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Excursion Characteristic Learning and Recognition for Hand Image Knuckles
Based on Log Gaussian Cox Field

YANG Shigiang GONG Luqi
( Faculty of Mechanical and Precision Instrument Engineering, Xi’ an University of Technology, Xi’ an 710048, China)

Abstract; The effective description method for hand gesture is the most important in intelligent
coordination assembly process based on human computer interaction. And effective hand finger knuckle
detection is beneficial to the description of hand gesture. The structure characteristics of hand knuckles
image are fuzzy and it is difficult to feature modeling. The extraction and learning method of excursion
characteristic for hand knuckles image was presented and the hand knuckle was recognized by hand image
based on Log Gaussian Cox random image model theory. The approximations of image excursion
representation were given combined with level set decomposition of random image when the priori
hypothesis was absented in Cox process image model. On the basis of nonparametric kernel estimation of
image gray distribution, excursion characteristic was enhanced by nonlinear anisotropic filtering. And the
Bayesian form of excursion measurement was established. The model learning and feature fusion algorithm
on excursion characteristics with different excursion parameters was presented. And the features fusion
representation of hand knuckle image was acquired. The hand knuckles image recognition results with
many different hierarchical excursion data models were compared. The knuckle detection algorithm on
hand image was presented. The ROC curves statisical law of hand knuckles detection with defferent
models showed that the classification ablility of this method was correct and stable. The results also
showed that the knuckle recognition ability of the model had some difference for different knuckle
categories, and there were some differences in the deep distribution of image data between far knuckles
and mid-knuckles. And the method was feasible.

Key words: Log Gaussian Cox random field; excursion characteristic leaning; hand knuckles recognition

5 BRI IV B 7 A T B A, X 49 5 i i R LR

iIE e BT AR R R X A
PG 6T T A B REACRRIE S P LA IEAD A DL L U R R A (R 5

Wk H 1. 2016 —08 —09 &[] H #: 2016 — 11 —07

ELTH: HXAARSFESTH (51475365) (BRVG A HH T A HH A SR E R0 R 5 E (12JS071) F1Bk 74 45 806 1T R 05831
%155 H (2013JK1000)

EEEIN: HIER (1973—) 5, @l #z, F 2R e ILA A= AT R 3R H AR A0 AT 5%, E-mail : yangsq@ 126. com



354 & A Bl B ¥ i

2017 4

B AR A5 B9 AR 26 PE 25 A Ry 2 BE ML A AT 55 R AT 1Y
AR RSO AL S B sk Sk A
', PG A A A S e TR
R S A R A T R A 4 e X 1 [ 1%
FRAE A T BB L 2505 AR I 1Y il

T YA AR AL R (s ) R AR
ARG 5 R FE T R 5 G IR 132 B2 6
WA o 48 715 0 B RR AR X T T 57 48 Uiy o o v 2 5 A
FLERZ,F5 1 BGAI F2 2 T U] 43 B i 5 e B
A AME AR R A B L HOG IR &
AN BRAR A T30 2 AU ok A v B

Z F48 A W A5 A0 5 ), A5 1 R AR I R R 4G
FA 5% Ay A AR e T CRRAE RO K 3 SCBORA HL R
IS 3R DRI S5 5 A5, 7T 2% DA Bl AL A AR A R A
SE AR BB OB MR R R AE R n. R SRR
Poisson 25 6] /& a3 B ( B W FE AL Poisson 1 £ . Cox 13
T ) W TR A S I 2 L A DL e
BT 52 F 435 1 1 3 o7 1

B X7 5L T 5 A BEAL A LR Y H AR d A R A, AR
Z g0 IR S B0 T 5 3 0 5 0 i A 4
AREHEAT TRFSE T . Cox i B Gaussian 37
J5 25 BRI T X B 6T 10 114 7o 2 BAORT A5 78 45 ) A7 A A

MR, TEAE T EG H bn @A v, — O T HE LA B

BRI 5 228 2, 55 — J 180 Bl AL 45 44 A SR
JoT, 38 3 S UG B SEME LA AT A A0 B bR A,
AR Cox 1o F2 (4 48 11 o Ak X5 1z 19 IR 43 A o
ADLERA %" 40 T Wbl b 8 K- B 5 1P B 42
(B0, 48 T (A — i 7% S B P B AR Al T E 4R A

A ICHE Log Gaussian Cox 5 B EERl |, i i K B
G349 BE Al 1 3R 45 Poisson Z2 ¥ T Xf i Gaussian
GO, g 57 G B e AR B 51 2 2 5 40 11 35 A
A0 25 W AL R O A% REAE 1) S B 43 T 7 1k 5 X
EI& 2 B AS[RDE X 09 BE L O B2 e AE Bl 5, DL 375
AR M BRI AL A 2R, SR Y B AR R

1 Log Gaussian Cox fE#liz 5 B & E&

1E BA 2 2 LSS 14 1 BRB R b, 22
SR S MR I B S A M5 L R 0 AR R AE S B oy
A B BEALIER b A T BAAK B0 &, 8 S 800 51
A7 55 G IR BE R A )4 4 B B3 1 Tk . R TSR 50
B A AR I M 5 1Y) Cox 2ok R AR Oy e A
B, Poisson %% ¥ ¥ {H By Gaussian 37 ) 45 $ &
2 A P S O R i B B 4 4 TR Ok R AT
L4554 .

TERENL A G B LR, R € O F T
AR S F5CT B A BEAL S FE , BIAEAT 22

B (1 e SCR®) AbAF 1 55 R S 52 ] 0 A7 K Bl
L X

X(t,0):(2,F,P(t))—~(E,G)
K o—ZH= M Q EXR

—— B AL E
P(t)——0 b FEALI
E—FEE K JE

F.G——P(t) 5 E I #) Borel {04k
% B BE DL SR T2 R A 1 B M 5 R B 1 Al 1
PRSP X (2, 0) o F 1A R E A3 B
IR AR Ry Cox I fE o BURALE ¢ b JKBERL T 3T

X, (- 1Z) =X(t,wlw=2,) (1)
X,(+1Z,) ~Poi(nlexp(Z,)) (2)
Poi(x,1Z,) =Z"e ™" /x| (3)
X« FIRAL E o Ab IR B
Z— S H

PG RFE 73 BT 5 2 5043 1] 1 e IO B 5 8 1 K6
B B D S B A5 B AR E TR, 4 i AR X 5]
RN 7S Y 3 N AE ¥ 2 B 1) 2 BARAE D Poisson
WA SRR B Z IR X R B EL Z )4
NN SR BB S8 . 8BS 80 A B ML
AR R R R AE A5 B BE P (¢) E R GETtHRAE 52
PG B 5 AR ST 5 B8R SRS o 7 R IE S IR AT Y
Gaussian 37 bR BE 0 138 RO RBET , U EE P () HAK
{6~ Gaussian 33 #2 ,ic W E %8 S EHYE AR £, B

Z, ~f(1)
FE IR 500 2GR AE ok i P () B S5
m(t) =E[f(1)] (4)
k(z,,2,) =EL(f(t) =m(2)) (f(+') =m(t"))]

(5)
K m() ——EGIR S B E ¢ i8S H0N
k(z,2,) L8 ¢ 5 o ] S HOCER
Pt B R 1 AT 25 W 07 ¥ Ak X6t B Poisson S5 z, |
2,1 2
(2,2, ] ~N([m(e) ,m(t") ] ,k(z,,2,))
H N 24k Gaussian 5345 o SEXTAE W) & m (1),
JCW T 25 Rk (2, ,2, ) , Poisson ZHL Z, IR
Z, ~f(t) =GP(m(1) ,k(z,,2,)) (6)
Pi5X(6) 7] F1 Gaussian 3 18 I {E o8 805 P 7 22
BRI K W) BN 52 0 K oy A, E S B E
Poisson 437 PR 5 Jry 8 K BE 55 B85, 10 b T 225 o BRORT K
J3E 5 A 1 DRRL B AR AIE A B T S
Mo (S) =ELX(S) ] =E{E[X(S)IZ(S) ]} =

E{ Lexp(Z(s))ds}=J;E[exp(Z(s))]ds (7)




513

58 4% : Log Gaussian Cox 3 - & 15 77 ) [ {5 0 £% 7 Ak 27 ~1 5 1R 531 355

k[X(Sl),X(Sz)J =

k{ Ll eZ(st, LZ eZ<s)dS} +E[ Llnsz ezmds] _

L L k[ e 702 1ds,ds, + j

S1NS,

E[ e” 1ds

(8)

A sy s, —— BB s B w4 R R

PaxX (7). (8), Cox 3 | I B2 45 B2 1 71 Aii [F]
Gaussian 3 EWI BN o, A5G, HIRH T 22500 i
L T 2RO T 22 5 WRAE B, i AR K W
AR B 77 22 G2 T e LA 45 S B 2 K0 7 22 B
o H T b7 25 eR RO A [R] B AR 304 35 A G IR
Gygiit i i e B G AE B 18 W A5 R B 2 2% HoHE
W DR ME o A il = 0F HL AR PR 0 A A ST B Y I R
T, BEHEWT LA | Gaussian 375 45 #4) S B X 45 A4 45545
Pl 0 ) SR A R A R

9 S BRTHE Z H Gaussian 3 (9 45 #4411, AT 2%
FTXF Cox 1 2 MWL 537 /b4 A2 4 1 il 3, 78 X
m(t) 5 k(z,,z,) B Z A B AR A0 58 M
Z BB I 3% AR 927 2], SE ) Log Gaussian Cox
Wt AL 37 245 4% 1) i % 41 T

2 EGEENG ERRBRE

HeARBEBLIL TR G, T T 1 B /10 L
o 454 18 ) 5 5 25
P(T.f su) =Pisup/ (D zul  (9)

BRI IR T B R HEZR P il ik £ ) [ 58 KF B u

0 D B A B2 o 0 T B w, R AN RIS e T

Ab XTIV Y P A T % 78 B AL 37 0 (] i 1950 A 7D s % 5 3

AR B w, TR [ E L e T AT KA 7%

SR BE PR ME 3 R B[R] I AT AR A K (12) g i P

RAFEB Q ERIBEILRE KR A, 46 LS

TR EMIERMIEA, LT QAEBRE «w TH

0 ~ 1451 73 %1

A () =1teQ:f (1) >ul

{Au' (f") =tte:f (1) <ul

AR B A2 ) M R, %5 B B R IE B

3 A a] LI A A AN TR BE , BEATL P e i A 3 S R

SR ) GBS 2 R 3] 3R B 4R 5 S 2, BEPILOG

SR A B B AT SRy P v B SR Ik 55, ) i B 4 1) 0L

B . A5 (9) R PRSI 1 I JEE
AR G A A A ik — 20 R

Mo (1) =PIf" (1) =u,te 0 (11)

w (L, 02 ,0) =P(£rii!121’P(A”+ (a),f,u)=A)

(12)

(10)

Fop, S (1D) R T 1 BEAL 3 R AL m] L 42 4500 00 114
FAF T MR RENL £ 0 D B D BE 5 100 % Bl LA 5
T E G B L2 RO BRI S A K
ZHCN BRI R R BA A (12) i ie . 78
A (10) LAk b, A5 B xF w f9 DX 6] Ak AT 52 31 R
O ER 0 FRRA

0= u (13)

2co !
p(Q) e (ajb;]

TERA G245 B ALY b, RO AL 5B
XA gt TR, % B (6) i
ZH f AL AR B SR AEAE S, X R B AL
LR BA P EYERZ W, K3 f D % 4 R OR
XF R BRARAE 9 o0 A BAT B B8 o TR RUE
TEIET A (12) H i B8 0 B2 w19 36 3 9 AT
—TE Cox 3 b7 00w A% 44 5 I X

H= g (14)

Horp X T Poisson #f B9 ¥ wp 7726 Q' 1
RN

p,;,:Pl(“mgigP(AI:(a),Poisson,ul)B/\,) (15)

455 R B RRAE 19 BERI M, Gaussian 3 | #) 3i&
B E TR T ), £ F45 0 1 BLAT S a5 0
MRS e, 2 FPIE S, R

iy =Py, (?li,rzl/P(A;zl (a),Gaussian,u,, ) =A,, )

(16)
K =P22(mi!?P(Au+22(a) ,G,u;z) 2)\;2’
{lneanxP(A[n(a),G,u§2)$/\§2) (17)

Hia(14) ~ (17) AT R B 28w 5 A 1)
HBC{EL , AT g RO AR A PR 8 3B A 58 e A [ ) i % 00 2
wo 75 IEBIAS [l B 2 BT 1 i B8 I 2 4 AT A A Jd
IR BEAL S b R AL 1, 22 I R JR) B AT R AR 0 A
SCT AR, DRI P45 K 2 Al 3% 5 ik 11 3t 57 i e
i AR AR AP U R BEAT sl AR R TU AR (R i U
1 0T O 7% 2 B 5 1) B R I

3 RBZEERES ) Bayesian fiit

5 I8 b IR AN [ i B 7K 2 80T a3 0 8] F) A
FEVE N BRAT AT B B B B 2o, R A TR E
PR Tty b K i 7 D00 2 2 7 O AR L IR 2% 1 R OE
3, 7 Bayesian HEZL N X &4 (19 22 fi % 4 1L 2 17 Rl
B RN BEALIK L P18 00 B R Ak = > 19 L
3.1 BBMIESHMEITSENK

P80 JBE 55 % 7 A % 4 18] 56 2% 1) 52 2% 1 S £ 1
B DR R AL B L G 3 T A ke g D 2K (14) T iy 2
AP 7% I B DR, S S BOXTfi 7 0 2 A A RN
N7 b 3R ABE AR A A KRS UL 5 i B B AR AR ]



356 & A Bl B ¥ i

2017 4

KR HE— 2L WAk o I IR K 43 A B4 32 ' 54
HEATAE S HUR e AL T X UGS 13 10 K BE 43 A
HEATZHAL , 7R Poisson 1 FE X I A I By, , B

1 N
fulx) =3 3 ¢ (xiXiw) (18)

A N—H& L SR
oI UM A — 2L R 5K
(XGH(E=1,2, N) —— IR EOR T I B R A
w—"H% PR A 5E 2 4L
TE BV K B F AR Ry 03 A i 45 1F T, 4 4 ik
T ALY TGS B RO 2 05 TE w e, U R
o e, K (I8) PRYE L /i (2)
N (x - xi)z

e - 2w, _(yz;;:)z)

Si(x,y) = N-Zwm
(19)

TEA T B KGR IR B AR OCTR P 1Y 25 1, Bk
WY AR T R A R TRy A Al T
S LI T AR AR iZ A R Tk B X
PRI Poisson it # it 2 8035 f 1 iy BAR Sy, ]
ENEZE u=0F u, MM, BT E&
9 UH — Ak B2, g i T i B 0 32 ) A X2 o) R M T
WHER AT AL T AR R SO IR K R R Y i 7
Y fo ERmBEEREA —BOCR . KB,
L fe 7 B8 i B L0 5 0 S5 P 45 i % L0 1] F) 5
. B IER f AT R AR R S (14) Al el

fx =B =0 (20)
3.2 E-T Bayesian By E f4 it
& Bayesian Z5 R A IE T, 20 (14) b fi £2
PRl 1) 2 ik 7T 3 SR 25 A A T 2R X, B
K~ ED L (21)
1E Poisson Gaussian FE¥3% b 0 N EMRIEL AN
Poisson 3 B2, MM g, WAL Poisson j 2 b — [ X 7 1)
HESHZ I Gaussian 37 £, Hor B (19) 7]
SIS ey BRI ERASE, TTHE 2 WA T e [RRE
AR BARTE R, 730 3 i T2 (16) 5 (17) 1y
A AT i % D 325 RS 2% A i 0

[, p = Py (min g, = ¢ maxgiy ) (22)
ﬁ(’;zu’ =P, (¢, m!ézlxﬁ; = ,,mglfrzl “p
ing), < L 23
irllfleﬂp €y mgX/-LP) (23)
SR AE Py 15 Py T CHE T Gaussian i 72 L, 05 B 4

8 LA 45 4 Bt i % 7K F- B A [R)JE 32 A 52 2%, XE LA
TE AR OB R 45 K B LA 45t 2R AF D RS AR w1 L

IS AN e

WKL 2 57 6 B T, 1 26t PRI IR B A 2
O 28 PR, X o 0 AR 57 S AR B 7K 28 e
A BN B 5G4 ) O B 2 X B
f 7 B 45 S AT T A i A A8 5 T R 528
BUAE g X8 O RME . SRS 280 F R 5 88
B ), BTS2 4 A6 I B AR 25 M, T4 134 R 52
S B8 06 {0 S5 LB A A FL A — 5 AR 2
Ty o HIEHEHLE TR e TS M i — SR 25, 7608

BSH e, BN P, HA RSB ¢

J&FIX 0], (85 P, B B 14y Jp s g
R S SR R A ¢ (H AT LI A AT

5 3R o Ml RS 2 0 M B I A, T LR A P, S
P2 FhES {5 M I 1R A X WL PR 1% K B fir
H AR LR R A
1= D08 sy By ipomery ) (24)
p(Alw) o<p, (g, p(A)8 4, ., (A) -

iy (A)B gy ey (A)) (25)
Horb, D AT i B8 Z 80T AN [RE 30 3% 4 45 2 [
RS 450, AT 22 0 8% H AR 20 28 Rl R R X,
EORTRITE S i B8 I B2 A S EAT RS S DR
L E R xR (20) Hh w PR SR M 2 L 2 ) A5 2R
3.3 EGWEEEREST MRRENL
TE i 32 55 45 iE PR 8 B K P 4R B Al T ad R
TEMR % S50 ¢ 1 I 2 BB L i R AL B b, 2
) 3 P 0 I 2 (L 552 0 A B B L 5 R I, 2 3 B
JEEA T 45 SR i BB 79 0L 0 5 Ak a0 X LA AT
Jo SRR o o)l 0 R AT I 0 i AL BRRAEAE
K TR g B K R b 2 5 PR I ) RO 2 v Dk
KIg B . %8330 (19) P Oe A v 59 3T 53R
AR IR MR OB, P 0 B A T & R JC ik S B
JE G bR SE RS 5 o Ry S IRTG O R A 425X
&SR ARAG T B RO B, TR T T A U
P A 2 s A PR b A 2 R A RS (] I A
o Ml % A R R Y A
div(e(x,y,t) VI) =9, (c(x,y,t)I,) (26)
Hp c(w,y,t) =gC | VI, Il (27)
gC| VI|)=e 177 (28)
A K—FHRRE
W (28) Wi A 4 o 5 BOE 50, UL B Y HGE
TEGIKE T E Y g ok A A i XN
I =1, +AVeVI (29)

[

Arf A——FHRH




513

58 4% : Log Gaussian Cox 3 - & 15 77 ) [ {5 0 £% 7 Ak 27 ~1 5 1R 531 357

4 ETESREBINEFTENEESES

PAIE U A 5 e i 384 5 26 [ 4 P04 B4 00 L Al , 76 415
TYNGRAEAR 28 b 12 > i B A5 A0 L B, S8 RS 40
IR G2 1] 7 X AN [5) AP T i B 5 5 114 {198
(L, 5 DL R el il 5 AT A 0 B ) it B2 AL o
4.1 EFEBNENZFIEZX

LA 35 PG A K BE 73 A 522 20 g F AR K i
Mo I JBE o3 A VR D 18 5 9 A WD RRAIE o 1 AR B B A 7
A St L 30 ek Xk AN ) i B 00 B2 23 A IR DL Y 5 >, 55
DXL B TRl S 450 D i BEPLIN E 2R 18 T
I BEDURFAE I e FEEAT SC 9 H AR U . A Al 1
PR 7S B SR R 4 19 TR BE AL A 1 R AIE A9 F R
V5 T2 N GRB AL B 22 B B Y Y o3 )2
7o SR R 3 A BB

lPEESER
e

EUR IEMI1E
[ [
AN Z AR RS WU Z AR Fs
PURIEACITE NS LIS s il
Iéﬂ‘ﬁfﬁfﬁ%ﬂll [ ﬁ?ﬁﬁfﬁ%ﬂﬂ
255 F) EZL 3]
Dl 5 rzAllE
#—._gf'\é
IEFEAE R | | BOREAR R | | IEFEARUR | | SRR AU
FEARILSR A RIS PRI | | B RLSk
IEREA RS A RS
FEAE FEIE
Rt Lm S S Rl A

F1 TG 9 K TR A5 B B AR B AL 2 > SR AR
Fig.1 Flow chart of random excursion characteristic

learning algorithm on hand knuckle gray image
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Fig.4 Flow chart of knuckle detection algorithm on

hand image
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Fig.5 Comparisons of constant threshold image detection

for knuckles based on different data models
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