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bstract. This article presents a new method to track and measure
etinal blood vessel with sub-pixel accuracy. The method is based
n a modified Canny edge detection method and a Gaussian model
f the vessel profile and zero cross of second order derivative of the
aussian model. In this method, Canny edge detection method is
sed at first to detect edges from an input retinal image. The edge
rientation is then refined and used to obtain vessel cross-sectional
rofile. Vessel sample profile is searched using local maximum and

ocal minimum from the smoothed vessel cross-sectional profile.
aussian model is then used to fit the vessel sample profile. The
eros cross of the second order derivatives of the Gaussian fit ves-
el sample profile are then used to represent the boundaries of the
lood vessels. The peaks of the Gaussian fits are then used as
ositions of vessel center lines and to calculate the widths of the
essel at those points. The method outputs vessel wall positions,
he center lines of the vessels with the widths of the vessels with
espect to center points in sub-pixel accuracy. © 2008 Society for
maging Science and Technology.
DOI: 10.2352/J.ImagingSci.Technol.�2008�52:2�020505��

NTRODUCTION
racking based approaches is one of the important vessel
egmentation algorithms.1 In retinal vessel detection, there
re two important issues on vessel tracking and measure-
ents: first, to detect the locations of the vessel boundaries,

nd second, to track the center lines of the vessels and to
easure the width of the vessel at each center point. Both

dge detection and matched filter have been used to track
he retinal vessels. To detect the right and left edges of the
essels, parallel edge detection makes use of a bar-shaped
odel of lines. Traditional line detection methods have been

sed to track parallel edges2,3 or to find ridges.4–6 Edge de-
ectors such as Canny detector7 and Sobel detector8 are
idely used to detect vessel boundaries. Morphological
etector,9 gradient operator,10 directional matched low-pass
ifferentiator template11 and optimized Canny’s detector12

ere also used to detect vessels. To extract the centerlines of
he vessels, the fitness of estimating vessel profiles with
aussian function has been used.13 Vessel profile was de-

cribed by modified Gaussian model that takes into account
he central light reflection of arterioles14 and the vessel mea-
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eceived Nov. 5, 2007; accepted for publication Jan. 17, 2008; published
nline Apr. 2, 2008.
e062-3701/2008/52�2�/020505/6/$20.00.
urement was done using amplitude-modified second-order
aussian filter.

Canny edge detection technique is based on the magni-
udes and orientations of local gradients and not directly
ased on image intensity. It can detect vital anatomical fea-
ures in retinal images robustly without any enhancement
rocess and compensation of irregularities of illumination
y Gaussian smoothing and has been used to extract the
oundaries and detect the edges of vessels,15–20 and to seg-
ent different textures and background.21,22

There are advantages using Canny edge detector finding
essel positions. First, it minimizes the probability of false
ositives and false negatives. Second, it detects edges close to

he vessel walls and, finally, it returns edge for vessel wall
oint. However, there are limitations on this application.
irst, Canny edge detection is local even it filters out the

mage noise using convolution with derivative of Gaussian
nd searches connected components with some local con-
ections under certain conditions. The gradient magnitude
nd orientation estimation is based on local derivatives of x
nd y directions. The changes of orientation of the gradient
rom one edge point to another may not be continuing. In

ost of the cases of blood vessel extractions, the edge posi-
ions are far from smooth comparing with the real blood
essels. Second, Canny detector chooses an edge pixel based
n local maximum of magnitude gradient satisfying some
hreshold values and neighborhood information, edges lying
n one side of the vessel wall may be missing when either
he signal is too weak or the changes of gradients in two
ides of a vessel are different. Center lines extracted based on
he unsmoothed Canny edges of vessel walls are not smooth
nd the width measurements are not accurate. Figure 2
hows an edge orientations vector field over a vessel image
ased on vessel curve extracted from Canny edge detector.
he travel directions along the vessel wall are not smooth.

To solve these problems, a filter is used to smooth the
dge orientation vector field and the measurements are then
one based on the smoothed vector field. In our algorithm,

he candidate boundaries of the blood vessel are first ex-
racted using Canny edge detector. Then, the edge locations
re used as priori knowledge about the retinal vessel prop-
rties to search for one-dimensional (1D) vessel cross-
ectional profile, and then, the edge points are tracked into
urves, and the smoothed curves are then used to refine the

dge orientations. The vessel cross-sectional profiles are then

020505-1
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ound through the edge point perpendicular to the edge
rientation and then smoothed. Then the vessel sample pro-
le is searched using local maximum and local minimum

rom the smoothed vessel cross-sectional profile. The vessel
rofile is modeled by a Gaussian fit function. A sub-pixel
ccurate edge location is then estimated by using zero cross
f the second order derivative of Gaussian fit function. The
enter point of the vessel is then tracked based on the peak
f the Gaussian fit function. The width of the vessel at this
oint is then calculated based on the distance between the
ew edge and the center point.

Our algorithm is developed based on the following ob-
erved properties of blood vessels in the retinal images:23 (1)
he density distribution of a blood vessel cross-sectional pro-
le can be estimated using a Gaussian shaped function; (2)

he vessel segment direction varies continuously, the change
f direction between segments is a smooth continuous func-
ion; and, (3) the width of the vessel varies continuously and
here is no step change in the width of vessel segments.
here is always a smooth transition between adjacent seg-
ents under the experimental assumption that vessel width

s a function of the matched filter when the magnitude co-
fficient of the filter is suitably assigned. Then the absolute
alue of vessel diameter can be determined simply by using a
re-calibrated line.

The latest work similar to our algorithm is the approach
f Li et al.24 In their approach, the detected vessels are traced
ith the help of a combined Kalman filter and Gaussian
lter. The modified Gaussian model is used to describe the
essel profile. The width of a vessel is obtained by data fit-
ing. Significant differences between theirs and ours are fol-
ows: first, ours uses Canny edge detection that provides
riori knowledge of the vessel boundaries and gradient ori-
ntations. Second, while both algorithms use the Gaussian
odel to describe the vessel profiles, ours uses Gaussian fit

or each vessel sample and the edge positions are adjusted by
nding a zeros cross position over the second order deriva-

ive of the Gaussian profile. Many vessel segmentation and
easurement methods involve an enhancement process. In

his method, the enhancement process is the first handled by
onvolution with derivative of Gaussian to remove image

Figure 1. A small region of a retinal image �a� sh
orientations of vessel walls can be extracted using
oise during the Canny edge detection. And second, the

20505-2
wo-dimensional (2D) smoothing of vector field over the
lood vessel wall positions, and third, the 1D smoothing of
ross-sectional profiles of blood vessels.

DGE EXTRACTION AND ORIENTATION
LIGNMENT

n our algorithm, when an edge position is found, a vessel
ross-sectional profile is searched along the direction per-
endicular to the orientation of the edge. By using the pro-
le, a more accurate vessel wall position can be calculated,
nd the missing wall information from the other side can be
ecovered. The basic idea of searching for a vessel cross-
ectional profile is illustrated in Fig. 1. A zoomed-in region
f a retinal image is shown in part (a) of the figure. The
essel walls detected by Canny’s edges are shown in part (b).

vessel cross-sectional profile is defined as the vessel cross-
ng section of the image lies on the edge point perpendicular
o the edge orientation.

For each edge along the vessel wall, an edge orientation
an be determined and a cross-sectional profile can be
earched. If a Gaussian model is used to fit the profile, a
ub-pixel edge position can be found using zero cross of
econd order derivative of the Gaussian fit. The edge posi-
ion of the other side of the vessel wall can also be estimated.
n this idea, the orientation of the edge is critical. It requires
hat the orientation of each edge point be accurate, and the
hanges of the orientations of the edges along the vessel wall
e smooth. Otherwise the neighborhood vessel sections may
e crossing each other as shown in Fig. 2.

In that case, both the edge position and the center point
osition of the vessel profile can be misplaced. In order to
olve this problem, in this algorithm, the edge orientation is
efined as the direction of an edge moving along the vessel
all in a 2D space. A filter is used to smooth the orientations
f the neighborhood edges. In Canny detection method, the

irection of the gradient is �=tan−1� �f
�y / �f

�x
� where

f=� �f
�y , �f

�x
�, �x ,y� is the location of the pixel in the image

nd f is the pixel gray value. In our algorithm, the orienta-
ion of an edge is defined as a unit vector of

sample of a blood vessel. The pixel locations and
edge detector shown in �b�.
ows a
J. Imaging Sci. Technol. 52�2�/Mar.-Apr. 2008
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v = � dx

du

dy

du
��

, �1�

here

C�u,r� = �x�u�,y�u�� �2�

s the curve of the vessel wall where u is the index of the
dges and r is the distance between two neighborhood edges.
he curve of the vessel wall can be tracked from the result of
anny edges. A sample of the orientation of the edges from
vessel wall is shown in Fig. 2. The vectors of the edge

rientation that form a vector field are plotted over the ves-
el image. One can see that the travel directions of the edge
oints along the vessel wall are not smooth. As a result, some
eighborhood vessel cross-sectional profiles can be crossing.

The vectors of the edge orientation are pointing to a
imilar direction because the edges are detected based by
ixel locally. The orientation of the vector can be aligned
sing either smoothing of the orientation or smoothing of

he curves by following equations:

X�u,r� = �
−�

�

x�t�
1

r�2�
e−�u − t�2/2r2

dt �3�

nd

Y�u,r� = �
−�

�

y�t�
1

r�2�
e−�u − t�2/2r2

dt , �4�

here the Gaussian path smoothing function of

g�u,r� =
1

r�2�
e−�u − t�2/2r2

�5�

s used. Equations (3) and (4) are the convolution of Gauss-
an smoothing function and the two functions x�u� and

igure 2. Edge orientations vector field over the vessel image based on
essel curve extracted from Canny edges. Note that the travel directions
long the vessel wall are not smooth and the neighborhood vessel cross-
ectional profiles �a� and �b� are crossing.
�u�. m

. Imaging Sci. Technol. 52�2�/Mar.-Apr. 2008
Figure 3 shows the vector field of the edge orientation
fter the alignment using a seven-step 2D smooth process.
he smoothed vector sequence is a function of its input
ector sequence along the blood vessel curve as shown by
q. (6)

m�u,v� = f�g�x,y�� , �6�

here m�u ,v� is the smoothed vector sequence and f�x ,y� is
he input vector sequence. The N-step smooth process can
e expressed by Eqs. (7) and (8)

uk =
1

N
	

i=k−n

k+n

xi , �7�

vk =
1

N
	

i=k−n

k+n

yi , �8�

here k and i are the indexes of the vector sequences and n
s the nearest integers towards minus infinity of N /2.

UB-PIXEL EDGE LOCATION AND CENTER LINE
OSITION ESTIMATION
sing the curve smoothing or sub-pixel Canny edge detec-

ion method one may be able to find more accurate vessel
all position. However, there is no knowledge of where the

enter line is and what the width of the vessel at the point is.
o solve this problem, vessel cross-sectional profile can be a
ood solution.

essel Cross-Sectional Profile
ith the Gaussian shaped property of the blood vessel

ross-sectional profile, the sample of a vessel shape can be
ocated by giving the location of an edge position and its
orresponding vessel cross-sectional profile. To locate the
ample of the vessel profile from the cross-sectional profile,
he peak of the vessel needs to be found. In our algorithm,
he peak of the vessel sample is defined as the local maxi-

igure 3. Edge orientations after alignment show small direction changes
long the vessel wall. Note that the travel directions are smooth and the
eighborhood vessel cross-sectional profiles �a� and �b� are not crossing.
um closest to the edge point with a magnitude larger than

020505-3
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he magnitude of the edge point. The local maximum and
ocal minimum are highly sensitive to noise. A 1D N-step
moothing process is used to prevent finding the maximum
nd the minimum at the wrong positions.

qi =
1

N
	

i=k−n

k+n

pi , �9�

here p is the cross-sectional profile, q is the smoothed
ross-sectional profile, and i is the indexes and n is the near-
st integers towards minus infinity of N /2. Then, the sample
f the vessel profile is defined as the part of the cross-
ectional profile between two neighborhood minimal points
f the peak. Part (a) of Fig. 4 shows the locations of Canny
dge point and local maximum and local minimum. Local
aximum point p of the peak of the profile sample is first

ound and then, two neighbor minimums of u and v are
ocated. Comparing the cross-section profile and the vessel
ample profile, the curve contains local maximum p and
etween local minimums u and v is plotted and Gaussian fit

or the sample profile is shown in part (b) of the figure.

ub-Pixel Edge from Gaussian Fit of Vessel
ross-Sectional Profile
fter using a Gaussian model to fit the sample profile, the

ub-pixel edge position is estimated based on the zero cross

igure 5. Sub-pixel edge position comparing with Canny edge position
ith respect to their corresponding vessel cross-sectional profile.

Figure 4. Vessel sample profile det
20505-4
f second order derivative of the Gaussian model. The loca-
ion of the center line is selected as the peak of the Gaussian

odel.
Figure 5 shows the vessel cross-sectional profile ob-

ained from a neighborhood of a vessel image based on
anny edge position.

One can see that the vessel sample profile is a sub set of
essel cross-sectional profile that contains two neighborhood
ocal minimums of the edge positions. The Gaussian model
s a smooth function slightly wider than the vessel sample in
his case. A sub-pixel edge position is calculated using the
ero cross of second order of derivative of the Gaussian
odel and is plotted out as a dot on the Gaussian fit curve.

y comparing with the origin Canny edge location plotted
ut as a star on the vessel sample profile, the sub-pixel edge
osition shifts to the left hand side about 1 pixel from the
anny edge position. The peak of the Gaussian model is

hen used as the center line of the vessel and the width of the
essel at this point is calculated based on the center point
nd the new edge point.

Both positions of the sub-pixel edge and Canny edge
ver their local vessel image can be seen in Fig. 6. In the
gure, the square mark shows the location of the Canny
dge and the triangle mark shows the sub-pixel edge.

A set of the sub-pixel edge positions along a vessel is
stimated using the above method and plotted out as dark

igure 6. Gaussian fit moves the peak position of a vessel cross-sectional
rofile.

ion and Gaussian fit of the profile.
J. Imaging Sci. Technol. 52�2�/Mar.-Apr. 2008
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ots in Fig. 7. Comparing with edge positions from Canny
lotted out in stars, the sub-pixel edges appear forming
moother vessel walls.

igure 7. Different blood vessel boundaries detected using Canny edge
etector and our algorithm.

Figure 8. Scanned negative of red-free fundus image.

igure 9. Extracted center line positions of the input blood vessel image.
The algorithm can be described as follows: C

. Imaging Sci. Technol. 52�2�/Mar.-Apr. 2008
(1) Use Canny edge detection method to extract the
edges along the vessel from the input image;

(2) Track all curves C�u , r� of Eq. (2) from the Canny
edge image;

(3) Smooth the curves use either the multiple step
smoothing or 2D curve smoothing equation of Eqs.
(3) and (4).

(4) Obtain the orientation vectors of the edge point
using Eq. (1) along the smoothed curves;

(5) Select a window size larger than twice of maximal
width of the vessels. For each edge pixel, a sub im-
age within the window around the edge is used to
extract the vessel cross-sectional profile.

(6) Determine the vessel sample profile using the peak
point and its neighborhood minimums.

(7) Obtain Gaussian fit with the vessel sample profile.
(8) Use zero cross of the second order derivative of the

Gaussian fit to obtain the sub-pixel position of the
edge.

XPERIMENT
he algorithm presented in this paper was implemented us-

ng MATLAB and tested with real images. A set of 53 test
mages of 1032�1302 pixels was randomly selected. A
ample of test image is shown in Fig. 8. A Gaussian filter
ith kernel of 1 is used to smooth the image. Then, the

Table I. Experimental output sample data in pixel.

�x
a �y

a �x
b �y

b �x
c �y

c �d

69 26 669.1626 27.0188 666 27.0900 6.3252

08 27 509.0222 27.9960 506 28.5370 6.0443

69 27 669.1078 28.0254 666 28.1140 6.2156

69 28 669.1409 29.0292 666 29.1357 6.2819

69 29 669.1584 30.0332 666 30.1580 6.3167

08 30 509.6108 30.9230 507 31.2521 6.2216

69 30 669.1737 31.0381 666 31.1842 6.3473

69 31 669.1921 32.0440 666 32.2177 6.3841

69 32 669.2188 33.0508 666 33.2601 6.4375

09 33 511.2986 33.7165 508 34.4367 6.5972

69 33 669.3123 34.0535 666 34.3113 6.6246

69 34 669.3459 35.0604 666 35.3696 6.6918

10 35 512.1432 35.5679 509 36.7559 6.2865

69 35 669.3555 36.0696 666 36.4323 6.7110

69 36 669.4276 37.0710 666 37.4961 6.8552

68 36 869.0395 37.0200 866 35.4838 6.0790

69 37 669.4639 38.0748 666 38.5582 6.9279

67 37 868.3686 38.1705 865 36.6121 6.7373

66 39 867.4067 40.1525 864 38.8748 6.8134

��x , ky�: Blood vessel wall locations from Canny edge detection;
��x ,�y�: blood vessel locations from our algorithm;
��x ,�y�: center line locations using our algorithm;
�: width of the blood vessel using our algorithm.
anny edge detector with a threshold value of 0.1 is used to

020505-5
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etect the edge points. A total number of 16,775 edge points
ere detected from the sample image.

A function to track the edge positions into a set of
urves is used to record the edge points along different
urves. For each curve, a seven-step smoothing process is
hen used to smooth the curves. An orientation vector is
alculated using Eq. (1) based on the smoothed edge posi-
ions along the curve and is assigned to each edge point. For
ach edge point, its corresponding orientation vector is then
sed to select a vessel cross-sectional profile. In this experi-
ent, a window size of 50 pixels is used to select the vessel

ross-sectional profile. For each profile, a sample segment of
he profile is found using local minimums and a Gaussian fit
s then achieved. The new edge with sub-pixel precision is
alculated using zero cross of second order derivative of the
aussian fit.

The results of the algorithm include the Canny edge
ocations, the sub-pixel edge positions estimated from the

aussian fit and the peak positions of the Gaussian fit is
sed to represent the sub-pixel edge and the width of the
essel at this point is calculated based on the distance be-
ween the sub-pixel edge position and the peak of the Gauss-
an fit model. The plot out of the center line positions is
hown in Fig. 9 and a set of output data samples is shown in
able I. In the table, (�x, �y) show blood vessel wall locations
rom Canny edge detection. We can see the locations of the
lood vessel walls are pixel based with integer x and y index.
�x, �y) show the blood vessel wall locations from our algo-
ithm with sub-pixel accuracy. (�x, �y) show the center line
ocations of the blood vessels using our algorithm. The re-
ults of center line estimation of all (�x, �y) are plotted and
hown in Fig. 8.

ONCLUSIONS
e have presented an efficient approach to track retinal ves-

el center lines and to measure the width of the vessel at each
enter point using modified Canny edge detection method.
ur algorithm improves previous approaches by refining

dge orientation and using Gaussian model to fit the vessel
ross-sectional profile. The sub-pixel edge positions are then
btained from the Gaussian model and accurate vessel cen-
er line positions are then calculated based on the center
oints. Both Gaussian fit and the local maximum of second
rder derivative of Gaussian fit are optimal. Therefore the
ccuracy of the vessel tracking and measurement is guaran-
eed.

The experimental show well results in measurements on
essels width larger than 4 pixels because it is difficult to
etect the edges of both large and small vessels using Canny
dge detector with same Gaussian kernel and Canny hyster-
sis thresholdings. A filter designed to extract edges of
maller vessels will be presented in a separated paper.
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