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Abstract— Diabetic retinopathy (DR) is the most frequent
cause of blindness. Microaneurysm (MA) is an early symptom of
DR. Therefore, the detection of MA is important for the early
detection of DR. We have proposed an automated MA detection
method based on double-ring filter, but it has given many false
positives. In this paper, we propose an MA detection method
based on eigenvalue analysis using a Hessian matrix, with an
aim to improve MA detection. After image preprocessing, the
MA candidate regions were detected by eigenvalue analysis
using the Hessian matrix in green-channeled retinal fundus
images. Then, 126 features were calculated for each candidate
region. By a threshold operation based on feature analysis, false
positive candidates were removed. The candidate regions were
then classified either as MA or false positive using artificial
neural networks (ANN) based on principal component analysis
(PCA). The 126 features were reduced to 25 components by
PCA, and were then inputted to ANN. When the method was
evaluated on visible MAs using 25 retinal images from the
retinopathy online challenge (ROC) database, the true positive
rate was 73%, with eight false positives per image.

I. INTRODUCTION

In Japan, the number of diabetic patients tends to increase.
According to the Ministry of Health, Labour and Welfare in
Japan, it has been estimated that there are approximately nine
million people with diabetes and approximately 22 million
people with suspected diabetes. Diabetic retinopathy (DR) is a
complication of diabetes and may cause blindness. Visual loss
can be prevented by early detection and treatment of DR.
However, it is difficult for patients to notice DR, because it
progresses without subjective symptoms. Ophthalmologists
can detect DR by finding microaneurysm (MA), hemorrhage,
exudate, or neovascularization in the retinal fundus. In this
study, our purpose is to develop an automatic MA detection
method. Because MA is an early symptom of DR, MA
detection can enable early detection of DR.

In 2009, the retinopathy online challenge (ROC) was held
in order to compete for MA detection performance using the
same retinal fundus images [1]. Several study results have
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been reported since the contest. Niemijer et al., the organizers
of the ROC, proposed an MA detection method based on
morphological top-hat transform and pixel classification.
Afterward, the results were combined and the candidates were
classified by the k-nearest neighbor algorithm [2]. Sanchez et
al. proposed a detection method based on logistic regression
[3]. Cree et al. proposed a detection method based on top-hat
transform and a Bayes classifier [4]. Quellec et al. proposed a
method based on template matching using wavelet transform
[5]. Zhang et al. proposed a method based on a multiscale
Gaussian correlation filter and space representation classifier
[6, 7]. Antal et al. proposed a detection method based on
ensemble learning [8, 9]. This last method was judged to be
the optimum combination of the preprocessing method and the
MA detection method. Lazar et al. proposed a detection
method based on profile analysis at multiple angles [10].
Fegyver et al. proposed a method based on analysis of the
concentration gradient [11]. Giancardo et al. proposed a
detection method based on the Radon transform [12].

Several study results outside ROC have also been reported.
Sopharak et al. proposed a detection method based on
extended-minima transform and a naive Bayes classifier [13,
14]. Purwaita et al. proposed a detection method based on
edge extraction [15].

Using the test images in ROC database, the true positive
rate of a human expert was about 49% with 1.08 false positive
per image [1]. However, method that has a better performance
than a human expert has not been proposed yet. MA detection
is very difficult because MA diameter was a tens pum.

We, on other hand, proposed an MA detection method
using double-ring filter [16] in the contest. We then proposed
false positive deletion method based on texture analysis [17].
Here, a co-occurrence matrix, differential statistics, and a run
length matrix were used. However, it had a problem in that
many MAs were lost, although the performance of the
double-ring filter had peaked. Typical MA also has a pixel
value distribution of concave in all directions. We attempted
MA detection using eigenvalue analysis of the Hessian matrix
as an alternative approach in order to detect such regions and
evaluated the effectiveness of the method.

II. METHOD

In this study, images from the ROC database were used.
The ROC database comprises 50 training images and 50 test
images, each with three different resolutions. The ROC
database was created to evaluate the different proposed
methods. On the ROC website, the results for 12 groups have
been reported. In the training images, the gold standard for
MA, determined by four ophthalmologists, was given.
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However, in the test images, the gold standard was not given.
We therefore selected 25 training images of approximately
1389 x 1383 pixels [1]. There are 156 MAs and 136
hemorrhages in 25 retinal fundus images, all images
including at least one MA or hemorrhage.

A. Overall Scheme for Detection of Microaneurysm

MA appears as a dark spot in the retinal fundus images as
shown in Fig. 1. MA diameters are a few pixels in the retinal
fundus images.

The flow chart of the overall scheme is shown in Fig. 2.
There are differences in brightness and contrast in the retinal
fundus images. In order to reduce the adverse effect on image
processing because of these differences, we applied brightness
correction, gamma correction, and contrast enhancement as
preprocessing. The contrast between the MA and retinal area
is highest in the green-channel of the color image, so we
obtained the green-channel component of the color image for
the blood vessel extraction and MA detection. To reduce noise,
we applied a low-pass filter based on fast Fourier transform to
the green-channel components. This image was applied in the
subsequent processes.

To exclude the blood vessels from the candidate regions of
MA, we deleted them by combining a double-ring filter and
black-top-hat transform [17].

Further, we detected the MA candidate regions by using
eigenvalue analysis based on a Hessian matrix. Here, the MA
candidate regions were decided by prior processing. MA
candidates were modified in the regions by rethresholding the
eigenvalue in the Hessian matrix, because the size of the
candidate region detected by the previous step was different
from its actual size.

The MA candidate regions included many false positives.
The candidates were therefore classified into MAs and false
positives by using feature analysis and artificial neural
network (ANN). In this step, 126 features based on pixel value,
shape, and texture analysis were calculated in each of the
candidate regions [17]. The typical false positives were then
removed by thresholding the feature values. To simplify the
ANN model, the set of 126 features was reduced using
principal component analysis (PCA), and then inputted to the
ANN. ANN was a three-layered network and was learned by
using a back-propagation method.

B. FEigenvalue Analysis Using Hessian Matrix

The Hessian matrix is a square matrix of second order
partial differentiation derived functions. We attempted to
detect MA candidate regions by eigenvalue analysis using a
Hessian matrix. When the intensity curve surface of the image
can be approximated by the function, the Hessian matrix is
given as

Ly () Lyy(x,y)
Lyx(x,y) Lyy(x,y)

Ly (6, ¥) = Gox (5, ¥) * 1(x, )
ny(x'Y) = ny(x'.V) *1(x,y)
Lyx(x'Y) = ny(x'.V) *1(x,y)

H(x,y) =

(a) (b)

Figure 1. Example of retinal fundus images with a microaneurysm. (a)
Original retinal fundus image, and (b) enlarged view of white box in image
(a). There is microaneurysm in center of the image (b)

‘ Retinal fundus image |

‘ Preprocessing |

‘ Extraction of blood vessels |

‘ Detection of MA candidate regions |

‘ Modification of candidate regions |

‘ Reduction of false positives |

Figure 2. The flow chart of the overall scheme.

Lyy(x, y) = ny(x, y)*1(x,y)

where * is the convolution operator, I(x,y) is the
preprocessed image, and Gy (X,¥), Gy (X, ), Gy (x,y), and
Gy (x,y) are second order partial derivative functions of the
Gaussian function G (x,y) in each direction. The Gaussian
function G (x, y) is

x% + y?
202

1
G(x,y) = gl &P <—

where o is a parameter to determine the scale of the Gaussian
function. In this study, o is 3.0 and the convolution area is a
square region within 3 o of the pixel of interest.

With the first two eigenvalues of the Hessian matrix, it is
possible to classify the shape of the intensity curve surface.
The shape index is the classification index. By using two
eigenvalues (1; = 1,), the shape index S is given by

—Earctan </11 — /12> if 4, #4,

where S is—1 <S5 <1. When S has a small value, the
possibility of MA is high. However, each eigenvalue in the

MA regions was different, and thus many false positives in the
particular images were detected when we used a fixed

S =
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threshold. To equalize the performance of each image, we
limited the number of the candidates detected to 120 per
image.

III. RESULT AND DISCUSSION

A. Evaluation Method

The ROC database includes many MAs that are very
difficult to detect because of low contrast between the MA
and the surrounding retinal area. Therefore, MAs were
classified as visible or invisible by consensus of the two
engineering researchers in this study. As a result, 85 MAs
were classified as visible and 71 as invisible. A visible MA
and an invisible MA in the green-channel components are
shown Figs. 3(a) and 3(b), respectively. As it is not possible
to visually detect invisible MAs, we focused on the detection
of visible MAs in this study. If the center of the detected MA
existed within the circle of the “gold standard,” detection of
such an MA was considered as a success.

Using 25 training images, we decided on a maximum
number of MA candidates per image, and the threshold values
of the 126 features. We then evaluated the final false positive
reduction step on the basis of the ANN by the leave-one-out
cross validation.

B. Experiment Result

The proposed method and the previous one [17] were
evaluated by free-response receiver operating characteristic
(FROC) analysis, using output values from the ANN, when
the visible MAs or all MAs were set as the detection targets.
FROC curves are shown in Fig. 4. Fig. 4 shows that the true
positive rate of the proposed method was better than that of the
previous one, which had over two false positives per image.
TABLE 1 shows the true positive rates using the proposed
method and previous one, when there were eight false
positives per image. Fig. 5 shows the examples in the vicinity
of an MA, which are the original retinal fundus image, the
green-channel component, the image generated by using the
values of the shape index S, and the image generated by using
the output values from the double-ring filter. The MA image
was emphasized by the proposed method and the previous one
in Figs. 5 (c) and (d), respectively. The double-ring filter uses
the pixel value of the pixel of interest and the surrounding
pixel values. If the contrast between MA candidate and the
retinal area is high, the output of the double-ring filter is low.
Thus, the double-ring filter responded to the contrast.
However, the filter also emphasized the irregularly shaped
spot with high contrast. Fig. 6 shows the example of the false
positive mis-detected by previous method. Previous method
emphasized the normal region, but proposed method did not
emphasize that region. There were normal regions with slight
contrast in retinal area. Thus, many false positives were
mis-detected. On the other hand, the shape index of the
proposed method can classify the shape of the intensity curve
surface, i.e., the classification of cup and rut is possible. For
this reason, the number of false positives using the proposed
method was smaller than that for the double-ring filter. Hence,
the proposed method is effective in detecting dark lesion in the
retinal fundus image. The proposed method also detected
some of the hemorrhages, which were not detection targets in
this study. Thus, we did not count the number of hemorrhages
detected as false positives.

@ (b)

Figure 3. Example of microaneurysm in green-channel components. (a)
green-channel components of visible microaneurysm and (b) green-channel
components of invisible microaneurysms. There are microaneurysms in
centers of these images.
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Figure 4. FROC curves for all microaneurysms and
microaneurysms.

only visible

TABLE 1. EXPERIMENT RESULT
“TPR of all TPR of visible EPL
microaneurysm microaneurysm
Pﬁféiﬁiid 0.410(64/156) 0.729(62/85)  8(200/25)
l:;:‘t’}il‘;‘(‘f 0.372(58/156) 0.635(54/85) 8(200/25)

True positive rate (TPR) and the number of false positive per image (FPI) after false positive
reduction using threshold operation based on future analysis and artificial neural network.

By changing the scale parameter o, the proposed method
could detect the same MAs. However, some detected MAs by
double-ring filter were not detected by the proposed method.
We plan to develop the MA detection method by using
eigenvalue analysis based on a Hessian matrix combined with
a double-ring filter.

IV. CONCLUSIONS

We have developed an MA detection method based on
eigenvalue analysis of the Hessian matrix. The proposed
method was effective in the detection of dark lesion in the
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Figure 5. The result of microaneurysm detection. (a) Original retinal fundus
image. (b) Preprocessed image. (c) Eigenvalue analysis results (proposed
method). Here, if S = —1, pixel value is 255, and if S > 0, pixel value is 0.
Otherwise, pixel value is —S X 255. (d) Output image of double-ring filter
(previous method).

retinal fundus image. When this method was evaluated by
using 25 training images selected from the ROC database, the
true positive rate of visible MAs was 73% at eight false
positives per image. For the early detection of diabetic
retinopathy, we will need further improvement.
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