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Pattern Recognition in Medical Image Diagnosis

Noriyasu Homma
Cyberscience Center, Tohoku University

Japan

1. Introduction

Medical image diagnosis can be conducted through a highly intelligent cognitive process
that requires special medical knowledge and experiences. It is not, of course, still completely
clear what kind of information is needed and used for the highly intelligent diagnosis, but
relatively low level features such as shapes, texture, and other pixel based statics extracted
from the images can be used for the diagnosis. In this sense, medical images can be
diagnosed, at least partially, by using pattern recognition algorithms. In this chapter, for
lung cancer diagnosis by using X-ray computed tomography (CT) images, fundamentals
and some advanced techniques of pattern recognition in medical image diagnosis will be
studied extensively.

An early stage detection of the lung cancer is extremely important for survival rate and
quality of life (QOL) of patients (Naruke et al., 1988). Although a periodical group medical
examination is widely conducted by diagnosing chest X-ray images, such group
examination is not often good enough to detect the lung cancer accurately and there is a
high possibility that the cancer at an early stage cannot be detected by using only the chest
X-ray images. To improve the detection rate for the cancer at early stages, X-ray CT has been
used for a group medical examination as well (Iinuma et al., 1992; Yamamoto et al., 1993).
Using the X-ray CT, pulmonary nodules that are typical shadows of pathological changes of
lung cancer (Prokop and Galanski, 2003) can be detected more clearly compared to the chest
X-ray examination even if they are at early stages. This is an advantage of the X-ray CT
diagnosis. In fact, it has been reported that the survival rate of the later ten years can reach
90% after the detection at early stages using X-ray CT images (I-ELCAP, 2006).

On the other hand, using the X-ray CT may exhaust radiologists because the CT generates a
large number of images (at least over 30 images per patient) and they must diagnose all of
them. The radiologists' exhaustion and physical tiredness might cause a wrong diagnosis
especially for a group medical examination where most of CT images are healthy and only
very few images involve the pathological changes. Therefore, some computer-aided
diagnosis (CAD) systems have been developed to help their diagnosis work (Okumura et al.,
1998; Lee et al., 1997; Yamamoto et al., 1994; Miwa et al., 1999).

Although these CAD systems can automatically detect pulmonary nodules with a high true
positive rate (TP), the false positive rate (FP) is also high. To reduce the FP, several advanced
methods such as neural network approaches have been proposed (Suzuki et al.,, 2003;
Nakamura et al., 2005). However, there are still some fundamental problems such as a low
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320 Pattern Recognition

discrimination rate for variations of size and positional shift of nodule images. This is
because they are still based on so-called low level or simple image recognition mechanisms
with pixel oriented features compared to the radiologist's intelligent diagnosis process with
more complex features.

In this chapter, to further reduce the FP, we propose new methods to extract and combine
novel features from the CT images of pulmonary nodules (Homma et al., 2008). The
extraction and combination of new features are motivated by the radiologist's higher level
cognitive process in which several features are combined and integrated to conduct precise
diagnosis. Simulation results demonstrate the effectiveness of the new features and the
combination method for discriminating nodule shadows from non-nodule ones.

The rest of this chapter consists of as follows. Some filtering and feature extraction
techniques will be introduced in section 2. To diagnose medical images, the region of
interest (ROI) that is the target region of the recognition must be detected first and then
some features can be extracted from the ROI for next step of the diagnosis. In section 3, for
the extracted feature sets, the principal component analysis can be used to reduce the
informational redundancy of the feature sets and to avoid unnecessary computational
expensiveness of the classification algorithms. Then the effect of the extracted features on
the nodule pattern classification will be evaluated by using the receiver operating
characteristic (ROC) analysis. This evaluation will reveal what have been achieved and what
cannot be achieved by the classification. To overcome the disadvantage of the classification
algorithm, some advanced techniques will be developed in section 4. In section 5,
concluding remarks including future perspective of this field will be given.

2. Filtering and Feature Extraction: Fundamentals for Lung Nodule Detection

In general, a discrimination method mainly consists of the feature extraction and pattern
recognition techniques. The conventional image features are such as average, variance, and
entropy of pixel values (Takizawa et al., 2001). However, they are not very effective and
don't directly reflect target shapes in CT images that are one of the most important pieces of
information used to discriminate between nodules and non-nodules. Therefore, we first pay
attention to extracting a new shape feature that is more effective than conventional ones
(Homma et al., 2008).

2.1 Detection of ROI: Morphological filters

First, we use the variable N-quoit filter (Okumura et al., 1998), based on a mathematical
morphological technique (Haralick et al., 1987), to detect ROI from the original CT images.
Let us consider an original image I(x, y) of the pixel values at position (x, y). To apply the
N-quoit filter to the image I, we define two elemental functions, D with a disk domain Kp
and R with a ring domain Kg, as follows (Nakayama et al., 1995).

0, (x,y)ek,
D(x,,y,)= 1
(%, 3) {—oo, otherwise @)
0, (x,y)ek,
R(x,, = 2
(%1 01) {—oo, otherwise @)

where
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KD:{(xlayl)’x12+y12Sri2} ©)
KR:{(x15y1)|r12Sx12+y12£r32} (4)
r1, r2, and r3 are radii of the disk, internal, and external rings, respectively. Usually, 7= r3 and
1< 13.
The output of the N-quuoit filter, g, is calculated as

Q(XJ):hD(X,J’)_hR(xa)’) (5)
where lip and hr can be defined by using the operator @ of the Murkowski’s set addition
(Haralick et al., 1987)

hy(x,y) = 1(x,y)® D(x,,y,) 6
— max {155+ D) ©
hR(an/) = ](an’)@R(xwyl) 7
- max {1 -+ R} ?

Using the disk and ring functions, the output g(x, y) results in large for island shadows in
the image I, otherwise g(x, y) becomes small. Since the pulmonary nodules often look like
small islands in the CT slice images, the filter can effectively detect regions including nodule
candidates with high g values.

2.2 Orientation features extraction
To extract features for nodules recognition, we binarize the original images I in the ROI as

1) = {1, I(x,y)>mean(])+ -

0, otherwise
and calculate three conventional features (mean, variance, and entropy of pixels intensity) of
the binarized image | p (Kondo et al., 2000).

Then, we apply a Gabor filter to the binarized image J , and extract M orientation outputs.

The impulse response of the filter is defined as the harmonic function multiplied by the

Gaussian function
] 12 2 92
+
g(x,y,0,4,7,0)= cos(27r£j exp —# 9)
A 20
where @ is the angle of orientation, ¢ is the bandwidth, y is the aspect ratio, and A is the
wave length, respectively. x' and y' are given by
x' = xcos@+ ysind
(10)

y' = —xsinf+ ycosd
Orientation features are obtained from the convolution of image [ 5 (x,») and
g(x,y,0,4,7,0) as

O(x,y)=1,4(x,y)*g(x,y,0,4,7.,0) (11)

Fig. 1 shows examples of filtered images of four orientations. Using the new orientation
features, the circle-like shadows can be discriminated from the other shapes. This is a
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promising result because nodule shadows often look like circles. The orientation features
involving such circle-shape information can thus be appropriate for the discrimination.

n—. n—.

Binarizing Filtering 0 7

V-

Fig. 1. Examples of four orientation filtered outputs.

a3

Lt |

For each orientation, we calculate the three features of mean, variance, and entropy of
intensity. Consequently, we extract a total 3x (M +1) features from the binarized image.

Then we define a vector X of 3x (M +1) features, X = (X)X, ', for the image in

X304 ]
ROL To eliminate the dimensional redundancy of the vector, we finally define a feature
vector X' from the vector X by using the principal component analysis technique.

3. Nodule Pattern Classification

3.1 Pattern classification in principal component space

We make, respectively, P and Q clusters of nodules and non-nodules images of training data
on the principal component feature space by K-means method. The numbers of nodule and
non-nodule clusters, P and Q, can be determined automatically on the basis of variance
equalization between clusters (Ngo et al., 2002). Then, we project test data X' into the feature
space and calculate Euclidean distances between test data and all the cluster centers (Fig. 2).
Here any other distances such as the inner product and Maharanobis distance can be used
as the similarity measure, but if the variances are almost the same among clusters, then
Maharanobis distance are equivalent to Euclidean distance.
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Fig. 2. Distances from the test image to centers of P nodule and Q non-nodule clusters.
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Let us consider the (P+Q) distances d,4, p=1, 2, ..., P, from the P nodule clusters and 4.V,
g=1,2,...,Q, from the Q non-nodule ones. The discrimination is conducted by comparing the
minimum distances d,«, p*€ {1, 2, ..., P}, from the nearest nodule cluster and d,, g* € {1,

2, ..., Q}, from the non-nodule one. That is, if the ratio

d,
o (12)
o
is less than a threshold «, then the test image can be a nodule candidate; otherwise it is a

non-nodule candidate.

d:

3.2 Effect of orientation feature

To evaluate the effect of the orientation feature on the discrimination between nodule and
non-nodule images, we have tested the proposed method by using a data set from the Web
database of CT images (NICA, https://imaging.nci.nih.gov/ncia/faces/baseDef. tiles). We
used a set of 297 nodule data images (208 training and 89 test images) and 1929 non-nodule
data images (1351 training and 578 test images). The ROI size was 33 x 33 pixels and the
binarizing threshold g was 40. The number of orientations M was 4 and the Gabor filter's

parameters A, o, and y were 1.5, 2.6, and 1, respectively. The number of principal

components C was 5, defined as the minimum number that satisfies Z; u, >0.95 where u;

is the contribution ratio of principal component j. The number of clusters was 35 (25 nodules
and 10 non-nodules).

3.2.1 Clustering results

Figs. 3 - 5 show sample images of feature vectors belonging to clusters made from training
nodule images. The results demonstrate that each cluster consists of similar circle-like
shapes of nodules. This suggests that the orientation features extracted from the nodule
images can be useful for clustering them, and thus the proposed feature is effective for
nodule discrimination.

Fig. 3. Nodule images in cluster A. Images including relatively light and fuzzy boundary
shadows are involved in this cluster.
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Fig. 4. Nodule images in cluster B. Images including relatively bright, smooth boundary and
large circle shadows are involved in this cluster.

Fig. 5. Nodule images in cluster C. Images including small circle with spiculated boundary
shadows are involved in this cluster.

On the other hand, Figs. 6 - 10 show sample images of feature vectors belonging to non-
nodule clusters. The results demonstrate that some clusters are composed of similar shapes
of non-nodules, but some are not. For example, in cluster nA (Fig. 6), most of images look
like small circles, but there are a few images not involving such small circle shapes. Also,
there are no similar shapes with each other in cluster nE (Fig. 10). This implies that non-
nodule clusters are composed of various images with relatively large variance of feature
vectors, compared to similar images with small variance of feature vectors in nodule clusters.
Indeed, variances of feature vectors in non-nodule clusters are relatively large, while
variances in nodule clusters are relatively small, although both variances were not large: The
averages of the variances in non-nodule and nodule clusters were 0.003 and 0.001,
respectively.

Fig. 6. Non-nodule images in cluster nA. Images including relatively small circle shadows
are involved in this cluster.
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Fig. 7. Non-nodule images in cluster nB. Images including vertical line segments are

involved in this cluster.

Fig. 8. Non-nodule images in cluster nC. Images including relatively large circle shadows
are involved in this cluster.
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B L
L)

Fig. 9. Non-nodule images in cluster nD. Images including horizontal line segments are
involved in this cluster.
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Fig. 10. Non-nodule images in cluster nE. Various shapes are involved in this cluster.

This suggests that further improvement for non-nodule clustering can be done by extracting
more effective features from the original images. Such improvement will be discussed in
section 4.2.

3.2.1 ROC analysis

Fig. 11 shows the 3 receiver operating characteristic (ROC) curves. Without 12 features of 4
orientations extracted by the Gabor filter, FP was about 80% when TP was 80%, while FP
was about 35% by using the orientation features. The improvement of the discrimination
rate (FP was improved from 80% to 35%) clearly demonstrates the effectiveness of the
proposed feature on the diagnosis of pulmonary nodules.

On the other hand, FP was about 30% under the same condition by using a massive training
artificial neural network (MTANN) (Suzuki et al.,, 2003). Although these rates can be
improved if we could choose more suitable settings for both the proposed and MTANN
methods, we may claim that the discrimination performances of both methods are almost
equivalent.

05

Without orientation features

0.3

0.2 With orientation features
0.1 MTANN

UO 01 02 03 04 05 06 07 08 09 I

FP
Fig. 11. ROC curves.

www.intechopen.com



Pattern Recognition in Medical Image Diagnosis 327

4. Advanced Methods for Lung Cancer Diagnosis

4.1 Variation feature along body axis

To further improve the discrimination rate for clinical use, we will now try to extract
another effective feature (Homma et al., 2008). To begin with, let us consider why the
discrimination performance using the orientation feature is not enough and what kind of
images can be misjudged. For example, Fig. 12 shows a CT slice image of a patient. As
mentioned in section 2.2, nodules often have circle-like shadows and thus we want to extract
such shape information by using the Gabor filter. There are, however, some cases in which it
is hard to discriminate between nodule and non-nodule images by using only such shape
feature although the proposed one can be more effective than some conventional ones as
demonstrated in the preceding section. Both images of nodules in cluster C (Fig. 5) and non-
nodules in cluster nA (Fig. 6) have similar circle-like shapes, for example.

Fig. 12. ROI images detected by the variable N-quoit filter. Blue frames indicate images
including nodules, whereas the red frame indicates a non-nodule image.

Different from the shape information within a CT slice, a novel feature can be extracted from
shadow shapes across CT slices in the direction along the body axis (cranio-caudal direction).
For example, Figs. 13 and 14 are CT slices above and below Fig. 12. Note that, according to a
common opinion of several radiologists, circle-like shapes of non-nodules are almost
shadows of blood vessels in the direction along the body axis. In this case, as seen in these
figures, the blood vessels are cylinder-like shapes and thus the circle-like shadows remain at
the same position if we look at slices above and below the target slice. On the other hand,
nodules are often ball shapes. In this case, if we look at a slice above or below the target slice,
the circle-like shadows often disappear. Thus, as a new feature, we employ the variation of
CT values in the direction along body axis.
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Fig. 13. CT slice image above the slice of Fig. 12. The red frame shows continuity between
Figs. 12 and 13, in which a circle-like shadow remains at the same position in both figures.
On the other hand, the blue frames show discontinuity that sizes and CT values of circle-like
shadows in both figures are different from each other.

Fig. 14. CT slice image below the slice of Fig. 12. As same in Fig. 13, we can see continuity of
a non-nodule shadow and discontinuity of nodule shadows.
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To extract the variation feature, we first calculate the average pixel value of the shadow
image in the ROL If a shadow is of a non-nodule and a part of the cylinder-shape blood
vessels along the body axis, continuity of the average values can be observed. On the other
hand, if the shadow is of a nodule, then discontinuity of the average can be observed. In
other words, for the non-nodule case, the average value is almost the same in above and
below slices, while the average changes depended on the slices for the nodule case.

Let us denote the average values of the shadows V,,, V,,, and V; for the target slice, and slices
above and below the target, respectively. Using the averages, we define a new feature of
shadow variation in the direction along the body axis T by

T =max(T,,T)) (13)
where

T, 41-¥, 17, (14)

I =1=V, V] (15)

The concept of calculation of the feature extraction is illustrated in Fig. 15.
V, V

i I

' ._-"'( 1\\"\.
N Y
'

Fig. 15. Extraction of the shadow variation feature T.

The new feature T tends to be small for non-nodule shadows of the continuity case while it
is large for nodule shadows of the discontinuity case. In fact, for the data used in section 3.2,
the average value of the variation T for non-nodule images was 0.182, while the average of T
was 0.479 for nodules.

4.1.1 Effect of variation feature

Here the shadow variation feature T was first applied to the ROI images and then more
careful discrimination using the orientation features was conducted. That is, if the variation
feature T of a candidate shadow in a ROl is less than a threshold T}, the proposed method
regards the shadow as a non-nodule. Otherwise, if T > Tj, the candidate shadow in the ROI
is discriminated by using the orientation features as described in section 3.1. It might be
worth mentioning an interesting fact that radiologists first detect ROIs of candidate shadows
from the original CT slices by using such variation information along the body axis, and
then diagnose the detected ROIs by using more detailed information such as shape, size,
and CT values of shadows. This is the reason why we use the variation feature T before the
orientation ones.

We have evaluated the effect of the new features on the discrimination rate by using the
ROC analysis. Fig. 16 shows ROC curves by the conventional method and proposed
methods without and with the variation feature T. By using the variation feature, FP was
about 20% when TP was 90% in the case of the threshold T;, =0.206. On the other hand, FP
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was beyond 50% without the feature T. In other words, the discrimination rate FP was
improved from about 50% to 20% under the condition TP=90%. Note that the condition
TP=90% is good enough for clinical applications of pulmonary nodules diagnosis. Thus, the
improvement clearly demonstrates usefulness of the variation feature.

: d_'_"

0.9
0.8
0.7
0.6
Eos
0.4
Without orientation features
0.3
With orientation features
=
e With orientation features and
01 variation feature along body axis
: (T, = 0.206)
0{) 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 |

Fig. 16. ROC curves.

The fact that TP does not reach 100% in Fig. 16 might be a disadvantage of the proposed
method with the variation T. This is because a few nodule shadows were regarded as non-
nodule shadows by the variation threshold. As a second opinion for clinical use, however,
robustness of the performance for various conditions is more important than TP=100% (TP
> 90% is often good enough). Indeed, the performance is robust for various threshold
values and thus it can be another advantage for clinical use.

In addition to this, as shown in Fig. 11, performance of MTANN (Suzuki et al., 2003) was
almost the same as that of the proposed method without the variation feature. Consequently,
performance of the proposed method with the variation feature can be superior to that of the
MTANN. Also, similar information to the variation T can be obtained by 3-dimensional
images reconstructed from helical CT data (Nakayama et al., 1995). However, calculation of
the variation T is very simple and thus less computationally expensive.
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4.2 Toward further improvement

4.2.1 A new feature of circle-like shapes

Fig. 17 shows examples of the true positive and false positive images under the condition
TP=90% and FP=20%. It seems that the TP and FP images can further be distinguished by
their shapes: TP images are circle-like shapes while FP’ images are tree branch-like shapes of
blood vessels or more complex shapes. The proposed orientation features do not work well
for these images, although they are very effective for the greater part of images.

: . -
(a) True positive images. (b) False positive images
Fig. 17. Examples of the true positive and false positive images. True positive means that the

discrimination result of the CAD system is nodule and it is really nodule whereas the false
positive means that the system's result is nodule, but it is non-nodule.

As discussed in section 3.2.1, nodule images are clustered well compared to non-nodule
images clustering. A wide non-nodule cluster region with high variances can affect the FP
results because the distance to the FP image may be overestimated even if an image
involved in a non-nodule cluster is close to the FP image in the feature vector space.

Another reason for this may be that the features are calculated for each orientation
independently, but their relation among the orientations is not considered at least explicitly.
For example, as illustrated in Fig. 18, we can expect that average pixel values extracted by
the Gabor filter for all orientations are almost the same for circle-like shapes, while the
averages are different from each other for line segments or tree branch shapes.

™ E By
Circle 4 4 = 1
P ’
= OO
g u
i 0y 3
Line segment 2 4

0 1

Fig. 18. Expected relation between different angles for circle-like and tree branch-like shapes.

www.intechopen.com



332 Pattern Recognition

To extract such differences between orientations, higher angle resolution may be necessary.
However, as shown in Fig. 19, the discrete Gabor filter function is depended on the angle
because of the small size of ROI. In such case, the sums of pixel values extracted the Gabor
filter are different from each other even for the circle-like shapes.

w ik S i
2 3 | 8

Fig. 19 Angle dependency of the Gabor filter outputs: Extracted values of inner and edge
pixels are different from each other for various angles.

To overcome this problem, we conducted an edge detection technique as preprocessing the
original images, and then the output images of the Gabor filter were binarized to eliminate
the error caused by the spatial resolution (Homma et al., 2008). By this improvement, as
shown in Fig. 20, average values of M=8 orientations can be almost the same for all
orientations for the circle-like shape, while for the branch-like shapes, the 8 average values
are different from each other depending on the orientation of the branches.
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nodule image

| =
o

(a) Improved Gabor filter output for a circle-like shape.

non-nodule image

X

(b) Improved Gabor filter output for a tree branch-like shape.

Fig. 20. Extracted values of inner and edge pixels are (a) almost the same for a circle-like
shape, but (b) different from each other for a tree branch-like shape.

www.intechopen.com



334 Pattern Recognition

4.2.2 Improved results

Fig. 21 shows the standard deviation s of 8 average values for the TP and FP images. The
numbers of TP and FP images were 72 and 76, respectively. Note that the standard
deviations s for TP images are relatively small as expected for circle-like shapes, whereas the
deviations for FP images are relatively large or widely distributed from large to small. Thus,
after the discrimination by the variation along body axis and orientation features proposed
in section 2, the TP and FP images can further be distinguished by the new feature s. In fact,
FP=8% under the condition TP=90% when the algorithm classifies the images with s > 0.01
into non-nodules. In other words, FP decreased from 20% to 8% under the condition
TP=90%.

Although the improvement achieved by the new feature is a good result, what we would
like to stress here is that the combination of several effective features and classification
techniques might be the most important for developing clinically useful CAD systems. The
methods and the promising results presented in this chapter may support the importance of
the combination.
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Fig. 21. The standard deviation s of M average values for TP and FP images. s for TP images
are relatively small as expected for circle-like shapes.

5. Concluding Remarks

In this chapter, we have proposed a new method to detect pulmonary nodules in X-ray CT
images. From results in this study, we may claim that the proposed orientation and
variation features of nodules can be useful for the pulmonary nodule diagnosis. The
proposed method is based on the radiologist's diagnosis process. That is, by using the
variation feature of shadows in the direction along the body axis, the method first selects
nodule candidates and then only for the candidates, instead of all the images, the method
further discriminates nodules from non-nodules by using the orientation feature details of
shadow shapes. The selection can thus contribute to less computational expense.

The methods introduced and developed in this chapter, however, aimed at only isolated
circle-like shapes with the some morphological features, and thus non-isolated nodules
(pathological changes) may not be detected by such methods. To improve the detection rate
of such non-isolated nodules, Homma et al. have proposed a new technique that transforms
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the non-isolated nodules connected to the walls of the chest into isolated ones (Homma et al.,
2009). Again, we can combine the technique for non-isolated nodules with the methods for
isolated nodules for clinical usefulness. The other drawbacks of the conventional methods
can further be improved by incorporating some specific methods to solve the drawbacks.
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