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Abstract
Purpose Using image processing to extract nodular or lin-
ear shadows is a key technique of computer-aided diagnosis
schemes. This study proposes a new method for extract-
ing nodular and linear patterns of various sizes in medical
images.
Methods We have developed a morphology filter bank that
createsmultiresolution representations of an image. Analysis
bank of this filter bank produces nodular and linear patterns
at each resolution level. Synthesis bank can then be used to
perfectly reconstruct the original image from these decom-
posed patterns.
Results Our proposed method shows better performance
based on a quantitative evaluation using a synthesized image
compared with a conventional method based on a Hessian
matrix, often used to enhance nodular and linear patterns. In
addition, experiments show that our method can be applied
to the followings: (1) microcalcifications of various sizes in
mammograms can be extracted, (2) blood vessels of various
sizes in retinal fundus images can be extracted, and (3) tho-
racicCT images can be reconstructedwhile removing normal
vessels.
Conclusions Our proposed method is useful for extracting
nodular and linear shadows or removing normal structures in
medical images.
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Introduction

Hospital information systems archive very large volumes of
data (i.e., “big data”) that are typically not used. Therefore,
studies that exploit these “big data” are important. One such
study focuses on computer-aided diagnosis (CAD) [1],which
is diagnosis by radiologists who take into account computer
system output as a “second opinion” [2]. CAD schemes can
learn various patterns of abnormal shadows archived in the
large volumes of image data and output candidates for abnor-
mal lesions in the image. Using CAD schemes, the detection
accuracy of radiologists can be improved [1–3]. Therefore,
CAD schemes are now in clinical use, for example, in the
detection of breast, lung, and colon cancers.

In these CAD schemes, algorithms used to detect abnor-
mal lesions generally include three components, which are
the same as those used in the standard process of pattern
recognition. The first component is image processing to
enhance and extract lesions. The second component is the
quantization of image features such as size, contrast, and
shape of the initial candidates. The third component is a
classifier to distinguish between abnormal lesions and false
positives.

In the first component, techniques for extracting nodular
and linear patterns of various sizes are important, because
a large number of abnormal lesions are detected as nodular
or linear shadows in medical images. For example, nodular
patterns include microcalcifications and masses in mammo-
grams, lung nodules in CT scans, and nodular opacity of
diffuse lung diseases in CT scans. Reticular and linear opac-
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ity of diffuse lung diseases and normal vessels in CT scans
are typically regarded as linear patterns.

To extract nodular and linear patterns in medical images,
techniques based on a Hessian matrix have been used [4,5].
These techniques have been applied to the detection of lung
nodules in CT images [6], unruptured intracranial aneurysms
in MR angiograms [7], the detection of microcalcifications
in mammograms [8], and lacunar infarcts in MR images [9];
however, because techniques based on a Hessian matrix use
a mathematical model, these approaches require a smooth-
ing operator to approximate a mathematically ideal shape.
Therefore, the shapes of extracted lesions are not precise.

Another approach to extract nodular and linear pat-
terns involves methods based on mathematical morphology
[10–12], which have been applied to the detection of micro-
calcifications in mammograms [13,14] and the detection of
blood vessels in retinal fundus images [15,16]. Since these
approaches require shape-based image processing, the shape
of the extracted lesions match more closely; however, the
sizes of the extracted patterns depend on the size of the struc-
turing elements; therefore, it is difficult to extract patterns of
different sizes.

Here, we propose a new method, called the morphology
filter bank, for extracting nodular and linear patterns of vari-
ous sizes in images. This filter bank is designed on the basis
of mathematical morphology, incorporating the idea of mul-
tiresolution decompositions usingwavelet analysis. This new
technique has the following three key properties: (1) nodular
patterns of various sizes can be enhanced, (2) linear pat-
terns of various sizes can be enhanced, and (3) the original
image can be reconstructed while removing these patterns.
We investigate the usefulness of our proposed method by
applying it to a synthesized image, a mammogram, a retinal
fundus image, and a thoracic CT image.

Methods

Mathematical morphology for grayscale image

The opening operator and top-hat transformation described
below are important operators for understanding our pro-
posed method. When a grayscale image and a structuring
element are given as f and g, respectively, the opening of f
with g is given as

fg(x, y) = ( f (x, y) � g(x, y)) ⊕ g(x, y), (1)

where ⊕ is dilation and � is erosion, which are defined as

f (x, y) ⊕ g(x, y) = max { f (x − u, y − v) + g(u, v)} (2)

f (x, y) � g(x, y) = min { f (x + u, y + v) − g(u, v)} (3)

Fig. 1 Example opening operator for a grayscale image: a given
grayscale image f , b disk structuring element g, c portions that g can
penetrate from the lower side of f , and d the result of applying the
opening operator

In these equations, structuring element g(u, v) is usually
given as nonflat shape. However, g(u, v) was given as flat
shape in this paper.

Understanding dilation and erosion is not always nec-
essary, but it is important to understand the operation of
opening. Therefore, Fig. 1 shows an example of an open-
ing operator with a disk structuring element. The opening
operator is a smoothing operator for creating the portion in
which structuring element g can penetrate when g moves
while pressing from the lower side of the grayscale image f .
In other words, if there are small convex shapes that cannot
contain the structuring element, their shapes in the image are
removed by the opening operator. The small convex shapes
removed by the opening operator can be extracted using the
top-hat transformation because this transformation is defined
by subtracting the opening image fg from the original image
f .

Extraction of nodular and linear patterns using
mathematical morphology

In this section, we describe a method for extracting nodular
and linear patterns using the opening operator and top-hat
transformation. Let fB0(x, y), fB1(x, y), . . . , fB7(x, y) be
the resulting images of applying the opening operator with
multiple line structuring elements B0, B1, . . . , B7, which
have a direction for every additional 22.5◦. Here, fB(x, y) is
defined as

fB(x, y) = max { fB0(x, y), fB1(x, y), . . . , fB7(x, y)} .

(4)

Note that fB(x, y) is the smoothed image, which includes
linear patterns of different directions from the original image.
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Fig. 2 Relationship between opening and structuring elements: a opening includes a linear pattern, but does not include a nodular pattern, b
opening includes a linear pattern and a nodular pattern, and c opening includes a nodular pattern, but does not include a linear pattern

Figure 2a illustrates the opening with multiple line structure
elements. Since the opening with a vertical line structuring
element has a large value, fB(x, y) includes this line pattern,
whereas fB(x, y) does not include the nodular pattern having
a smaller diameter than the length of the line structuring
element. Therefore, nodular pattern fo(x, y), which includes
convex shapes smaller than the length of the line structuring
element, is given by the subtraction of the fB(x, y) from
f (x, y), i.e.,

fo(x, y) = f (x, y) − fB(x, y). (5)

This is top-hat transformation of the original image. In
addition, note that f (x, y) = fo(x, y) + fB(x, y), i.e., the
original image, is decomposed into a nodular pattern and
the smoothed image. As shown in Fig. 2b, fB(x, y) includes
not only linear patterns but also nodular patterns with the
same diameter as the length of the line structuring element.
Therefore, the top-hat transformation with circular structur-
ing element C that has the same diameter as the length of
the line structuring elements can extract only a linear pattern
from fB(x, y), i.e.,

fv(x, y) = fB(x, y) − fBC (x, y), (6)

where fBC (x, y) is the resulting image of opening with the
circular structuring element C , and fv(x, y) represents the
linear patterns. Figure 2c illustrates the opening with the
circular structuring element C . Further, fBC (x, y) includes
nodular patterns, but does not include linear patterns with

widths smaller than the diameter of the circular structuring
element.

Using (5) and (6), we obtain

f (x, y) = fo(x, y) + fv(x, y) + fBC (x, y), (7)

which indicates that the original image f (x, y) can be
decomposed into nodular pattern fo(x, y), linear pattern
fv(x, y), and the smoothed image (i.e., remaining pat-
terns) fBC (x, y). It should be noted that nodular patterns
are extracted by using multiple line structuring elements,
whereas linear patterns are extracted by using circular struc-
turing element. In addition, it is necessary to decompose
nodular pattern first and then linear pattern in Eq. (7), because
nodular patterns are included in linear patterns that have the
same width as the diameter of nodular patterns. On the other
hand, the size of the extracted patterns is related to that of
the structuring element. If a structuring element of large size
is used, it is possible to extract large nodular and linear pat-
terns. Conversely, if a structuring element of small size is
used, small nodular and linear patterns can be extracted.

Construction of the morphology filter bank

Using the framework ofmathematicalmorphology described
in the previous section, nodular and linear patterns in images
can be extracted; however, the size of these extracted nodular
and linear patterns depends on that of the structuring element.
To extract nodular and linear patterns of various sizes, we
designed a newmethod, called a morphology filter bank, that
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incorporates the idea of multiresolution decomposition using
wavelet analysis [17]. Using this approach, nodular patterns
can be decomposed from level one to N , while linear patterns
can be decomposed from level one to M . Here, N and M
are arbitrary numbers. In this decomposition, the original
image f (x, y) is first replaced by the smoothed image at
level zero, i.e., f 0B(x, y). Using the same method described
in (5), nodular patterns at level one are then extracted using
multiple line structuring elements of the smallest size, i.e.,

f (x, y) = f 0B(x, y) = f 1o (x, y) + f 1B(x, y). (8)

Equation (8) indicates that the original image f 0B(x, y) is
decomposed into the nodular pattern f 1o (x, y) and smoothed
image f 1B(x, y) at level one. After f 1B(x, y) is considered as
an original image, we proceed with the same decomposition
using a larger structuring element, i.e.,

f 1B(x, y) = f 2o (x, y) + f 2B(x, y). (9)

The decomposition of (9) yields nodular pattern f 2o (x, y)
of larger size and smoothed image f 2B(x, y) at level two.
By repeating this process with larger structuring elements,
multiresolution decomposition is obtained as

f (x, y) =
N∑

i=1

f io (x, y) + f NB (x, y) (10)

where i is the level, f io (x, y) represents the nodular patterns
at level i , and f NB (x, y) represents the smoothed image at
level N .

By continuing the decomposition process following the
above decomposition for nodular patterns, we extract linear
patterns of various sizes. Smoothed image f NB (x, y) at level
N is considered original image f 0BC (x, y). The linear pat-
tern at level one is then obtained using (6) with a circular
structuring element of the smallest size, i.e.,

f NB (x, y) = f 0BC (x, y) = f 1v (x, y) + f 1BC (x, y). (11)

Here, f 1v (x, y) is the linear pattern at level one and f 1BC (x, y)
is the smoothed image at level one, which consists of the
remaining patterns after removing nodular patterns of various
sizes and linear patterns of the smallest size. After f 1BC (x, y)
is considered an original image, we proceed with the same
decomposition using larger circular structuring elements, i.e.,

f 1BC (x, y) = f 2v (x, y) + f 2BC (x, y), (12)

where f 2v (x, y) is the linear pattern at level two and
f 2BC (x, y) is the smoothed image at level two. Further, the

multiresolution decomposition for linear patterns from level
one to M can be expressed as

f NB (x, y) =
M∑

j=1

f j
v (x, y) + f MBC (x, y) (13)

where j is the level, f j
v (x, y) represents the line patterns at

level j , and f MBC (x, y) is the smoothed image at level M . By
inserting (13) into (10), we obtain

f (x, y) =
N∑

i=1

f io (x, y) +
M∑

j=1

f j
v (x, y) + f MBC (x, y) (14)

Equation (14) indicates that the original image f (x, y) can
be decomposed into nodular patterns f io (x, y) at level i , lin-

ear patterns f j
v (x, y) at level j , and the smoothed image

(i.e., remaining patterns) f MBC (x, y). From this equation, we
observe that the original image can be perfectly reconstructed
from the decomposed patterns. Figure 3 illustrates the mor-
phology filter bank. The analysis bank can output nodular
and linear patterns of various sizes, and the synthesis bank
can then perfectly reconstruct the original image by adding
these decomposed patterns.

Quantitative evaluation using a synthesized image

To compare the performance of the conventional method and
our proposed method, we constructed a synthesized 512 ×
512 image with four idealized dots and lines, as shown in
Fig. 4a. The dots and lines were generated by

dot(x, y) = exp

{
− x2 + y2

2σ 2

}
(15)

line(x, y) = exp

{
− x2

2σ 2

}
(16)

where the coefficients of Gaussian σ were set to 2.0, 4.0, 8.0,
and 16.0.

For our quantitative evaluation, we used both normalized
mean square error (NMSE) and structural similarity (SSIM)
[18]. NMSE is the normalized square value of the difference
between the comparison and original images. If the compar-
ison image is closer to the original image, NMSE indicates
a smaller value. The evaluation formula of NMSE is defined
as

NMSE =
∑ {g(x, y) − f (x, y)}2

∑ { f (x, y)}2 (17)

where g(x, y) is the comparison image and f (x, y) is the
original image.
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Fig. 3 Morphology filter bank for extracting nodular patterns and line patterns of various sizes

Fig. 4 Results of extracting nodular patterns and linear patterns in a
synthesized image: a synthesized image with dots and lines, b extracted
nodular patterns obtained using a conventional method, c extracted lin-

ear patterns obtained using a conventional method, d extracted nodular
patterns obtained using our proposed method, and e extracted linear
patterns obtained using our proposed method

Conversely, SSIM is amethod formeasuring the similarity
of two images and resembles human subjective judgment. If
SSIM has a high value, it means that two images are similar.
The evaluation formula of SSIM is given as

SSIM =
(
2μxμy + C1

) (
2σxy + C2

)
(
μ2
x + μ2

y + C1

) (
σ 2
x + σ 2

y + C2

) (18)

where μx and μy are average pixel values of the original
and comparison images, respectively. Further, σx and σy are
standard deviations of the pixel values of the original and
comparison images, respectively, and σxy is the covariance
of the pixel values of the two images. Constant valuesC1 and
C2 were set to zero in this paper.

Results

Results for the synthesized image

To extract nodular and linear patterns from the synthesized
image, we first used a conventional method based on the

eigenvalues of a Hessian matrix, as proposed by Li et al.
[5]. The maximum scale was set to four, and the coefficients
of the Gaussian filter for smoothing were set to 2.0, 4.0,
8.0, and 16.0, which were equal to the coefficients of the
Gaussian filter for idealized dots and lines. Resulting images
of extracting nodular and linear patterns are shown in Fig. 4b,
c, respectively.

Our proposed method was subsequently applied to the
same image. The resulting image for nodular patterns was
created by adding nodular patterns of all levels. Using the
same procedure, the resulting image for linear patterns was
created by adding linear patterns of all levels. These are
important characteristics that not found in the conventional
method. Because of the property for the perfect recon-
struction, the proposed method can use a lot of structuring
elements for the extraction of dots and lines of different
sizes. Here, we used levels one through four. Further, the
lengths of the line structuring elements at each level were
given as 3, 37, 71, and 105. The pixel value of the struc-
turing element was set to one, and the diameter of the
circular structuring elements at each levelwas the same as the
length of the line structuring elements at the corresponding
levels.
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Table 1 Quantitative evaluation results

NMSE SSIM

Nodular components

Conventional 0.3298 0.4949

Proposed 0.0001 0.9998

Linear components

Conventional 0.1013 0.9357

Proposed 0.0000 0.9999

Resulting images for extracting nodular and linear patterns
are shown in Fig. 4d, e, respectively. For our quantitative
evaluation, as shown in Fig. 4a, we constructed an ideal-
ized dots image and an idealized lines image, which were
selected from the synthesized image. These dots and lines
images were used as an original image for idealized dots and
lines. Using the original image and the comparison images
shown in Fig. 4b–e, we calculated NMSE and SSIM mea-
sures. Table 1 shows evaluation results of the conventional
method and our proposed method. Results revealed that our
proposed method was superior to the conventional method
in terms of both NMSE and SSIM. When we use a personal
computer (Intel core i7 3.40 GHz), the calculation times for
selective enhancement filter and our proposed method were
2.96 and 3.57 s, respectively.

Extraction of microcalcifications in mammogram

By extracting microcalcifications in a mammogram, we
confirmed, via our proposed method, the ability to extract
nodular patterns of different sizes, which is the first fea-
ture of our morphology filter bank. Figure 5a shows the
512× 512 region-of-interest (ROI) image with microcalcifi-
cations, which is a subset of a mammogram image obtained
from the Digital Database for Screening Mammography
(DDSM) database [19]. The conventional method described

in [5] was first applied to this image with a maximum scale
of five. The coefficients of the Gaussian filter for smooth-
ing were 0.25, 0.70, 1.15, 1.60, and 2.05. Figure 5b shows
the resulting image in which microcalcifications are present
within the white circle. Our proposed method was subse-
quently applied to the same image using levels one through
six. The resulting image was obtained by adding the nodular
patterns of all levels. The lengths of line structuring elements
at each level were 5, 7, 9, 11, 13, and 15. The pixel value of
the structuring element was set to one. The resulting image
obtained by our method is shown in Fig. 5c.

Extraction of blood vessels in fundus image

By extracting blood vessels from a retinal fundus image, we
demonstrated, via our method, the ability to extract linear
patterns of different sizes, which is the second feature of
our morphology filter bank. The retinal fundus image was
obtained from the Digital Retinal Images for Vessel Extrac-
tion (DRIVE) database [20,21] and was a color image of size
565 × 584. We first created a grayscale image by extracting
the G component from the RGB color image. The grayscale
inversed image, shown in Fig. 6a, was then used for our eval-
uation. Vessels in the grayscale image were extracted using
the conventional method with a maximum scale of five. The
coefficients of the Gaussian filter for smoothing were 0.25,
0.70, 1.15, 1.60, and 2.05. The resulting image is shown in
Fig. 6b.

Vessels were also extracted via our proposed method,
using levels one through three. The resulting image was
obtained by adding the linear patterns of all levels. The
lengths of line structuring elements at each level were three,
five, and seven. The pixel value of the structuring element
was set to one, and the diameter of the circular structuring
elements at each level was the same as the length of the
line structuring elements at the corresponding level. When
we extract linear patterns, we need to extract nodular pat-
terns first, which are mentioned in the description of Eq. (7).

Fig. 5 Results of extracting microcalcifications in a mammogram:
a original image with microcalcifications, b extracted nodular pat-
terns obtained by a conventional method, c extracted nodular patterns

obtained by our proposed method. The white circles indicate the area
including microcalcifications
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Fig. 6 Results of extracting blood vessels in a fundus image: a original image, b extracted linear patterns obtained by a conventional method, c
extracted linear patterns obtained by our proposed method

Fig. 7 Result of pulmonary vessel suppression in a thoracic CT image, with the white arrows indicating a GGO: a original image, b reconstructed
image with linear patterns removed

However, the nodular patterns were not used in making the
extracted image for linear patterns. The resulting image from
our proposed method is shown in Fig. 6c.

We also conducted a quantitative evaluation by using
twenty test images and their manually segmented images
(gold standard) in DRIVE database. The sensitivity and
specificity for the detection of blood vessels were 0.67 and
0.969, respectively. The accuracy was 0.9308. These results
were obtained by applying a simple thresholding technique
to the extracted linear patterns.

Pulmonary vessel suppression in thoracic CT Image

By reconstructing a thoracic CT image in which pulmonary
vessels were removed, we confirmed the ability to recon-
struct images while removing linear patterns of different
sizes, which is the third feature of ourmorphology filter bank.
We selected a thoracic CT image with ground-glass opacity
(GGO) from theLung ImagingDatabaseConsortium (LIDC)

database [22,23]. Our proposed method was applied to the
thoracic CT image of size 512 × 512 shown in Fig. 7a.

Pulmonary vessels were extracted via our proposed
method, using levels one through three. The lengths of the
line structuring elements at each level were three, five, and
seven. The pixel value of the structuring element was set to
one, and the diameter of the circular structuring elements at
each level was the same as the length of the line structuring
elements at the corresponding level. The reconstructed image
with linear patterns removed from levels one through three
is shown in Fig. 7b.

Discussion

In the evaluation using a synthesized image, the size of nodu-
lar patterns extracted by the conventionalmethodwas smaller
than that of the original image. This is due to the use of
smoothing and differential operators in the calculation of the
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Hessian matrix. Therefore, it could not maintain the shape of
the outer edge of the dot patterns in the synthesized image. In
addition, the outer edges of the dot patterns were incorrectly
detected as linear patterns in Fig. 4c.

Conversely, as the results shown by our proposed method
in Fig. 4d, the size and shape of the extracted nodular
patterns were the same as those of the original image. In
addition, as shown in Fig. 4e, false detections, seen in the
result by the conventional method, were not generated. This
occurred because mathematical morphology is a nonlinear
image processing technique, and the filter bank is consti-
tuted so as to initially extract nodular patterns at each level,
and then extract linear patterns at each level.

In our quantitative evaluation, as shown in Fig. 4, results
of our proposedmethod also showed better performance than
those of the conventional method, because our proposed
method identified fewer false detections and good repro-
ducibility of the shape.

As shown in Fig. 5b,microcalcificationswere extracted by
the conventional method; however, their sizes were smaller
than those of the original image. A large number of false
detections were also observed outside of the white circle. In
contrast, as shown in Fig. 5c, using our proposed method,
microcalcifications of various sizes were extracted, which
maintained their shape; further, there were fewer false detec-
tions outside of the circle.

Although the conventionalmethodwas able to extract ves-
sel regions in the retinal fundus image, as shown in Fig. 6b,
pixel values of the extracted vessel regions tended to be
uniform and there were false detections in the surrounding
regions of the retinal fundus area. Conversely, the difference
in pixel values could be recognized in the extracted vessels by
our proposed method, and false detection in the surrounding
regions was not observed in Fig. 6c. In CAD schemes used
in the detection of hypertension, it is necessary to distinguish
between arteries and veins using the difference of pixel val-
ues [24]. Thus, using our proposed method, image features
can be obtained to distinguish between arteries and veins,
because pixel values are correctly retained in the extracted
vessels.

Solid nodules contain high density on CT scans, whereas
GGO has low density on CT scans. Therefore, the detection
of GGOs on thoracic CT images is often difficult for radi-
ologists, which is why CAD schemes are increasingly used
to support radiologists in GGO detection [25]. Our proposed
method can remove pulmonary vessels of various sizes with-
out losing the characteristics of a GGO, as shown in Fig. 7.
Thus, the visual detection of GGOs becomes easier.

Note that reconstructing the original image while elim-
inating linear patterns is worthy of special mention here,
because this key feature cannot be achieved using conven-
tional methods. When computers automatically detect lung
nodules, normal structures such as part of the pulmonary

vessels are often incorrectly detected as nodules. If we can
suppress normal structures in a preprocessing stage, these
false positives will not be identified as candidates for nod-
ules. Therefore, detection accuracies of CAD schemeswould
improve using our proposed method.

Conclusion

In this paper, we proposed a new method to extract nodu-
lar and linear patterns in medical images. Our proposed
method can extract nodular and linear patterns of various
sizes and reconstruct images while eliminating these pat-
terns. Our experimental results showed better performance
as compared with a conventional method based on a Hessian
matrix. Therefore, we believe that our proposed method can
be used in CAD schemes as an image processing technique
to extract nodular and linear shadows.
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