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Abstract—The early diagnosis of proliferative diabetic retinopa-
thy (PDR), a common complication of diabetes that damages the
retina, is crucial to the protection of the vision of diabetes suffer-
ers. The onset of PDR is signaled by the appearance of neovascular
net. Such neovascular nets might be identified using retinal vessel
extraction techniques. The commonly used matched filter methods
often produce false positive detections of neovascular nets due to
their proneness to detect nonline edges as well as lines. In this paper,
we propose a modified matched filter for retinal vessel extraction
that applies a local vessel cross-section analysis using double-sided
thresholding to reduce false responses to nonline edges. Our pro-
posed modified matched filters demonstrated higher true positive
rate and lesser false detection than existing matched-filter-based
schemes in vessel extraction.

Index Terms—Matched filter, proliferative diabetic retinopathy
(PDR), retinal image, vessel extraction.

I. INTRODUCTION

MAGES of the ocular fundus, i.e., retinal images, can assist
I in the diagnosis and treatment of retinal, ophthalmic, and
even systemic diseases, such as diabetes, hypertension, and ar-
teriosclerosis. A critical feature in such images is the blood ves-
sel; so the development of an efficient algorithm for automated
segmentation of blood vessels would certainly help eye-care
specialists in the important task of screening large populations
for vessel abnormalities. One such application is in screening
for diabetic retinopathy (DR) [1]-[3]. Proliferative DR (PDR), a
common complication of diabetes that damages the eye’s retina,
can be most effectively treated with early diagnosis. Comparing
with nonproliferative DR (NPDR), one early sign of PDR is the
appearance of neovascular nets, i.e., nets of new blood vessels.

Many methods have been proposed for retinal vessel ex-
traction [1], [2], [4]-[15], but neovascular extraction is still
a difficult problem. Vessel segmentation is a kind of line de-
tection problem, and many vessel extraction algorithms are
based on line detection techniques [16]-[20]. There are two
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usual steps in a vessel segmentation scheme, enhancement and
classification, with some methods leading directly to classifi-
cation. Vessel enhancement is usually implemented locally by
using a window centered on the pixel to be enhanced. The
matched filter was first proposed to detect retinal vessels in [4],
and it is now widely used. Other commonly used enhance-
ment algorithms have applied Gabor filters [2], [6], mathe-
matical morphology filters [8], [10], and Hessian-based meth-
ods [11], [12]. Vessel enhancement involves classifying pixels
as either vessel or nonvessel pixels. The easiest way is to find
an optimal threshold to classify the pixels according to their
intensities, and the result can then be improved at a price of
more computation. A threshold probing technique was proposed
in [5] to improve the accuracy of matched filters by analyzing
the region-based attributes of the vessel network structure. A
multithreshold probing algorithm was applied directly to the
original retinal images for classification in [9]. Alternatives
to these are the tracking-based methods that utilize not only
the intensity information, but also the geometrical and topo-
logical information [13]-[15] and supervised learning methods
(1], [2].

Of these methods, matched filter with threshold probing [4],
[5]1has demonstrated good performance with relatively low com-
plexity. This matched filter makes use of the fact that the cross
section of a retinal vessel is Gaussian-shaped. This allows a
Gaussian-shaped filter to be used to match the vessel. If a
vessel has a width that matches the scale of the filter, there
will be a strong response. Another advantage of the Gaussian-
shaped matched filter is that it can reduce noise. Unfortunately,
like other line detectors, such as the second-order derivative of
Gaussian [17] and Gabor filters [2], [6], the matched filters
respond not only to vessels but also to nonvessel edges. This
means that if we are detecting the dark lines in an image, the
edges of bright blobs (e.g., bright lesions and the optic disk) will
be incorrectly detected as lines. Further, several lesions may to-
gether be detected as a neovascular net, and this would lead to
false diagnosis of PDR.

A number of methods have sought to eliminate the false pos-
itives caused by lesions. Threshold probing using the vessel
structural information was applied in [5]. A vessel detection
scheme that uses the first-order derivative of Gaussian and mod-
ified top-hat operation was proposed in [8]. This does suppress
the false detections caused by bright blobs, but the preprocessing
of small line enhancement and the later morphological recon-
struction has the potential to produce more false detections than
schemes without preprocessing.
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In this paper, we propose a modified matched filter that sup-
presses false detections caused by bright blobs. While the tradi-
tional matched filter methods for detecting vessels remove the
background by subtracting the local mean from the response
and then thresholding, our approach first applies Gaussian fil-
ters to enhance the retinal image and then uses a double-sided
thresholding to analyze the local structures of filtered outputs.
This modified matched filter approach therefore significantly re-
duces the false detection of vessels because it avoids responding
to nonline edges.

The rest of this paper is organized as follows.
Section II introduces the problem of matched filter in ves-
sel enhancement. Section III presents the modified matched
filter using local double-sided thresholding. Experimental re-
sults are shown in Section IV and conclusions are presented in
Section V.

II. MATCHED FILTER AND ITS PROBLEMS IN
VESSEL EXTRACTION

The use of a matched filter for retinal vessel detection was
first proposed in [4]. It makes use of the fact that the cross
section of the vessels in a retinal image has the shape of a
Gaussian function. Thus, a Gaussian-shaped filter can be used
to “match” the vessels. Mathematically, the matched filter can be
described as

_ —a? < < L

g (x,y) = exp )T for |z| < 30, ly| < 3
(D

where o represents the scale of the filter, m =

( fjgg exp(—x?/0?)dx) /60 is used to normalize the mean value
of the filter to O so that the smooth background can be removed
after filtering, and L is the length of the neighborhood along
y-axis to smooth noise. In implementation, g (z,y) will be ro-
tated to detect the vessels of different orientations. The rotation
of g (x,y) with angle ¢ is

9° (@',y) =g (z,y)
' =xcos¢+ysing (2)
y = ycos¢ — xsin .

One problem of the matched filter is that it responds not only
to lines but also to nonline edges. This problem also exists in
other line detectors, such as the Gabor filter and the second-
order derivative of Gaussian. Fig. 1 illustrates this by showing
the responses of different filters to a Gaussian function (i.e., the
cross section of a vessel) and an ideal step edge. We can see
that all the three filters have strong responses to both the line
cross section and the nonline ideal step edge. Fig. 2 shows the
response of the matched filter to an NPDR retinal image. We
can clearly see the strong responses to the vessels, as well as the
edges of the bright lesions. After thresholding, both the vessels
and the edges of lesions will be detected. It is of high demand
to develop a new vessel detection scheme that can effectively
distinguish vessels and lesions.

(d-2)

Fig. 1. Responses of different line detectors to a Gaussian line cross sec-
tion and an ideal step edge. (a) Gaussian line cross section and an ideal step
edge. (b-1) Second-order derivative of Gaussian and (b-2) its filter response.
(c-1) Gabor filter and (c-2) its filter response. (d-1) Matched filter and (d-2) its
filter response.

@ (®

© (d)

© ®

Fig.2. (a)Retinal image with NPDR. (b) Matched filter response to the image
in (a). (c) Cross section of a vessel in (a). (d) Matched filter response to (c).
(e) Edge of a bright lesion in (a). (f) Matched filter response to (e).

III. MODIFIED MATCHED FILTER WITH DOUBLE-SIDED
THRESHOLDING

As was seen in (1), the matched filter scheme will subtract
mean value m from the Gaussian function to remove the smooth
background in the filtered output. It then applies a thresholding
operation to detect the vessel pixels. In our approach, however,
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Fig. 3.  Modified matched filter in (a) 1-D and (b) 2-D. (c) Gaussian func-
tion and a step edge with noise. (d) Modified matched filter’s response to the
signal in (c).

we do not subtract the mean from the Gaussian filter and modify
the matched filter in (1) as

2
g(x,y) = exp <€) , for |z| < 30, ly| < E
o 2

3)

Actually, the 2-D modified matched filter in (3) is a truncated
Gaussian function in z-direction and the Gaussian function
repeats in y-direction. Fig. 3(a) and (b) shows the 1-D cross
section of the filter and the 2-D filter in four different directions.
Fig. 3(c) and (d) shows a 1-D noisy signal, which contains a
Gaussian function and a step edge, and its filtering response.

The modified matched filter will be applied to the comple-
ment of the original retinal image, in which the vessels are
brighter than the background. The image will be filtered by
g (x,y) in eight directions. Each of the eight filtering responses
will be thresholded to generate a vessel map. Finally, the eight
vessel maps are fused through a logical OR operation. Next we
introduce the proposed thresholding strategy.

After image enhancement by using the modified matched fil-
ters, the pixels need to be classified into vessel pixels and non-
vessel pixels. We propose here a local double-sided thresholding
scheme to segment the retinal image. To simplify the analysis,
we consider the 1-D case, i.e., a 1-D signal f(x) is convolved
with the 1-D matched filter g(z) : r(z) = f(z) * g(x). Refer-
ring to Fig. 3(d), we can see that if 7(z) is the peak point of a
Gaussian-shaped cross section of a vessel, it should be greater
than both its left and right neighboring points. If (z) is from
the nonvessel edges, it will not be much greater than its neigh-
bors on both sides. Based on this observation, the vessels and
nonvessel edges can be distinguished.

We define that a point r(x) is a vessel point if it is greater
than its neighbors (2 — d) and r(« + d) by a threshold T'

r(z)—r(zx—d)>T
{ —r(x+d)>T @)

where d is a parameter concerning the width of the vessel to be
detected and 7' is a threshold to evaluate the vessel points.

For (4), it is necessary to determine the parameters d and 7.
These two parameters are not independent. In practice, we use a
matched filter g(z) with standard deviation (std) o to detect the
vessels whose Gaussian-shaped cross sections have a std around
o. Thus, we can set

d= CqO (5)

where ¢4 is a constant. As can be seen in Fig. 3(d), a large
cq 1s better able to discriminate the two types of structures.
However, if ¢4 is too large, there will be interference between
neighboring vessels. If ¢4 is too small, the width of the line will
be underestimated. In our experiments, we empirically found
that a ¢4 setting of around 2 struck a good balance between
detecting the whole line and reducing the interference from
neighboring vessels.

Suppose the std of the Gaussian-shaped vessel cross section
f(z) to be detected by g(x) is also o, then the filtering output
r(z) will still be a Gaussian function, and its std will be o, =
Vo2 4 0% = \/20. Denote by x the peak point of r(x). It can
be easily demonstrated that

r(xzg) —r(zg —d) =r(xg) —r(xo + d)

e oo (o))
= —exp [ ———
210, P 202

1 &
“am (e (i) ©

Let I' = 1/2/7o (1 — exp(—d?/40?)). For a point z; in the
neighborhood of xy, we can see that r(x;) — r(x; —d) < T’
and r(z1) — r(z1 +d) < I'. Thus, to detect point z( and its
neighbors, which are considered vessel points, we set the thresh-
old T in (4) as

T=crT (7)

where ¢y is a constant and ¢y < 1.

Better segmentation results can be produced by adopting
the double-thresholding strategy as in [18]. We first set a
high threshold 7}, = ¢y I" and a low threshold 7; = 0.57},, and
use them to obtain two vessel maps V; and V}. To analyze
the characteristics and determination of ¢y, we manually cut
many cross sections of the filter responses, normalize the re-
sponse magnitude into [0, 1], and then approximate them using
c(z) = exp (—x?/0?), for |z| < 30. By varying the values
of cr, it is possible to calculate different true positives and false
positives. We found experimentally that the acceptable accu-
racy (>0.9) can be obtained by setting 0.5 < ¢y < 0.8. The
final vessel map is formed by selecting vessels in V; that link to
the vessels in V},.

A matched filter with scale o is able to detect the vessels
that have a scale around o. However, the widths of vessels in
a retinal image vary quite a lot, and so it can be used to apply
multiple filters g (x, y) at multiple scales. In this paper, we use
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(e) ®

Fig. 4.

(b

(a) Original NPDR image in the ZUEYE database. (b) Hand-labeled ground truth. (c) Extracted vessel map by the scheme in [5]: ACC = 0.9449,

TPR = 0.7816, FPR = 0.0373. (d) Extracted vessel map by the proposed method: ACC = 0.9506, TPR = 0.7915, FPR = 0.0320. (e)—(h) Zoom-in images of
(a)—(d). Note that the false vessel detection caused by strong edges of lesions in (g) is reduced greatly in (h).

two filters,! g1 with std o1 and gy with std o9, to obtain two
vessel maps Vi and V5. By fusing the two maps with the logical
OR operation, it is possible to construct a more robust vessel
map. Note that in order to output meaningful results and avoid
generating too many noise responses, the scale o should not be
too small. In the experiment, we use o; = 1 to find small vessels.
To detect large vessels, we set 0o = 1.7 for the ZUEYE database
and oo = 2 for the STARE database (refer to Section IV).

IV. EXPERIMENTAL RESULTS

The color fundus images were used in the experiments and
the green channel was used for vessel extraction. The indexes
used to quantitatively measure the performance of different al-
gorithms include: 1) detection accuracy (ACC); 2) the corre-
sponding true positive rate (TPR); and 3) the false positive rate
(FPR) at that accuracy. The ACC is defined as the ratio of the
total number of correctly classified pixels (the vessel pixels
classified as vessel pixels and the nonvessel pixels classified as
nonvessel pixels) to the number of pixels inside field of view
(FOV); the TPR is defined as the ratio of the number of correctly
classified vessel pixels to the number of total vessel pixels in
the ground truth; the FPR is defined as the ratio of the number
of nonvessel pixels inside FOV but classified as vessel pixels to
the number of nonvessel pixels inside FOV in the ground truth.

We first evaluated the performance of the proposed scheme
on screening PDR by applying it to the ZUEYE database, which
consists of retinal images from DR patients.? The color fundus
images were captured by using Kowa VK-3 fundus camera at

"More than two scales can be used to detect the vessels, but based on our
experiments, using three or more scales will garner only a small improvement
that may not be justified by the additional computational expense.

2The images were collected from the patients of the Ophthalmologic Depart-
ment, the First Affiliated Hospital of Zhengzhou University, Henan Province,

TABLE I
VESSEL EXTRACTION RESULTS OF THE ZUEYE DATABASE

Method
Hoover [5]
Proposed method

Accuracy I'PR FPR
0.9380 0.7462 0.0408
0.9536 0.7954 0.0311

45° FOV and were stored in a 24-bit digital format. The reso-
lution of the images is 800 x 608. There are 15 retinal images
with DR in ZUEYE, including 10 NPDR and 5 PDR. Figs. 4
and 5 each present an example of vessel extraction using the
proposed method on an NPDR and a PDR retinal image in
ZUEYE. The improved matched filter method developed in [5]
is used for comparison. The experimental settings were o = 1
to extract small vessels and oy = 1.7 to extract large vessels. By
varying the values of 7}, different ACC, TPR, and FPR values
can be obtained. Table I lists the best averaging accuracies for
the two methods.

Fig. 4(a) shows an NPDR retinal image. Fig. 4(b) is the hand-
labeled ground truth of the vessel map, and Fig. 4(c) and (d)
are the extracted vessel maps by the improved matched filter [5]
and the proposed method. We see that the proposed method can
eliminate most of the false detections of vessels caused by the
strong edges of bright lesions. Fig. 4(e)—(h) shows the cropped
and zoomed images.

Fig. 5(a) shows a PDR retinal image and Fig. 5(b) is the
hand-labeled ground truth of vessel map. Fig. 5(c) and (d) are
the extracted vessel maps using the scheme [5] and the proposed
method. We see that the proposed method can detect most of
the neovasculars (new vessels) and eliminate most of the false
detection of vessels caused by the strong edges of bright lesions.
We crop and zoom-in part of the images, and show them in
Fig. 5(e)—(h). It is seen that the false vessels caused by bright

China. The ground truth maps of vessels were manually labeled by the experts
from that hospital.
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(e)

Fig. 5.

(a) Original PDR image in the ZUEYE database. (b) Hand-labeled ground truth. (c) Extracted vessel map by the scheme in [5]: ACC = 0.9243, TPR =

0.6754, FPR = 0.0479. (d) Extracted vessel map by the proposed method: ACC = 0.9502, FPR = 0.0324, TPR = 0.7959. (e)—(h) Zoom-in images of (a)—(d).
Note that the false vessel detection caused by strong edges of lesions in (e) is reduced greatly in (h), and most of the neovasculars are extracted by the proposed

method.

lesions (top left) in Fig. 5(g) are reduced greatly in Fig. 5(h),
with the abnormal fine neovascular structures (bottom) being
well detected.

Comparing Fig. 4(d) with Fig. 5(d), itis possible to distinguish
PDR from NPDR because the PDR image tends to have more
vessels in a local window and the neovasculars tend to have
large curvature [21], [22]. As shown in Fig. 5(d), most of the
neovasculars were extracted by our method and few false vessel
pixels were detected. However, as shown in Fig. 4(c), by using
Hoover’s method, the edges of lesions can be misclassified as
neovasculars because they have large local densities and large
curvatures. Therefore, the NPDR in Fig. 4(c) may be incorrectly
classified as PDR.

We also evaluated the proposed scheme on the publicly avail-
able STARE database [4], [5]. The STARE database consists
of retinal images captured by the TopCon TRV-50 fundus cam-
era at 35° FOV. The images were digitized at 24 bits with a
spatial resolution of 700 x 605 pixels. There are 20 images
available for use in vessel detection. Ten of them are from
healthy ocular fundus and the other ten images exhibit patholo-
gies. All the 20 images in the SATRE database were used in
the experiment. The state-of-the-art schemes [5] and [8] were
used for comparison. Table II lists the results of ACC, TPR,
and FPR, and Table III compares the running time by different
methods.

The results of [8] in Tables II and III are copied from the
original paper, in which different color spaces were used for
vessel extraction, and it was found that the a channel gives the
best result. We copied the best result for comparison. For the
results of [5] shown in Figs. 6 and 7, and Tables II and III, we
downloaded the segmented images on the associated Web site
and calculated the quantitative assessments using these images.
The hand-labeled images by the first observer (labels-ah) were

TABLE I
VESSEL EXTRACTION RESULTS OF THE STARE DATABASE

Method Accuracy TPR FPR
Normal cases

0.9283
0.9324
0.9531
0.9497

Pathological cases
0.9425
0.9211
0.9426
0.9416

0.8252
0.6736
0.7366
0.6611

0.0456
0.0528
0.0178
0.0152

2" Human observer
Hoover [5]
Mendonga [8]
Proposed method

0.8252
0.6736
0.6801
0.7286

0.0456
0.0528
0.0306
0.0372

2" Human observer
Hoover [5]
Mendonga [8]
Proposed method

TABLE III
RUNNING TIME PER IMAGE IN THE STARE DATABASE

Method System Environment Running Time

Hoover [5] P-III 1.5GHz, 512 Mb RAM, Windows executable 0.5 minute
Mendonga [8] P-IV 3.2GHz, 960 Mb RAM, Matlab 3 minutes
Proposed method P-III 1.5GHz, 512 Mb RAM, Matlab 0.5 minute

used as ground truth. We set 0y = 1 to extract small vessels and
0y = 2 to extract large vessels. Table II lists the best averaging
accuracies for normal images and pathological images.

The scheme in [5] tries to eliminate the false positives caused
by lesions through threshold probing and the scheme in [8] tries
to eliminate the false positives caused by lesions through comb-
ing the centerline detection and a modified top-hat operation.
Fig. 6(a) shows a pathological image in the STARE database [5];
Fig. 6(b) shows the manually labeled ground truth by the first
observer (labels-ah); Fig. 6(c) shows the extracted vessel im-
age by [5]; and Fig. 6(d) shows the vessel map by using the
proposed method. We see that the proposed method can detect
more of small vessels at a low FPR. Most of the false vessel
detections in [5] are eliminated by the proposed method. This
is very important because the edges of bright lesions have large
curvatures, as shown in Fig. 6(c), and so they can be easily
misclassified as neovasculars.
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Fig. 6.

(a) Pathological image in the STARE database. (b) Hand-labeled ground truth. (c) Extracted vessel map by the scheme [5]: ACC = 0.9198, TPR =

0.5937, FPR = 0.0402. (d) Extracted vessel map by the proposed method: ACC = 0.9302, TPR = 0.6619, FPR = 0.0368.

(a) (b)

Fig. 7.

(©) (d)

(a) Normal image in the STARE database. (b) Hand-labeled ground truth. (c) Extracted vessel map by the scheme in [5]: ACC = 0.9320, TPR = 0.6992,

FPR = 0.0393. (d) Extracted vessel map by the proposed method: ACC = 0.9487, TPR = 0.7625, FPR = 0.0283.

Fig. 7(a) shows a normal image in the STARE database [5];
Fig. 7(b) shows the manually labeled ground truth by the first
observer (labels-ah); Fig. 7(c) shows the extracted vessel image
of [5]; and Fig. 7(d) shows the vessel map by using the proposed
method. We see that the proposed method can detect more small
vessels and has lesser false detections than [5].

From Tables II and III, we can see that the proposed method is
very competitive with the state-of-the-art methods [5] and [8].
It achieves the highest TPR among the three schemes for the
pathological images and the FPR is very low. Meanwhile, it
can be seen that our algorithm has relatively low computational
complexity. (Our method has been evaluated, prior to optimiza-
tion, using Matlab modules. Although in Table III, the method
[5] has relatively the same computational performance as ours,
we believe that our algorithm will have improved performance
when implemented in Windows executable modules.)

V. CONCLUSION

In this paper, we presented a modified matched filter ap-
proach for the detection of blood vessels in retinal images
while suppressing the nonvessel edge structures. The modified
matched filter avoids responding to nonline edges by applying
local double-sided thresholding. Experiments on retinal images
demonstrate that the proposed method can detect neovascular
nets and eliminate many nonvessel edges caused by bright le-
sions, which is a desirable property in PDR screening because
the large curved edges of bright lesions are prone to misclassi-
fication as neovascular nets.
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