RN R ----d N*dA /IR B BT :
|

B 4 PIE-LLE Bk mBER
Fig.4 PIE-LLE algorithm flowchart

240500021-4




XL LT, 45 - 2 T AL A 100 5 15 S B0 o 0 A e A B2

4 I

4.1 HEENEEmLE

ARSI SR P A B0 48 L 43 00 R R 4R LI T 4 K 2
A Bl AR B B 4 (CWRU B8 42) DL BCR 4R A AR A il K
F AR BELLT 5 Bl 2R B 2R AR (NEPU #0dR 48) .

1DCWRU %4 4

MR A BIE—A 2 DA R AL CZEM) . — LA L s/
Hii i CR ], — AU DB CH D s i i+ 3 8 CR R .
T R S PE ML o 8 T R A T TR R R e B A Tt
R L B AR 4 ) 7 mils, 14 mils, 21 mils, 28 mils F1 40 mils
(1mil=0.001 ), 7mils, 14 mils FI 21 mils B A2 1 i B 4
F SKF #fi7% , 28 mils 1 40 mils B B4l F NTN 25550l K .

5 BN AT FH B AT B RS D A e R 3 o 44 3 i ke
JEETE 22 R AR SN b i B T 4y S A LA S Y 9K Bl
FR G 35 1 12 s 0 B 0 R B A R A L AR |
R BN15 5 16 38 3 HCH i R A Mk . A 3R MR A7 B Sy
FIVETE 3 A CH B e FHATIX) 6 2180 (I B F 347 XD
12 miphJsm . CWRU $dfa 4 & 78 0Hp LG4 LR
FESI RN 12k Hz MG 1720 r/min 915 B30T SR 48 1 Al BEA
SECR 400,488 T 100 AN TE B Rl K £ L 100 A Bl 2R AR
T 800 - 100 A Jah 7K N LI I 504 A 100 A il 7k A1 P i R
o, MRS SEIER T 1024 D RAEEAE R — R
MARREA , CWRU BSR4 RET G A 5 iR,

Sy

Bl 5 CWRU R8s R EL G
Fig.5 CWRU bearing dataset collection platform

2)NEPU $( ¥4

NEPU #4fs 4 R 5 A AR A6 Al K 2E MR HUF &, %7
G BB A IR B AL bR G T R O S S A A, R
SN 1 5. NEPU 4l 4R 276 1 Hp LML 671 28 L HL SR
FESI RN 10 kHz FIEEH 1400 r/min (15 50 2R 8 1 Bl BEA
SECH 400, 818 T 100 AN IE F il R HCHE . 100 A il R R Bk K
W3R 8CHE 5 100 A Hh 25 N R I 508 A 100 A il 7k A1 R i
B, ARG SEER T 1024 RS — DR
WRFEA . NEPU 7R 85 8 R 7 & W18l 6 s .

K 6 NEPU H/REUE & RET B
Fig. 6 NEPU bearing dataset collection platform

PR AR BAR AR BNk 1 Brd.

240500021-5

®1 HIRERKSHK

Table 1 Dataset specific parameters

CWRU NEPU
K H % /kHz 12 10
L # 3% / (r/min) 1720 1400
i # /Hp 0 1
BB 2K 3 4 4
AR 400 400
A% 1024 10 24

A YR A B 4R 0 B 2 BEAR L B A R T S
T il T I 5 AR A3 A X D A B AR R AT AL B A
WTAL BRI T BOE SR Y 29 ASRRAEAR B L TIUAL R P 114 A 48R
SRk 2 T,

*2 WHEHSHEZS RS

Table 2 Statistics of time-domain and {requency-domain parameters

HH Rk E
1y 1 U -
I R I
1 U;:11<1) P, U*l,gl(l(l) P
B AR
14 2 1Y :
P, = 721(1(')) P,= ﬁ,%l“/ (D1
1R B I B
u U
X (D) =P X (e —P*
i=1 i=1
=T a— Po=—
w—1P} (U—1 P}
& (E [H F g F
P7:PLmax\Ar(i)\ PBZPLmaX‘.Z'(l‘)‘
3 4
W F ko BT
P, 5 max|a()]
Py O
ﬁtgl\f(l)\ ?l:l\z'(z)\
A H K /NME
Py, =max x(1) P, =min x(i)
I i 7 ES ek
P,,—P 1 U )
Ppy=—tst P=1 2l
Xt E H F Z A
U .
_Py 3 (x(D—P?
- i=1
15 P14 PIG:#
E T 18

1 \%
P“‘ZVEIS([)

i 18 AT R E

18
A% .
v X (s()—P)?
vV /P,
iR AT 2 18 8 1
A%
1Y Py= 3 (s S
Py =—5 2 (s(D)—P " 227y ; i
B Typr sy s NG
i=1
R FE AR 9T 7 AR

AN
X (s
i=1

Py =

v
2 s()
i=1

FAR 4/2 Kt B EE
\4 4 N2 .
2 (s RS
Py= | Py =

V‘ 2
PRGARNE
i=1

V. V.
S5 X (s
i=1 i=1

AR R R K W E R E
v
_Py .?,(fszzV»‘(i)
2T Py Py = vp?
23
T

4 4
2 (f; =Py ts()
P _i=1
29 1
VP,




Com puter Science

HEMEY  Vol. 52,No. 6A,June 2025

4.2 EKIGHW

E LT VG A 2 Bl 7R B B 45 (CWRUD FZR AL A il K
SR B ECE 45 (NEPUD | b 47 3803k B B 12 W 52 50, 3 5
PH AT AR 5 AN B b BAE 3T PIE-LLE 52 3k 5 B3 10 45 1iF
PG B, A VAN SR O s R AT T WAL S5 L T B W g
R 40 5 384T Fisher 5050, @ MEVRME R ORI . #

LE.LLE, HLLE.SLLE, LMR-LLE 5 A 3C# % ¥ 17 % H ik
0, 0 IE AR B AR A T A B T 0 R

DI RIACN A

PIE-LLE B 5 H A5 75 CWRU 48 & (9l 4k
XFHAnE 7 iR . PIE-LLE $ik 5 H A5 2% % NEPU 4
£ A AR EL a0 & 8 B .

N
(b LLE (o)HLLE
02
01
N N
0
-01
0
Y o0 o 002 Y 2 0 X
(dSLLE (e)LMR-LLE (DHPIE-LLE
[(= Ewhs  * mEERE e AKKEEA A AEKENE |

K 7 PIE-LLE 8355 H AL /e CWRU $dfs 4 b 19 (% 4k ol 904k X He &

Fig. 7

y 010

(dDSLLE

Low dimensional visualization comparison between PIE-LLE algorithm and other algorithms on CWRU dataset

20 -10
Y -20 X

(c)HLLE

[ = Exmk x pEEERE

N
0
004 002
-0.06
(e)LMR-LLE (DPIE-LLE
o HRHMHA A AEHEHE |

Bl 8 PIE-LLE 8 ¥k 5 HAbH 2 7F NEPU B4 4 (9 (% 2 vl SR AL X Eb &

Fig. 8

B UL bl ARG B n] L AR 4% F PIE-LLE 9%, LE 5
HLLE 5 %: 76 P50 48 b W2 5 508 5 KR IR Ve . ok 1
BUBCE B4 %% 45 4F s SLLE 55 LMR-LLE % %k o] DLIX 43 3t 9
SR AR A T 2S00 A T S OV B IX 4 LLE 55
P CWRU $rdi 48 1 0] UK 23 Wi 28 508 . 78 NEPU 45 48
ERHEW] X 4 4 K85 PIE-LLE 52 3 U /T DL 5g 4 X 4%
4 Sl BB AR OO A B R AR . AR B R TR AR
S T 40 A B SR R R TR O A B PR T DA AR G b 4 UK
P 11 2 BEAFAE L

2) VE R I S2

PIE-LLE 83k 5HAE L CWRU 0I5 4 b, £ (H R
T 00T R AR 9 BTk .

Low dimensional visualization comparison between PIE-LLE algorithm and other algorithms on NEPU dataset

" NN
09 {
= 08f k
e
§ 07 +
4 -i-LLE
"@ 06 |+ - HLLE
SLLE
05 L -8- LMR-LLE]
-4 PIE-LLE
o4 c T
5 6 7 8 9 10 1 12 13 14 15
HE
9 PIE-LLE 8k 5 HAMA %48 CWRU %54 1R [H
ke B (4 B BE X LG

Fig. 9 Comparison of accuracy between PIE-LLE algorithm and
other algorithms under different £ in CWRU dataset

240500021-6



XL LT, 45 - 2 T AL A 100 5 15 S B0 o 0 A e A B2

PIE-LLE # 5 HAb 7 NEPU ¥4 ., 2 R
oL B HERA B A& 10 Prs .

0 ot gt OO S — |
L <

08

07 -

¢ LE

-s-LLE

- HLLE
SLLE

R/ %

06 -

-8- LMR-LLE|
-4 PIE-LLE

05 *

04 L L L L L L L L
5 6 7 8 9 10 1 12 13 14 15
+E
Bl 10 PIE-LLE 85 b5 578 NEPU $dlidE L A [
ke E TR BE X LG
Fig. 10 Comparison of accuracy between PIE-LLE algorithm an

other algorithms with different £ on NEPU dataset

L T DAAS Y, 2 BE 48 19 3 48 A A 408tk , HLLE 4%
TE SR IR M0 5 52 ke (32 AR K, B & {H 38 R 43 24 HE ff 2 52
TG LLE 553k 32 k{8 52 W B8, WE 6 B AT T U 8l s LE
BVLY R EERE £ H LR T R SLLE Bk 1 4 28
HERf AL F PIE-LLE H95; LMR-LLE 53578 CWRU £
EAE LRSS T A SR M 78 NEPU i % 1 (HBUE 1
A BIE BT HERS BE T AR UL, BRI F L PIE-LLE 8k
FET BG4 AR I R A 0 1 R AE R OO A A
X}

3) Fisher 5056

A S HALE B 1Y Fisher 2800 45 B nsk 3.8 4
ol

#* 3 ARBELE CWRU iR 4 109 Fisher FEARZ5 R T 1L
Table 3 Comparison of Fisher metric results of different algorithms

on CWRU dataset

ok Sy S F
LE 5.77X10 4 1.76x101 3.28
LLE 1.50 0.76 1.98
HLLE 1.21x10 % 3.00 4.05X10 4
SLLE 1.24 1.02 1.21
LMR-LLE 4.10X107% 2.04X107% 2.01
PIE-LLE 2.26 5.21X1072 4.33X1022

4 AFEAE NEPU B4n 4 19 Fisher 8 ARSSE AT 1L
Table 4 Comparison of Fisher metric results of different algorithms

on NEPU dataset

ok S, S F
LE 4.92x10 4 3.03x10 4 1.63
LLE 1.08 1.37 0.78
HLLE 2.91x10°° 3.00 9.71x10 4
SLLE 1.01 1.56 0. 65
LMR-LLE 5.48X 1073 1.40x10~1 39.19
PIE-LLE 2.26 9.50X 1072 2.37X 10

M3 3,58 4 AT, PIE-LLE B8 vk R [R] e B 2 0 500 1 255
VA HICE /D S SR RV HICRE e KL (L TE BT A R b R B AL 75
RAMRE BRI REIEW T A SCH RS AR S B R
FER A RS A

DFE AN ES SR

ASCE S B UG E S o HFEAEARR £ EHTHF
B FI BT o XF PIE-LLE 5532 38 282008 09 5% il AR e 3t 4
B1LL B 12 iR

Fl11 AR ok T F EHERG T E(CWRU i 4)
Fig. 11  F-value bar chart with different a4 valuesCCWRU dataset)

x10%

B 12 7R ok FHF EHEARG T E(NEPU £45 4
Fig. 12 F-value bar chart with different a,% values(NEPU dataset)

WAL LS B8 A E M o I, 4K Fisher (B34 52 78
1X10" PL . # CWRU $t#lE 4 I, k=12,2=0. 2 i}, Fisher
fE &K ;76 NEPU $#i4E b,k =13,2=0 W}, Fisher i & K.
SEI F W AR SRR X Rl AT S RO M AR AL TE R S
BT 0o O R R PERE L 7E KER A SL I S H0h L F E AR AT
DI B R B N, B A e AL TR Rk
4.3 ZWHER

Wt DA E SIS LR 4 e

1) A A0 P 3k SR 512 60 3 3 AU 2 e A 285 3R W 7 o = 4 A A
F L BERS WA AN W] 2 B4R IR Ak i A B 4 A 15 00 5 B Ho At
Bt AT b, T SR B PIE-LLE 33 3ok W S50 S A R 4E R
— 5 AN TR S B B G X 40 T3k, OB A R AR 1R R S =R
TR

DWER LI T A 2T A 5 3% KNN
SRR T R e B, 45 R R W] PIE-LLE 8L 7E £ fH N
5~15 22 [H] A5 £k i, 4% SCO% 15 09 43 25 o ot 3 il R AR A FE 7E
95 % LA I B E e s iR B T 100%6

3) Fisher Il B2 52 46 28 0 PPl T A SO 1 %R 4k i A RE AR
B 10 24 P R 5 2 I R R A, AR BRI A R L SR B T R B
RIf.

D RGN E S B E S o« B AR SCRIE
Fisher M B X bv AT bR 350 B8 528 80 %6 I S0 98 ¥ R FR7E B K
0 L DR A3 500 22 0 T R A R IR B T AR SCA IR AR
BUE A IESECT R E .

GRIE AU B PIE-LLE 8 5l a3 48 BOSCUE f9 HE
AT REAE 55 B RHAE L 1 S J WA A 08 38 A 9 B A A A
A B A B0 AN AL TR 4R LLE 57k 55 T R IG
HE B R T AR B A AR L L A T AL R R AR 25 A Y
FEHT R BE A X TR A R AR 1 S OO, HAE R
R 5~15 Z L, A ESER 0.0~1.0 Z AR M
R A RS P 38 T i A B 2 W RO Y D R A S 32

240500021-7



Com puter Science ML

Vol. 52,No. 6A,June 2025

QBRI IT DA R ORI R B AR R R - R kX
R 2 R A ABE A R DL HE AT IR AW ST LA R B R TR R [
W0 B A T A O A R A A L D R R A

£ % X M

[1] SU Z, TANG B,MA J,et al. Fault diagnosis method based on
incremental enhanced supervised locally linear embedding and
adaptive nearest neighbor classifier ] ]. Measurement, 2014 ,48;
136-148.

[2] MA X,ZHANG F,LI Y,et al. Robust sparse representation
based face recognition in an adaptive weighted spatial pyramid
structure[ J ]. Science China Information Sciences, 2018, 61:
1-13.

[3] HE X,CAI D, YAN S, et al. Neighborhood preserving embed-
ding[ C] // Tenth 1IEEE International Conference on Computer
Vision(ICCV’05) Volume 1. IEEE,2005:1208-1213.

[4] HE X.YAN S,HU Y.et al. Face recognition using laplacianfac-
es[J]. IEEE Transactions on Pattern Analysis and Machine In-
telligence,2005,27(3) :328-340.

[5] CAI D,HE X,HAN J,et al. Graph regularized nonnegative ma-
trix factorization for data representation[ J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2010, 33 (8):
1548-1560.

[6] NIE F.WANG Z, WANG R. et al. Adaptive local embedding
learning for semi-supervised dimensionality reduction[ J]. IEEE
Transactions on Knowledge and Data Engineering, 2021,
34(10):4609-4621.

[7] WANG D,HOIS C H,HE Y,et al. Retrieval-based face annota-
tion by weak label regularized local coordinate coding[ C]// Pro-
ceedings of the 19th ACM International Conference on Multime-
dia. 2011:353-362.

[8] FANG X,HAN N, WU J,et al. Approximate low-rank projec-
tion learning for feature extraction[ ]J]. IEEE Transactions on
Neural Networks and Learning Systems, 2018, 29 (11):5228-
5241.

[9] TAN C,CHEN S,JI G,et al. A novel probabilistic label en-
hancement algorithm for multi-label distribution learning[ ] ].
IEEE Transactions on Knowledge and Data Engineering, 2021,
34(11):5098-5113.

[10] HSIEH ] W,CHUANG C H,CHEN S Y, et al. Segmentation of
human body parts using deformable triangulation [ J]. IEEE
Transactions on Systems, Man,and Cybernetics-Part A: Systems
and Humans,2010,40(3):596-610.

[11] SAUL L K,ROWEIS S T. An introduction to locally linear em-
bedding[ EB/OL]. http://www. cs. toronto. edu/~ roweis/lle/
publications. html.

[12] WANG X,ZHENG Y,ZHAO Z.et al. Bearing fault diagnosis
based on statistical locally linear embedding[J]. Sensors, 2015,
15(7):16225-16247.

[13] SOIZE C,GHANEM R. Data-driven probability concentration
and sampling on manifold[ ]]. Journal of Computational Physics,
2016,321.242-258.

[14] LIU Y,SHI B,LU S,et al. A novel local linear embedding algo-

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

240500021-8

rithm via local mutual representation for bearing fault diagnosis
[J]. Reliability Engineering &. System Safety, 2024, 247,
110135.

CAI B,HUANG L,XIE M. Bayesian Networks in Fault Diagno-
sis[J]. IEEE Transactions on Industrial Informatics, 2017,
13(5):2227-2240.

SOIZE C,GHANEM R. Probabilistic learning on manifolds[ ] ].
arXiv:2002. 12653,2020.

VERMA V,FERNANDEZ ],SIMMONSR,et al. Probabilistic
models for monitoring and fault diagnosis[ C] // The Second
TIARP and IEEE/RAS Joint Workshop on Technical Challenges
for Dependable Robots in Human Environments. Ed. Raja Chati-
la. 2002.

CANDUCCI M, TINO P,MASTROPIETROM. Probabilistic
modelling of general noisy multi-manifold data sets[J]. Artificial
Intelligence,2022,302:103579.

WANG Z,YAO L,CHEN G,et al. Modified multiscale weighted
permutation entropy and optimized support vector machine
method for rolling bearing fault diagnosis with complex signals
[JJ.ISA Transactions,2021,114:470-484.

SAAD F,CUSUMANO-TOWNER M, MANSINGHKA V. Es-
timators of entropy and information via inference in probabilistic
models[ C] // International Conference on Artificial Intelligence
and Statistics, PMLR,2022:5604-5621.

KUMAR A,PARKASH C,VASHISHTHAG,et al. State-space
modeling and novel entropy-based health indicator for dynamic
degradation monitoring of rolling element bearing[ J]. Reliability
Engineering & System Safety,2022,221:108356.

TANG F,FENG H.,TINO P.et al. Probabilistic learning vector
quantization on manifold of symmetric positive definite matrices
[J]. Neural Networks,2021,142:105-118.

ZHAO L,ZHANG Z. Supervised locally linear embedding with
probability-based distance for classification [ ]J]. Computers &.
Mathematics with Applications,2009,57(6):919-926.

LIU Y H,ZHAO W B,ZHANG Y S,et al. Local linear embed-
ding algorithms based on probability distributions[ C] // 2022
IEEE International Conference on Advances in Electrical Engi-
neering and Computer Applications (AEECA). IEEE, 2022.
1336-1339.

LIU Yuanhong, born in 1979, professor.
His main research interests include
nonlinear dimension reduction, machine
learning and pattern recognition, signal

processing.

WU Yubin, born in 2000, postgraduate.
Her main research interests include da-
ta dimensionality reduction, manifold

learning and pattern recognition.

?.



