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Abstract  Thanks to the severity of retinal vessel lesions is an important reference to the diagnosis
of vessel diseases; the segmentation and analysis of the retinal vessel have a great clinic value in
diagnosing and treating these diseases. However, due to complex structure of the retinal blood
vessel, gray level crossing and the influences of the focus and noise, many algorithms have

disadvantage of inadequate segmentation on the position of adjacent vessels, crossing vessels and
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micrangium as well as being affected easily by the focus and noise. Aiming to the shortcomings of
existed methods and considering that partial vessel structure can be separated from background
and the resistance of model to noise, we propose level set method to segment blood vessel fusing
regional energy fitting information and shape priori. First, in the stage of preprocessing, it uses
GAC level set model to control contour curve evolving to real border, which leads to retinal
mask, eliminates central bright line of vessel and evaluates background image of retina, conducts
subtraction and multiplication with initial image and mask to reinforce retinal vessel image. Than
by the characteristic analysis of anisotropy of Hessian, its character values have different geometric
property on vessels, background and the focus, to maximize the difference on different structures,
we rebuild vessel response function by the eigvalues of Hessian matrix to acquire primary image
of retina as prior and initialization information thereafter, which alleviate the sensitivity of level
set model to initialization and missegmentation. On constructing the model of level set, taking
into consideration separation of local retinal image, noise-resistance of model and so forth, we
make a distinction between vessels and background via the property of regional energy fitting of
RSF model and build shape constraints of level set using prior information as well as geometric
property of level set function, the curve will receive punishment when it is away from the position
of prior information, the further, the bigger the punishment is. The integral vessel segmentation
model of level set is composed of local energy fitting., shape constraint, area constraint; on the
process of minimization, it overcome the shortcomings by energy fitting of insufficient segmentation
at adjacent vessels, microvascular and vascular intersection that exist in many established
method, and improve the noise-resistance of model via shape constraint. At last, the final retinal
segmentation image is achieved by area of connected domain and geometric operator constructed
by width and height information which can further eliminate the fake shadow of connected domain
and the focus. By the experiments on following three databases, the sensitivity is 79. 4547 %,
81. 0653%, 81. 1773%, accuracy is 96. 1820%, 94. 2147 %, 95. 6413% corresponding to dataset
of fundus image of HRF healthy, HRF diabetic and HRF glaucoma in database of HRF; on
STARE, DRIVE, the sensitivity is 79. 0860% , 75. 3535% , accuracy is 95. 0340% , 95. 3565 %
respectively. The results above show the effectiveness of vessel segmentation method proposed in

this paper.

Keywords regional energy fitting; shape priori; level set; Hessian; response functions;

connected domain

.2D

18%7,
[6-9] [10]
[2-3] [11-12] [13-14]

[15-18]

[19]

el s teo2s] [6-9] Hessian



2018

1680
. X GAC
[10-12] cv GAC
[13-14 ] ,
L Li [32] , CV
[15-18] (Region-Scalable Fitting energy, RSF) )
s s , RSF
[19] ,
s ; Hessian
, [20-22 ] ,
) ; Area .
, . (W,H) ,
[23] 2
s s HRF.STARE.DRIVE
RGB N
, [24-26]
(er-36] Osher [30] GAC
[37] “ ” s
) [} N H s
N-+1 s s
s 2.1
I, [30] GAC
(Geodesic Active Contours, “ ”
GAC) Lso] | C-V(Chan T F
and Vese L) z6] s , “ y
, Li [31]
1 HRF 12 h



7 1681
2336 X 3504 1176 X 1752 (), (b, L15].
(o) (D) . N
Ve 7, (e), (D (b, (e y ,
2 12 h
,(a).(b).(c) . (d)
(o) (d ,
1 GAC “ ”
2,2
. HRF
, 2336 X 3504
1176 X1752 s 3
s 100 X
1009 3
5X5; STARE.DRIVE s
50 X50, 3 X 3. Hessian
(1) “ ” , 1 ’ ’
(3.) ’
2) 5X5
. ’ ’ R Area
(W.H) )
. IEx!cn
. 2. ’
2) 100 X100 R
[ [ 31
fren w ’ . facks? 3. 1.1 Hessian
Ienhance .
(3) Latanee Lo, ’
255]9 IUmyS- ’



1682 2018
Hessian s J
o (Iyy) ’ ‘Al‘Q‘Ag‘q
Hessian . Hessian J
’ l)g(xvy)
'G,(x,y) G, (x,y) ,
Y’ SRs)
H(x,y) = Igus X . Y , ‘x Y (D v (253)
o°G,(x,y) O GJ(JZny) v, (2, y)=
oyox
, Yo o 0, 2.<0
Hessian s
A A A 1 Ré 1 — Ay =0 “
1 2. s A —exp| — p —exp - , =
M o) | =]
i ‘/11‘<<‘/12" B , B=0 5,0
(z2y), s S J (4)
s 3. ’ V,,(l'ay)—)19
, , VJ(Iay)"Oﬁ
=l =] >0, v (z,3) €L0,1],
( ); [8] ’ 4(8) (b)
A=A =0, s
L 2,<0 ( YA, >0 v, (x,y), ,
( ). ,
A >0, v(z,y)= max v, (x.y) (5
Omin Omax
. HRF s€[1,11], HRF
STARE DRIVE cE[1,7], 2.
4) (5 Trags
V(1'9y>9 IResp-
3
3 L2
Hessian (x,y)
. Frangi el “ ” (Ridgness
score) 1/R,= 2,/ , Hessian
F Hessian
F :
S=[|H[:= | D% 2
i=1
7A1%09i:1927F R'Q 4
A<l |2 [>0.F v (z, ) €[0,1]7, Lies
Ry , : ¢, =0. 00001 Iy »
|2 [~ 2. [>0.R; . F ’ © , 4(0).
¢, =0. 0001 Iy »
’ ]' 2><2 Ilzjinary
_ _ 2 2
JT=a =D+ 1D (3) 100 ( (147,
) (1’93}) ) ‘A|‘<<‘Az‘a II;’ 4(d).



7 1683
y I 2(1—21}““‘,@').
, 322
32 Er($,f1sf2)
N s , 3 L2 Iy
N IIS
; soayy=]2 7O (10)
’ sy {72’ Iﬁio
; GAC [30] RSF [32]
C , t*
N N SD(xat*) :
, . d(IaC)a Ie Coulside
, gp(f,t*):JO, xeC (1)
. I_d(l‘oc>9 Iecins\de
E(‘}Safvlaf‘z):ER((ﬁ’f‘l 9f2)+77E¢,(¢)+ ’d(I’C) x C
P ($) +uLp () +7AR($)  (6) Euclidean » € Couside C
(6) € Cinside C waeC
C
.7]7}171/77 ’
321 C s 50(1',t*)
RSF . , ¢
£ im1s2 ’ ¢ (xst*) Es($).
k,(x—y) Y Es(p)
. y . o Exh=| [H @G~ H (@ ["de (12
[0}

ER(¢9f1 afz)z

2 . "
Z;ﬁ,J(Jk,(x—y)\I(y)—fl(x) M ($(3)dy ) de
7
o Pii=1,2
) Lipschitz SM (),
1=1,2 s .
M ($)=H($),M5($)=1—H($). H* ($)
Heaviside , Dirac 05 ($).
H<($) :%<l+£arctan<i>) (8)
b €
. 1 €
5 ($) T 9
€ ) e=1.
, 3 L2 I lljmm

, P (x,y,0)=

b

2.3
¢
( )
, C
, . [21]
Pe(#),
PR<¢>:%J (| V| —1)’da (13)
n
, C
LP(¢>=J | VH($) | dx (14)
n



2018

1684
f,(1'>9i:192
. IB
Tiuns T I o= (1 = £ MGG dy=0 (16)
’ vI]\’e
Ac®. L (16 E
Tl 5(a) (b) f{(x):/e(,(x)X[M,-(?S(x))l(x)]’ i=1.2 A7)
b (x) XM ($(x))
fi(x),i=1,2, ¢
Efi, f2).
%:*65(@(&61*‘8262)-’—75;'65(5{))4—
5 \Y
’ uaf(szs)div(vi)—
Ar($)
290 () (H () —H (¢)) +
AR(¢):J g(1—H($))dx (15) Vé
o ,ﬂm(( | Vé|—D ) (18
g=1/(0+ | VGX Iz | ad
’(} . (15) s 8s(¢) (9) Dirac delta . e
g=1, s
g—0, e,(r):Jka(r—y) | 1) — £, () |*dy. i=1,2 (19)
Pr($)
33 | V|1 : (18
HRF.STARE.DRIVE s
8 .
’ a¢ ”N¢:"+17¢;I . (+) n
Area (W, H) ol A D, ¢ 20)
’ ’ ’ o9 “NS{’?M — ¢ — D¢ ‘n
. W/H W X H ox 1/\, 2Ax M i
) : : 2D
: ai¢ ”~¢]+1 *75]-—1 ::D<°’¢ ‘”
(10 4<W/H<2 5; oy |, 27y y j
(2) WX H<3, 5Area; 42
8 30 ;
(3) Area<<30. Trays ,
1~ 3 ,
5 3 s
4 IGrayS’
4.1
¢7 f;(T)’l: I(;mys 3. 2. 3
1,2 E($, f1,f2). Ik.. ,




7 1685
I, s 6 15 \ ,
T, 5%, 2336X3504, 1176 X
. . 1752 ; STARE (Structured Analysis of the
s Retina) 1975 Michael Goldbaum ,
40 2000 , 10
10 , 605 X 700; DRIVE
(Digital Retinal Images for Vessel Extraction)
2004 Niemeijer s 7
33
, 20
, 768 X 584. ,
6
51
y=ms 22) ’
100 X100 s
y = nlog,s (23 ’ 7(a) (b)
[15] ’
‘7:u2 24) (e (D
(22) (23) ,
, 4. 2
’ | I s
’ ’ HRF
’ , 1 . HRF healthy
7 ’ HRF diabetic )
mn.a.l 5.1.7.1. T

Matlab R2012b,
Intel (R) Core (TM) i7-3770 CPU @

3. 40GHz, 8 00GB ,64-bit Operating System.

, L=<1/4",
, t=0. 1, p=1.
B=p=1, . .
(22) ~(24) VsV
. HRF
1 min ., STARE DRIVE 20 s.

HRF.STARE.DRIVE
, HRF (High-Resolution Fundus
2013

Erlangen-Nurembeg ,

image database) Brno



1686 2018
1 [15]
HRF healthy 01 h 03 h 05 h 07 h 09 h
52 719248 95 08575 87. 6188 57. 3860 59. 7692
[15]s% 106 3369 112 8108 157 8549 91 5547 101 1754 53
HRF diabetic 01 dr 03 dr 05 dr 07 dr 09 dr
s2 73 4818 175 9325 70,3389 82 4704 139, 0179 i (F) ’
[15]s% 1779209 284. 7996 77. 3721 168 5368 191 3803
33 3 .
52 9 8(b).(e).(h) )
HRF
(HRF healthy) . (HRF diabetic)
(HRF glaucoma) 12 h,01 dr.06 g
) 8,
2336 X3504 1176 X1752
9
9(a).(b).(c) ,
) (d. (e,
D. (HRF diabetic)
(b , 3
) 3
8 HRF 5.4
8 HRF X 8]
(a) . (d.(g) 1 GAC (0] oy [36] (
> ’ Hessian GAC
(b).(e).(h) C-V ),
» (o) (D), (D) . HRF
( ). () .(b).(c) 12 h 2D , 2336 X
, 3504 1176 X 1752 )
(d.Ce). (D ,
) ) 10
(.. D, 2.3 1
) ( ) - ” - ”
(h) , “A”.“B” “C” .

’



7 : 1687

10

?1994-2018 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



1688

2018

10 1 . (.G (m) ,
[14]. [30]. [36].
, [8]
(b (o) [8] Hessian
“A”‘“B” “C” N
, “A”
[14] , [8]. [30],
[36] ; 10
(e> “B” [14]
[8]. [30]. [36]
“B” ; “C”
, [14] [36]
, 10¢e) (k) [14]
[36] “o» , 10
(n). (o)
(P (@ () s
55
s HRF STARE.DRIVE
[8]. [9]. [14],
(157, [197. [20], [227. [30]
[36] , [8]. (147,
[30] [36] .
(@YD) (Sensitivity, ).
(2) (FPF).
(3 (Specificity).
4 (Accuracy).

(5) F-measure: (Precision)

L Tp
Sensitivity = m (25)
FPF = L (26)
Fp+Ty
S[Jec‘z'fi[y:i 27
Ty+Fp
Precision = T (28)
Tr+Fp
T+ Ty
Accuracy = ToETut FytFa 29
Sensitivity

F-measure=2 X Precision X — —
Sensitivity + Precision

(30
TpsTnsFpsFx N N
. . (Tp):

(T

2  HRF healthy

HRF healthy Method

Sensitivity

FPF

Specificity Accuracy

[8]
[14]
15 [30]
[36]

0. 813947
0. 783967
0. 763820
0. 758573
0. 794547

0. 045180
0. 028333
0. 026 307
0. 022600
0. 021100

0. 954753
0. 971667
0. 973693
0. 977 340
0. 978900

0. 941633
0. 952933
0. 954267
0. 956 787
0. 961820

3 HRF diabetic

HRF diabetic Method

Sensitivity

FPF

Speci ficity Accuracy

(8]
[14]
15 [30]
[36]

0. 786927
0. 742700
0. 758940
0. 800623
0. 810653

0. 067780
0. 045133
0. 048432
0. 057554
0. 048207

0. 932227
0. 954867
0. 951380
0. 942446
0. 951793

0. 922333
0. 941100
0. 938160
0. 932154
0. 942147

4 HRF glaucoma

HRF glaucoma Method —Sensitivity

FPF

Speci ficity Accuracy

[8]
[14]
15 [30]
[36]

0. 796 627
0. 818133
0. 753787
0. 794800
0. 811773

0. 051980
0. 051033
0. 034707
0. 040667
0. 033053

0. 948020
0. 949033
0. 965293
0. 959513
0. 966947

0. 937867
0. 940100
0. 950960
0. 947940
0. 956413




7 1689
5 STARE [14] , .
< 0 0
EZQEEE; Method  Sensitivity FPF  Specificity Accuracy 7. 3535%‘95 3565% 2 6
[8] 0 782874 0 056711 0 943289 0 931863 - HREF  STARE,
[97 0. 707100 — 0. 972900 0. 938800 DRIVE .
[14] 0 705145 0. 029033 0 970965 0. 952390
[15] - - - 0. 945200 ’
% [19] - — — 0. 952100
[20] 0. 754400 — 0. 981950 0. 952100 1 Fomeasure
[22] 0. 718700 — 0. 976700 0. 950900
[30] 0 758881 0 045363 0. 954625 0. 939256 , (a).(b), () , HRF
[36] 0 784321 0 036274 0 963726 0. 949800 , ( ),
0. 790860 0. 037025 0, 962980 0. 950340
F-measure [8]. [14].
6 DRIVE [30], [36]. HRF healthy .
F-measure 0 7954.0. 7283.0. 7508
DRIVE- g A A >
i Method  Sensitivit FPF  Specificity Accurac . .
Database ° ? ’ ? 0. 7591, 0. 76595 HRF  diabetic ,
[8] 0 753585 0. 034605 0 965175 0. 947020
[9] 0 731500 — 0. 972300 0. 947600 F-measure 0. 6664.,0. 6052,0. 6379,
[14] 0 723990 0. 025780 0 974215 0. 953275 0. 6456, 0. 6006; HRF glaucoma ,
[15] - - — 0. 952600
(19] - - B 2 946100 F-measure 0. 7234 .0. 6489.0. 66613,
20 [20] 0. 784150 — 0. 979900 0. 951200 0. 6861.0. 6826. (d), (e STARE,
[217 0. 732700 — 0. 971500 0. 937550 DRIVE , Fomeasure
[22] 0 735400 — 0. 978900 0. 947700
[30] 0 710675 0 031215 0. 968785 O 946630 [8]. [147. [30]. [36]. STARE
[36] 0 734815 0 026720 0 973280 0 952765 i F-measure 0. 7251.
0. 753535 0 027620 0. 972380 0. 953565
0. 6735.0. 7114.0. 6679.0. 7048. DRIVE
2 6 HRF STARE. s F-measure 0. 7377.0. 7136,
DRIVE 0. 7339.,0. 7015.0. 7271. ) 11(b) ()
HRF R 2~ 4 5 F-measure s
, 15 HRF diabetic
(8], (147, [307. [36]. 2 .20 STARE 10
HRF healthy , . ) s
79. 4547% .96, 1820% ; 3 STARE 1mO0001,
HRF diabetic , . 1m0002., im0044 .
81 0653% .94 2147 % ; 4 1m0003
HRF glaucoma )
. 81. 1733% . 95. 6413%. 6
STARE , 5 [14]
N [8-9]. [15], [19-20],
[22]. [30] [36] , Hessian el
, [14] & 5661 , N
[14] . STARE Hessian
79. 0860% .95 0340%. DRIVE , 6 .
[8-9], [14-15]. ;
[21], [30] (367, .

[20] ;



1690

2018

11

HRF STARE.DRIVE
, HRF healthy, HRF diabetic,

HRF glaucoma 96, 182% .
94. 2147%.95. 6413%; STARE.DRIVE

(20

, \ \ )
95. 034 % .95. 3565%.

b

b

F-measure

(1]

(2]

[3]

Aguiree F, Brown A, Cho N H, et al. IDF Diabetes Atlas. 6th
Edition. Basel, Switzerland: International Diabetes Federation,
2013

Kirbas C, Quek F. A review of vessel extraction techniques
and algorithms. Association for Computing Machinery Computing
Surveys, 2004, 36(2) . 81-121

Wang Shuang, Xu Liang, Li Jian-Jun. Epidemiological study
on the relationship between retinal microvascular abnormalities
and cardiovascular disease. Section of Ophthalmology Foreign

Medical Sciences, 2005, 29(3): 145-148(in Chinese)



7 1691
( , s features. IEEE Transactions on Medical Imaging, 2011,
, 2005, 29(3): 30(1) . 146-158
145-148) [16] Nekovei R, Sun Y. Back-propagation network and its

[4]

[5]

(6]

(7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

Vermeer K A, van der Schoot J, Lemij H G, et al. Automated
segmentation by pixel classification of retinal layers in
ophthalmic OCT images. Biomedical Optics Express, 2011,
2(6): 1743-1756
Winder R J, Morrow P J, McRitchie I N, et al. Algorithms for
digital image processing in diabetic retinopathy. Computerized
Medical Imaging and Graphics, 2009, 33(8): 608-622
Lorenz C, Carlsen I C, Buzug T M, et al. Multi-scale line
segmentation with automatic estimation of width, contrast
and tangential direction in 2D and 3D medical images.
Lecture Notes in Computer Science, 2006, 1205 233-242
Sato Y, Nakajima S, Atsumi H, et al. 3D Multi-scale line
filter for segmentation and visualization of curvilinear structures
in medical images. Lecture Notes in Computer Science, 1998,
2(2): 143-168
Frangi A F, Niessen W J, Vincken K L, et al. Multiscale
vessel enhancement filtering//Proceedings of the International
Conference on Medical Image Computing and Computer-
Assisted Intervention. Berlin, Germany., 1998. 130-137
Chen Qian-Qing. Retinal Vessel Segmentation Based on
Hessian Matrix and Multiscale Analysis[ M. S. dissertation ].
Huazhong University of Science &. Technology, Wuhan,
2012(in Chinese)
( . L
1. . , 2012)

Jiang X, Mojon D. Adaptive local thresholding by verification-
based multithreshold probing with application to vessel detection
in retinal images. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2003, 25(1): 131-137
Walter T, Klein J C. Segmentation of color fundus images of
the human retina: Detection of the optic disc and the vascular
tree using morphological techniques//Proceedings of the
International Symposium on Medical Data Analysis. Madrid,
Spain, 2001. 282-287
Zana F, Klein J C. Segmentation of vessel-like patterns using
mathematical morphology and curvature evaluation. IEEE
Transactions on Image Processing., 2001, 10(7): 1010-1019
Nguyen U T V, Bhuiyan A, Park L A F, et al. An effective
retinal blood vessel segmentation method using multi-scale
line detection. Pattern Recognition, 2013, 46(3): 703-715
Gao Xiang-Jun. Retinal vessel segmentation based on multi-
scale line detection. Science Technology and Engineering,
2013, 13(23): 6820-6824(in Chinese)
(

. 2013, 13(23): 6820-6824)
Marin D, Aquino A, Gegundez-Arias M E, et al. A new
supervised method for blood vessel segmentation in retinal

images by using gray-level and moment invariants-based

[17]

[18]

(191

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

configuration for blood vessel detection in angiograms. IEEE
Transactions on Neural Networks, 1995, 6(1): 64-72
Mehrotra A, Tripathi S, Singh K K, et al. Blood vessel
extraction for retinal images using morphological operator and
KCN clustering//Proceedings of the 2014 IEEE International
Advance Computing Conference. Gurgaon, India, 2014.
1142-1146

Rodriguez R, Alarcon T E, Abad J J. Blood vessel segmen-
tation via neural network in histological images. Journal of
Intelligent and Robotic Systems, 2003, 36(4) . 451-465
Wang Y, Ji G, Lin P, et al. Retinal vessel segmentation
using multiwavelet kernels and multiscale hierarchical decom-
position. Pattern Recognition, 2013, 46(8). 2117-2133
Guo Z, Lin P, Ji G, et al. Retinal vessel segmentation using
a finite element based binary level set method. Inverse
Problems and Imaging, 2014, 8(2): 459-473

Dizdaro B, Ataer-Cansizoglu E, Kalpathy-Cramer J, et al.
Level sets for retinal vasculature segmentation using seeds
from ridges and edges from phase maps. IEEE International
Workshop Mach Learn Signal Process, 2012, 44(1). 1-6
Zhao Y Q, Wang X H, Wang X F, et al. Retinal vessels
segmentation based on level set and region growing. Pattern
Recognition, 2014, 47(7) . 2437-2446
Ghalehnovi M, Zahedi E, Fatemizadeh E. Integration of
spatial fuzzy clustering with level set for segmentation of 2-D
angiogram//Proceedings of the 2014 IEEE Conference on
Biomedical Engineering and Sciences. Kuala Lumpur, Malaysia,
2014, 309-314

Kass M, Witkin A, Terzopoulos D. Snakes: Active contour

International Journal of Computer Vision, 1988,

1(4): 321-331

models.

Xu C, Prince J L. Snakes, shapes, and gradient vector flow.
IEEE Transactions on Image Processing, 1998, 7(3). 359-
369

Collewet C. Polar snakes: A fast and robust parametric
active contour model//Proceedings of the 2009 16th IEEE
International Conference on Image Processing. Cairo, Egypt,
2009. 3013-3016

Piovano J, Rousson M, Papadopoulo T. Efficient segmentation
of piecewise smooth images//Proceedings of the International
Conference on Scale Space and Variational Methods in
Computer Vision. Ischia, Italy, 2007. 709-720
Kichenassamy S, Kumar A, Olver P, et al. Gradient flows
and geometric active contour models//Proceedings of the IEEE
International Conference on Computer Vision. Cambridge,
USA, 1995: 810-815

Kimmel R, Amir A, Bruckstein A M. Finding shortest paths

on surfaces using level sets propagation. IEEE Transactions



1692

2018

on Pattern Analysis and Machine Intelligence, 1995, 17(6) .
635-640

[30] Caselles V, Kimmel R, Sapiro G. Geodesic active contours.
International Journal of Computer Vision, 1997, 22(1):
61-79

[31] LiC, Xu C, Gui C, et al. Level set evolution without
re-initialization: A new variational formulation//Proceedings
of the 2005 IEEE Computer Society Conference on Computer
Vision and Pattern Recognition (CVPR’ 05). San Diego,
USA, 2005: 430-436

[32] LiC,Kao C Y., Gore] C, et al. Minimization of region-scalable
fitting energy for image segmentation. IEEE Transactions on
Image Processing, 2008, 17(10): 1940-1949

[33] LiC, Kao C Y, Gore J C, et al. Implicit active contours
driven by local binary fitting energy//Proceedings of the 2007

IEEE Conference on Computer Vision and Pattern Recognition.

LIANG Li-Ming, born in 1967,
M. S. , professor, M. S. supervisor. His
current research interests include medical

image analysis and computer vision.

HUANG Chao-Lin, born in 1989, M. S. His research
direction is the partial differential equation method of medical
image processing.

SHI Fei, born in 1980, Ph. D. , lecturer. Her research

Background

In ophthalmology, retinal vessel lesions can be caused
by many diseases, such as glaucoma, macular, hypertension,
arteriosclerosis and diabetes. Retinal vessel images can be
achieved by digital image processing. They can be analysed
qualitatively and quantitatively to help doctors diagnose
illnesses and make treatment plans. Thus, we can reduce the
probabilities of blindness and retinal lesions on patients. 2D
true—color retinal images can be fetched by fundus cameras
directly. These images have a great value in medical application,
since microvessel and other lesions on the retina can be clearly
presented on them.

Retinal vessel segmentation methods has greatly developed
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Hessian matrix is used to complete the initial segmentation,
to initialize the level set function and to build the shape priori.
The evolution of the level set function can be driven by the
data term to overcome the segmentation error of the crossing
vessels. Finally, geometry operators based on the connected
domain are used to eliminate artifacts and lesions. As the
experiment results shown, our method achieves a better
segmentation result compared with other existing methods.
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