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Image processing of a fundus image is performed for the
early detection of diabetic retinopathy. Recently, several
studies have proposed that the use of a morphological
filter may help extract hemorrhages from the fundus
image; however, extraction of hemorrhages using tem-
plate matching with templates of various shapes has not
been reported. In our study, we applied hue saturation
value brightness correction and contrast-limited adap-
tive histogram equalization to fundus images. Then,
using template matching with normalized cross-correla-
tion, the candidate hemorrhages were extracted. Region
growing thereafter reconstructed the shape of the
hemorrhages which enabled us to calculate the size of
the hemorrhages. To reduce the number of false
positives, compactness and the ratio of bounding boxes
were used. We also used the 5 × 5 kernel value of the
hemorrhage and a foveal filter as other methods of false
positive reduction in our study. In addition, we analyzed
the cause of false positive (FP) and false negative in the
detection of retinal hemorrhage. Combining template
matching in various ways, our program achieved a
sensitivity of 85% at 4.0 FPs per image. The result of
our research may help the clinician in the diagnosis of
diabetic retinopathy and might be a useful tool for early
detection of diabetic retinopathy progression especially
in the telemedicine.
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INTRODUCTION

D iabetic retinopathy (DR) is a major public
health issue. In South Korea, a recent survey

indicated that approximately four million patients
suffer from DR. Among them, 100,000 patients
had a visual acuity worse than 0.1.1 The severity of
DR is closely related to the time at which the
patient was afflicted with the illness. Seventeen
percent of diabetic subjects manifested DR 5 years
after the diagnosis of diabetes and 97% 15 years

after diagnosis.2 Early detection of DR, tight blood
sugar control, and proper treatment in proliferative
stage of diabetic retinopathy can prevent diabetic
patients from blindness. Therefore, the early
detection of DR and proper management of
diabetes are important to preserve the level of
vision. There are two kinds of fundoscopic find-
ings in patients with diabetic retinopathy. One is a
dark lesion that includes hemorrhage and micro-
aneurysms. The other is a bright lesion such as
exudates and cotton wool spots.3 This paper
focuses on the detection of hemorrhages in
diabetic retinopathy because the hemorrhage is
one important diagnostic criterion to determine the
severity of diabetic retinopathy. Currently, the
diagnosis of DR is made manually by an ophthal-
mologist who detects and calculates the hemorrhage
size. Automating the diagnosis of DR will help in
managing DR more efficiently and accurately.

1From the Biomedical Engineering Branch, Division of
Basic & Applied Sciences, National Cancer Center, 111
Jungbalsan-ro, Ilsandong-gu, Goyang-si, Gyeonggi-do 410-
769, South Korea.

2From the Department of Ophthalmology, Seoul National
University College of Medicine, Seoul National University
Bundang Hospital, Seongnam, South Korea.

Correspondence to: Kwang Gi Kim, Biomedical Engineering
Branch, Division of Basic & Applied Sciences, National Cancer
Center, 111 Jungbalsan-ro, Ilsandong-gu, Goyang-si,
Gyeonggi-do 410-769, South Korea; tel: +82-31-9202241;
fax: +82-31-9202242; e-mail: kimkg@ncc.re.kr

Copyright * 2010 by Society for Imaging Informatics in
Medicine

Online publication 23 February 2010
doi: 10.1007/s10278-010-9274-9

394 Journal of Digital Imaging, Vol 24, No 3 (June), 2011: pp 394Y404



Many people have attempted to automate the
detection of hemorrhage in the past. Spencer and
Frame suggested a method using top-hat trans-
formation and a matched filter.4,5 Niemeijer et al.6

developed this research further and introduced the
hybrid methods. Fleming et al.7 proposed a
method for the detection of microaneurysms by
using a watershed transform in fluorescein angio-
grams. Wavelet transformation combined with
template matching was also proposed as the
solution for the detection of microaneurysms.8

Hatanaka et al.9 used density analysis to detect
hemorrhages.
Although the research with top-hat transforma-

tion and a matched filter seems promising, it used
a fixed kernel size which restricted the research to
certain sizes and shapes of hemorrhages. In
contrast, template matching could detect various
sizes and shapes of hemorrhages as it can vary the
sort of template used. The density analysis by
Hatanaka extracts the optic nerve head and finds
hemorrhage candidates. However, sensitivity of
this method is low compared with the use of a
morphological filter. Furthermore, the hemorrhage
connected to the blood vessel must be processed
twice in the density analysis,9 and the method from
watershed transform and wavelet transformation is
restricted to microaneurysms of small size.7,8 In
contrast, template matching does not require the
processing of blood vessels and is not restricted to
microaneurysms.
Another difficulty in defining a hemorrhage is

that it usually does not have any fixed size or
shape. Hemorrhages gathered in a small area are
especially difficult to count. In this research, our
pre-screening program counts the overlapped area
with the region of interest (ROI) of a hemorrhage
made by an ophthalmologist and automatically
distinguishes a true positive from a false positive
(FP) or false negative (FN). In addition, the images
are preprocessed and hemorrhages are filtered.
Small hemorrhages (G100 pixels) which are not
easy to discriminate from microaneurysm have
been extracted.
The DR screening program is designed to

support the ophthalmologist and general physician
who do not have ophthalmologist in his district.10

To calculate the severity of DR manually, an
ophthalmologist counted the hemorrhage pixel by
pixel in previous method. Our program has
automated this process by using template matching.

Fifty-two fundus images segmented by an ophthal-
mologist were used to prove its effectiveness in our
study.

METHODS

Extraction of hemorrhages from the fundus
image was performed as follows: An RGB image
first underwent preprocessing. Hemorrhage candi-
dates were then extracted using template matching,
after which region growing recovered the shape of
the hemorrhage. Finally, FPs were eliminated from
the hemorrhage candidates using a 2D filter. This
flow is explained in Figure 1.
Figure 2a shows the fundus image. The program

performs the preprocessing on this fundus image.
Figure 2b is the correlation image on which
template matching is performed with the prepro-
cessed image. Figure 2c contains the hemorrhage
candidate. This figure is preprocessed with hue
saturation value (HSV) brightness correction and
contrast-limited adaptive histogram equalization
(CLAHE). Figure 2d shows the shapes of the
hemorrhages. The shape of hemorrhage was
obtained by region growing. To find the exact
hemorrhage, threshold and filtering were applied
to hemorrhage candidates which were shown in
Figure 2c, d. This eliminates the FPs from the
hemorrhage candidates.

Preprocessing

RGB representation is composed of red, green,
and blue colors. Green channel represents red
structures well and is better contrasted than other
channels. Red channel is relatively bright and the
vascular structure of the choroid is visible. The
retinal vessels are also visible but show less contrast
than in green channel. Blue channel is noisy and
contains little information.11 So the green channel
among the RGB channels was used for preprocessing.
Preprocessing consists of two processes: making

the brightness of the image uniform and enhancing
the contrast between the hemorrhage and back-
ground. To correct the non-uniform illumination,
the DR screening program can apply a 3D
Gaussian algorithm and HSV brightness correction
to the RGB image. To enhance the contrast, the
program can use the CLAHE algorithm and the
general contrast enhancement algorithm.12 In this
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paper, HSV brightness correction and CLAHE
were combined sequentially for the preprocessing.

Brightness Correction Using Gaussian Smoothing
(3D Gaussian)

The brightness must be equally corrected from
the center to the skirt region of the fundus image.
We are able to remove variations in illumination
by smoothening the image with a large-scale
median filter (15×15, 10sigma) and subtracting
the filtered image from the original. It has effects

of leaving only features of a smaller scale than the
filter, such as the vessels and the small hemor-
rhages in the image.5,6 The images were then
normalized between pixel values of 0 and 255.
However, this method can destroy the larger
features than the filter, so this program used HSV
brightness correction instead of 3D Gaussian.

Brightness Correction Using HSV Brightness

A scheme of brightness correction was per-
formed using HSV space. First, the brightness

Fig. 1. Flowchart of the proposed method.

Fig. 2. a Original image. b Result of NCC template matching. c Candidate hemorrhage. d Result after the adaptive seed region growing
segmentation.
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values of the HSV space were calculated. The
brightness correction value Bc(i,j) is given by the
following equation:9

Bc i; jð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� V i; jð Þ � 1ð Þ2

q
ð1Þ

where V(i,j) is the brightness value of the HSV
space.
Next, the RGB values were changed by Bc(i,j).

A fundus image shows any non-uniform illumination
in the background. The region of the optic disk is
bright and there is a spherical 3D decrease in
brightness toward the outer regions. To improve the
performance of our system, irregular illumination
was corrected by this method.

Contrast-Limited Adaptive Histogram
Equalization

The shape of a photograph is rectangular.
However, the shape of an eye is rounded because
the rectangular picture contains the round eye; in
the fundus image, the dark outside region which
surrounds an eye appears. In general histogram
equalization, the pixel of dark outside region is
added to the histogram, so values of pixels near
this dark outside region were lower than the
expected ones. CLAHE operates on small regions,
called tiles, while the general algorithm works on
the entire image.12 As the effect of extremely dark
and bright regions is restricted to the local tile, a
uniform image can be obtained. The setting for
CLAHE algorithm was configured with size of
tiles to be 8 × 8 with clip limit 8. The example of
CLAHE algorithm appears in Figure 2c, d.

Template Matching

Template matching was done using a circular-
shaped template and the program then performing
normalized cross-correlation (NCC) template
matching. The hemorrhage candidates were then
extracted using the templates of various shapes and
sizes because a single template could not cover the
entire set of candidates.
Template matching with NCC allows more

effective detection than other methods, like,
sum of squared difference, in the hemorrhage

detection. The following equation expresses the
NCC:

NCC x; yð Þ ¼

P
k;i

b xþ k; yþ ið Þ � b�ð Þ t k; lð Þ � t�ð ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
k;i

b xþ k; yþ ið Þ � b�ð Þ2 P
k;i

t k; lð Þ � t�ð Þ2
r

ð2Þ
where b(,) is the sub-image, t(,) is the template,
and b* respective t* means values of the gray
levels in b and t, respectively.
The shape of template is defined as the radius of

the circle (r) and the outside width (a) as shown in
Figure 3. The greater the radius of the circle, the
larger the detected hemorrhages are. The longer
the outside width of the template, the more
background is included. Therefore, the independ-
ent circular hemorrhages could be easily detected
but the gathered hemorrhages can be missed. In
contrast, the short outside width makes it easy to
detect the gathered hemorrhage. In this study, the
(r,a) values of the four templates were (6,12),
(10,12), (7,2), and (15,2). The former two tem-
plates discriminate the independent spots more
clearly, and the latter two templates are more
effective for gathering spots. Various radiuses of
the circle are used to discriminate spots with
various sizes.
Figure 2b shows the correlation image. The

darker the image, the farther its shape are from
the shape of the template on the considered pixel.
The screening program then finds the location
which expresses the different shape from the
template. Proper thresholds are applied to the
correlation image to find the candidates.
Actually, the correlation image has a value

between −1 and 1. First, the pixel whose correlation
value is around −1 is extracted. Then, sequential
pixels whose correlation value is bigger than −1 are

Fig. 3. Shape of template.
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extracted. The number of sequential pixels is the
threshold which is selected. As sensitivity of template
depends on the shape of template, this threshold was
selected accordingly. In this study, 150 and 300 pixels
were used. The (15,2) template is less sensitive than
other templates because the radius of a circle is large
and the outside width is small. Thus, more pixels
must be selected. Other templates used 150 pixels as
the threshold (to adjust for bias, the threshold value
selected from the histograms was decreased by 3.)

Region Growing Segmentation

A hemorrhage candidate after template matching
has only the information of the center point and the
presumed size and lacks information of the exact
shape which can be recovered using region growing
segmentation. There are two methods of region
growing segmentation: adaptive seed region growing
segmentation (ASRGS) and region growing seg-
mentation using the local threshold (RGSLT). We
used the RGSLT at first. But as RGSLT requires the
user to set the kernel size, ASRGS was used in this
program.

Region Growing Segmentation Using the Local
Threshold

First, a 30×30 to 60×60 rectangle patch from
the center of hemorrhage is set on the image. In
this rectangle patch, the otsu threshold is applied.13

After the gray level image is reduced to a binary
image, the hemorrhage can be extracted. This flow
is explained in Figure 4. Since the patch size must
be bigger than the size of the hemorrhage, the size
of the patch was decided carefully. Although this
method requires users to set the kernel size, this
method segments the small hemorrhage effectively
and there is no divergence of hemorrhage region.

Adaptive Seed Region Growing Segmentation

An ASRGS algorithm was used for hemorrhage
detection. The basis of ASRGS algorithm is the
identification of similar pixels within a region to
determine the location of a boundary. To establish
whether two adjacent pixels are similar, they must
satisfy some criteria such as gray level or color. In
ASRGS, adjacent pixels within the same region are
considered to have fairly homogeneous grayscale
properties.
Consider each pixel of the image in raster order. A

pixel p at coordinates (x,y) has eight neighboring
pixels which touch one of their edges or corners with
coordinates (x±1, y±1) or (x±1, y∓1). Consider an
adjacent pixel pi, where i is the horizontal, vertical, or
diagonal coordinate relative to p. The first step of the
algorithm was to calculate the difference in intensity
between p and pi. If the difference was less than or
equal to the threshold value T

T ¼
KM70�70�KM5�5j j

2 ; 0Gd � 10
KM70�70�KM5�5j j

2 � d
3 ; d910

(

where “KM” is the kernel mean value, the sub-
script is the kernel size, and “d” is the distance
between p and pi, then pi was added to the region
and set to p. The process was repeated until all
pixels considered for merging and the original
pixel comprised a region. When the distance
between p and pi exceeded 10 pixels, the threshold
value was decreased by 1 every 3 pixels to prevent
the hemorrhage from diverging. The result of this
method is shown in Figure 2d.

False Positive Reduction

False positive reduction is possible twice after
template matching and region growing are done. As
the result after template matching renders the same

Fig. 4. Flowchart of the region growing segmentation using the local threshold.
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result as the circular morphological filter does,
reduction of false positive does not require as many
object features as other algorithm does. To classify
each of candidate objects as either a red lesion or a
non-red lesion, six filters are used. First, we used the
shape, size, and compactness of the hemorrhages as
first set of filters. These features are shown in 1–4.
The second set of filters used was the 5 × 5 kernel
value and foveal filter. Next, we used 5 and 6 filters.
Since the mean intensity under kernel is calculated on
the reference image, the second filter needs the
reference image.

1. Area
2. The aspect ratio r1=w/h in which w is the width

of the bounding box of hemorrhage and h is the
height of the bounding box of the hemorrhage.

3. Compactness
4. The aspect ratio r2=l1/l2 in which l1 is the

long-axis length and l2 is the short-axis length.
5. The mean intensity under the 5×5 kernel from

the center of hemorrhage.
6. Three mean intensities under the 5×5, 40×40,

and 70×70 kernels (foveal filter).

Area

To eliminate the FPs from the hemorrhage
candidates, the area feature is used twice. Before
region growing was performed, hemorrhage can-
didates were selected according to their sizes. This
eliminates small spots selected wrongly from
template matching, and candidates whose sizes
are below the area threshold were excluded. After
region growing recovers the exact shape of the
hemorrhage, thresholds of the area of hemorrhage
is used to remove the FPs.

Compactness and the Aspect Ratio

Compactness represents how circular the shape
is. The equation of compactness is as follows:

compactness ¼ p2

4pA
ð3Þ

in which “p” is the perimeter, hence the length of
the boundary line, and “A” is the area of the spot.
If the compactness was between 0.4 and 2.4,
candidates after template matching were accepted.
If the compactness was G9, the aspect ratio r1 was
between 0.5 and 2.5 and the aspect ratio r2 was
lower than 3, then candidates after region growing

are accepted. This filtering removes the long spot
which comes from the vessel.

Mean Intensity Under the 5×5 Kernel

This filter is performed on hemorrhage candidates
after template matching. If the mean intensity under
the 5×5 kernel of hemorrhage candidates is outside
the range between 20 and 140, these candidates are
rejected. This filter removes the variations near the
optic disk which are wrongly recognized as the
hemorrhage. Because CLAHE makes a fundus
image even in the brightness, the variations near
the optic disk cannot be distinguished by the mean
intensity of kernel with CLAHE. So a fundus image
processed by general contrast enhancement algo-
rithm is used as the reference image.

Foveal Filter

In Figure 5, the mean intensity under kernel 1 is
the intensity of hemorrhage, while the mean
intensity under kernel 3 is the intensity of the
background. Hence, the difference of intensity
between kernel 1 and kernel 3 is basically the
difference between the hemorrhage and the back-

Fig. 5. Foveal filter.
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ground. If this difference is not large, the object is
not considered a hemorrhage. However, when the
size of the hemorrhage is big, even if the differ-
ence of the hemorrhage and the background is not
large, the object is considered a hemorrhage. This
is called a kernel compensation. As such, if the
difference in intensity between kernels 2 and 3 is
above the determined value but that between
kernels 1 and 3 is small, the object is considered
a hemorrhage. Judging the object using three
kernels is referred to as the foveal filter.14 The
size of kernels 1, 2, and 3 is 5×5, 40×40, and 70×
70, respectively. The differences between kernels 1
and 3 and kernels 2 and 3 are 18 and 3,
respectively. The mean intensity of the kernel is
calculated from the reference image processed by
the general contrast enhancement algorithm.

And Operation of Two Channels

Information of hue channel in the HSV space
can be used along with the information of green
channel if the AND operation of two channels is
utilized. After hemorrhage candidates are extracted
from green channel as well as from hue channel,
hemorrhages in places where at the same time the
correlation values of each channel are above a
certain threshold are extracted. In this method, the
number of FPs is so small that the improvement of
true positives without increasing the number of
FPs is possible if the corresponding result is added
to the existing image by the “OR” operation.

RESULTS

Fifty-two fundus images were obtained for tests
with an array size of 1,536×1,024 pixels and 24-
bit color, 1,600×1,216 pixels and 24-bit color,
1,158×948 pixels and 24-bit color and 1,278×
948 pixels and 24-bit color. An ophthalmologist
then segmented the area of the hemorrhages
manually. If there was an overlap between the
area found by an ophthalmologist and the expected

area of hemorrhage, the expected area was consid-
ered a valid hemorrhage. In many papers, a
specificity value is also proposed with a sensitivity
value.3 We can decide whether a patient of a
fundus image has diabetic retinopathy after finding
how much hemorrhages are included in a fundus
image. In this case, a sensitivity and a specificity
can be proposed together. However, our paper
concentrates on the counting of big hemorrhages
and their area. As we focused on the counting of
the hemorrhages, the sensitivity and the number of
FPs per image was the basis for judging the
performance of the system. So the free response
receiver operating characteristic (FROC) curve
was used to express the relationship between
sensitivity and the number of FPs per image.15 In
receiver operating characteristic analysis, the area
under the curve can be used for decision criteria
because the max value of the sensitivity and the
specificity is 1. However, as the number of FPs is
not bound to a specific number, the area under the
curve value cannot be calculated in FROC analysis.
In Tables 1, 2, 3, and 4, the TP area specifies the

area of hemorrhages correctly found by the screen-
ing program. It is calculated by adding the area of
TP hemorrhages. The FN area means the area of
FN hemorrhages.

Preprocessing Performance

The general contrast enhancement algorithm was
compared to the CLAHE algorithm combined with
HSV brightness correction. The general contrast
enhancement algorithm generated an irregular image
due to the optic disk and the dark outside area.
CLAHE solved this problem and the number of FPs
per image of CLAHE algorithm was lower than that
of the other algorithms in Table 1.

Filter Performance

Results of the filter using the 5×5 kernel were
shown in Table 2. By using this filter, the number
of FPs per image was reduced by 3.0.

Table 1. Results of Preprocessing Processes

TP per image FP per image FN per image TP area (%) FN area (%) Sensitivity

HSV Bc and CLAHE 12.8 5.5 6.0 72 28 0.68
3D Gaussian 11.6 8.1 7.2 66 34 0.62
No preprocessing 11.6 7.4 7.2 68 32 0.62
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Results of the foveal filter were shown in
Table 3.
“Before” is the test result before application of

the foveal filter. “Foveal filter result” is the test
result after application of the foveal filter. To
recover the big missed hemorrhages from the FNs,
a kernel compensation technology was used.
“Intermediate results” is the result before application
of the kernel compensation technology. “Intermedi-
ate results” showed 3.9 FP per image, which was
lower than the number of FPs per image of “Before’
by 10.7; however, the TP area decreased by 13%.
After kernel compensation, the TP area recovered to
72%.

Different Applications of Thresholds
in Template Matching

In Table 4, case 1 is when the system classifies
the fundus images into three cases depending on
the amount of hemorrhage and gives the other
threshold to three cases. In Table 4, case 2 is when
the system calculates the mean of thresholds from
52 correlation images and sets the mean as the
threshold. Case 1 shows lower FPs per image than
case 2. But the original case shows lower FPs per
image and a higher sensitivity than other cases.

Performance Evaluation

The results shown in “Preprocessing Perform-
ance,” “Filter Performance,” and “Different Appli-
cations of Thresholds in Template Matching” reveal
that the system achieved a sensitivity of 68% at 5.5
FPs per image, with the TP area as 72%. Since the
system missed some small hemorrhages, the TP area
was large in comparison with the sensitivity. The

paper of Fleming et al. 7 showed that sensitivity in
the detection of individual microaneurysms was
lower than 65%, and the number of FPs was more
than four per image.
However, the subjective evaluation, when we

compared the detected hemorrhages and seg-
mented ROI of hemorrhages manually, showed a
better result than this result. As our system focuses
on the detection of big hemorrhages and the
calculation of the area, the small faint hemorrhage
can be ignored. Although the human eye has no
difficulty identifying most small hemorrhages,
there will inevitably be disagreements between
human experts, especially regarding the fainter
dots.6 So there can be small hemorrhages which
are skipped from the pre-segmented ROI. This
decreased the performance of our system. So if it
was difficult to judge whether the object was a
hemorrhage, the confused object was simply
judged to be a hemorrhage. When the confused
small hemorrhages among FP hemorrhages were
excluded, the system achieved a sensitivity of 82%
at 2.6 FPs per image. When the small hemorrhage
skipped from the pre-segmented ROI was
excluded from the FNs, the sensitivity went up to
96%. In other words, most big hemorrhages were
caught by our system. The mean and standard
deviation of area of microaneurysms was 69±
40 pixels.7 To include two complicated cases in
the performance evaluation, hemorrhages with a
size smaller than 100 pixels were ignored.
Table 5 shows the result after the small

hemorrhages are ignored. Sensitivity increased by
17% and the number of FP decreased by 2.5 when
the area threshold is 7. Area threshold is used in
the area filtering after template matching. The
FROC curve is presented as this threshold varies.

Table 3. Results of Foveal Filter

TP per image FP per image FN per image TP area (%) FN area (%) Sensitivity

Before 13.2 14.6 5.6 73 27 0.70
Intermediate results 11.8 3.9 7.0 60 40 0.63
Foveal filter result 12.8 5.5 6.0 72 28 0.68

Table 2. Result of the 5×5 Mean Kernel Filter

TP per image FP per image FN per image TP area (%) FN area (%) Sensitivity

Before 13.2 8.5 5.6 73 27 0.70
After 12.8 5.5 6.0 72 28 0.68
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Figure 6 shows the FROC curve when candidates’
sizes below 100 pixels were excluded
Threshold for the hemorrhages whose identifi-

cation was difficult to judge was set as 50, 75, and
100 pixels, respectively. Each FROC curve is
drawn in Figure 7. This figure shows that the
hemorrhages between 50 and 100 pixels decreased
the performance of the system the most. For the
hemorrhages whose sizes are above 100 pixels, the
system achieved 85% sensitivity at 4.0 FPs per
image.

Examples of FP and FN Hemorrhages

Figure 8 shows the examples of FP and FN
hemorrhages. The contrast enhancing green chan-
nel image is shown.
Figure 8a–d shows examples of FNs. In

Figure 8a, a hemorrhage was missed because its
shape took an elongated form like a vessel. In
Figure 8b, a hemorrhage was missed because its
size was small and it was gathered near a vessel. In
Figure 8c, a hemorrhage was missed because its
size was small, had an elongated shape, and the
contrast was vague. In Figure 8d, a hemorrhage
was missed because it was located between vessels
and its size was small.
Figure 8e–h are examples of FPs. In Figure 8e,

the fovea was misclassified as a hemorrhage. In
Figure 8f, the cross point of the vessels was
misclassified. In Figure 8g, the spot located

between the disconnected vessel was misclassified.
In Figure 8h, the faint wide spot was misclassified.
There were spots in which the RGB color was

similar to the color of the background, but they
revealed themselves when the green channel was
separated and the contrast enhancement was
performed. Because the green channel represents
the reflected light related with blood, it is very
possible that the spot revealed in the green channel
is a hemorrhage.

DISCUSSION AND CONCLUSIONS

Extracting hemorrhages from a fundus image is
made difficult by several factors. First, the inten-
sity of the background is non-uniform. Second, the
contrast between the background and hemorrhage
is too small in many instances. Third, the shape of
the hemorrhage is irregular. Although the use of a
morphological filter to extract the hemorrhage
from the fundus image has been proposed, there
has been no research concerning the extraction of
hemorrhages using template matching with tem-
plates of various shapes. In our study, we attempted
to analyze the effectiveness and performance of this
method.

Table 5. Results of Hemorrhage Extraction by Varying AREA
Thresholds

Case
AREA
threshold

TP per
image

FP per
image

FN per
image Sensitivity

1 4 12.9 5.1 2.2 0.85
2 7 12.8 4.0 2.3 0.85
3 10 12.1 3.2 2.7 0.82
4 15 10.8 2.3 3.2 0.77
5 20 9.6 1.9 3.7 0.72 Fig. 6. Free response receiver operating characteristic (FROC)

curve from the data of Table 5.

Table 4. Results of Threshold Variations in Template Matching

TP per image FP per image FN per image TP area (%) FN area (%) Sensitivity

Case 1 12.5 6.6 6.3 69 31 0.66
Case 2 12.5 6.8 6.3 69 31 0.66
Original case 12.8 5.5 6.0 72 28 0.68
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We found that six out of eight cases in the
examples of FPs and FNs were related with vessels.
The paper of Sinthanayothin et al.16 which reported
methods for microaneurysms and other red lesion
detection has attempted to locate all retinal vessels
which are then excluded from further analysis.
Moreover, the method of Fleming et al.7 can detect
a microaneurysm which occurs on a vessel, for
example if it is much darker or wider than the vessel.
Although our system can distinguish the vessels with
the circular spot, further study on vessels will help
eliminate FPs from the vessels.
Examples of FPs include the fovea case. If the

detection algorithm of the fovea is applied, this FP
can be eliminated. The area around the optic disk
has been cleared by filtering the high pixel value

of the hemorrhage candidates as explained in
Section 2.3.3. This has eliminated the FPs from
the optic disk. The structure of the fundus image
can give us wide information about the hemor-
rhage detection.
In many researches, the performance of systems

is judged by sensitivity and specificity. This
system decided whether the fundus image had
diabetic retinopathy or not based on detecting
microaneurysms or other lesions. Since diabetic
retinopathy has many grades, the method to detect
diabetic retinopathy from detection of several
lesions must be explained,17 and we have difficul-
ties at finding a paper specifying the method
exactly. As a method to find the symptoms of
diabetic retinopathy from a fundus image is not
described, maybe it is difficult to compare the
sensitivity and specificity of each research.3

From many researches, although the detection
rate per image is higher than 80%, the detection
rate per lesion is low compared with 80%.3,7,15 In
other words, there are many missed hemorrhages
and wrongly detected hemorrhage. We must
calculate the size and number of each hemorrhage
in fundus images because we start this research to
measure variation of status of patients in diabetic
retinopathy. Since the detection rate per lesion is
important, we analyzed this rate deeper. Our study
showed that the sensitivity for big hemorrhages
using template matching was 85% and at the
image where 15 hemorrhages were extracted, the
number of FPs was 4.0. This is an acceptable result

Fig. 8. Missed hemorrhages and wrongly detected hemorrhage. a–d Examples of FNs. e–h Examples of FPs.

Fig. 7. FROC curve with the different area threshold
(50,75,100 pixels).
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for the automation of calculating the size of
hemorrhage.
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