Bio-Medical Materials and Engineering 24 (2014) 3311-3319 3311
DOI 10.3233/BME-141154
10S Press

Rule-based fuzzy classifier for spinal
deformities

Sibel Birtane™" and Hayriye Korkmaz®

“Department of Computer Programming, Vocational School, Istanbul Arel University, Istanbul,
Turkey

® Department of Electrical and Electronics Engineering, Faculty of Technology, Marmara University,
Istanbul, Turkey

Abstract. In this paper, 2-steps software using image processing and enhancement technologies is developed to obtain a sco-
liosis patient’s spine pattern from 2D coronal X-Ray images without manual land marking. Then, a Rule-based Fuzzy classi-
fier is implemented on those images to classify the spine patterns using the King-Moe classification approach.
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1. Introduction

Today, imaging technologies in medical fields reached a point where outputs are of much higher
quality. This advancement allows for automated assessments of the images by using ruled-based deci-
sion support systems or computer-aided diagnostics/diagnostic supporting software instead of humans
(physician or some other specialized healthcare professional) using traditional methods. Studies in im-
age processing and medical informatics diminish the role of human factor in visual assessments while
increasing the role of computer control [1-9].

Scoliosis is a common type of spinal deformity [2]. In these cases, the patient is periodically
checked, and the degree of curvature is reassessed each time carefully. In each phase, radiological as-
sessments are utilized; the surgical operation, on the other hand, is quite expensive. The physician's
experience is a significant factor. It is possible to uncover the reason of deformity, its model, degree
and the rate of vertebral shift through X-Rays. The classifications and various measurements in scolio-
sis cases are important to determine the treatment method used by the physician, the method of opera-
tion, which instruments to be used during the operation and whether the treatment will be beneficial or
not [10-12].
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Table 1
The methods and success of similar studies discussed in literature
Study Classification System Method Number of Models Success Rate
H. Lin [21] King-Moe Classification Neural Network 17 66%
H. Lin [22] King-Moe Classification Neurg I Network 25 65%
(Bezier)
H. Lin and D. Sucato [13] King-Moe Classification Neural Network 37 72%
N. Mezghani ve friends. [16] Lenke Classification Rule-Based 603 93%

Fuzzy Logic

0
Rule-Based 25 80%

Proposed System King-Moe Classification

In the literature review, it is possible to see digitized mammograms, brain tomography, dental X-
Ray and various orthopedic images in a computer environment, enhancement of these images, 3D
modeling and computer-aided classifications using various methods [1,13-22].

Studies focusing on classification of digitized medical images mostly utilize artificial neural net-
works, genetic algorithms, fuzzy logic, correlation, regression, Bezier curves and K-means algorithms.
In the selection of classification method, the required qualifications and quantifications are proven to
be significant for accurate diagnosis based on the medical image [9,13,16,18,21-24]. The methods and
success of studies on computer-aided diagnosis of spinal deformities are given in Table 1. As seen in
Table 1, among the computer-aided classification methods, Lenke type has a higher success rate. It is
because the spine is assessed in 3D. It was also observed that most of the classification studies are
conducted on scoliosis models. Based on these findings, it is safe to conclude that the success rate of
the proposed system is quite high when compared to other systems. [13,16,21,22]

2. Materials and methods

Spine is a long, strong and flexible part of the skeleton composed of vertebrae that lies in the center-
line of the body, and carries and supports the weight of it. The spine, composed of the perfect en-
gagement of 33 vertebrac bones with joints and ties, is recessed in neck and lumbar region and pro-
truding in the dorsal area in a side view, and straight from the front as seen some pictures in literatures
[10]. Scoliosis, on the other hand is the curvature of the spine to the right or left, as seen in Figure 1,
on the thoracic or lumbar regions. In a patient suffering from scoliosis, an examination called ortho-
roentgenography is conducted. Orthoroentgenography is a radiologic examination of head, body and
hips in a single film taken while patient is standing still. The degree of deformation is observed on the
film [11,12].

Three different classification methods are used in the assessment of spinal deformities in terms of its
shape. The most common method known as "King-Moe" classification was developed in 1983 by tak-
ing the thoracic deformities into account [2]. "Lenke" type classification, on the other hand was pub-
lished in 2001 to compensate for the shortcomings of the King-Moe classification method [3,16]. Fi-
nally, more practical and comprehensible PUMC (Peking Union Medical College) classification meth-
od is defined in 2005 [4,5,25].
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Fig. 1. King-Moe Classification models.

As mentioned before, Lenke type has a higher success rate. For Lenke type classification, both cor-
onal and sagittal image of the spine is required. Since it is difficult to obtain these images of the pa-
tient, King-Moe classification model is chosen in this study where only the coronal image is sufficient
[15-17]. Figure 1 shows the "King-Moe Classification" model composed of 5 types developed for
modeling idiopathic scoliosis [2,26,27].

Type 1: There is a double curvature in an "S" shape. The lumbar (waist, lower) curvature is larger
than the thoracic (chest, upper) curvature and/or lumbar curvature is less flexible than thoracic one.

Type 2: There is a double curvature in an "S" shape. Thoracic curvature is larger than or equal to
lumbar curvature. Thoracic curvature is less flexible than the lumbar curvature. Lumbar curvature
crosses the central sacral line.

Type 3: There is a single major thoracic curvature. The lower level of the curvature does not cross
the midline.

Type 4: There is a single major long thoracic curvature. The vertebra L5 is centered over the sacrum.
However, L4 tilts towards the convex side of the curvature.

Type 5: There is a dual structural curvature in the thoracic region. T1 tilts towards the convex side
of the upper thoracic curvature. King types II and III are the most common groups where operations
are performed frequently. [2,26]

3. Software development

The proposed software is composed of two steps as seen in Figure 2: 1) Image processing and en-
hancement and 2) Classification. Moreover, an interface as seen in Figure 3 is designed to allow in-
teraction between all these processes and the user [28].

The study uses X-Ray images of scoliosis patients. In the test stage of fuzzy logic based classifica-
tion system, 25 scoliosis models are used from the study by Lin H. and Sucato D. as well as a database
composed of 10 X-Rays obtained from various public and private hospitals around Istanbul [16].

A system user interface seen in Figure 3 is designed as an interactive tool, and enables the following
features: an X-Ray image can be opened from the existing files; user can monitor the image enhance-
ment phases as well as their results. It also indicates the outcome of classification type obtained
through Rule Based Fuzzy Classifier and all these results can be stored in a file.
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Fig. 2. Procedures of 2-steps software [28].
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Fig. 3. Graphical user interface in Turkish [28].
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3.1. Image enhancement

In the process from the X-Ray to obtaining the spinal pattern, a number of image enhancing tech-
niques are used consecutively as seen in Figures 2 and 3. Image processing starts with the transfer of
the image, and continues with the use of different techniques as required. There are many softwares in
image processing field. However since image processing is based on mathematical calculations,
Matlab Image Processing Toolbox is used during image processing and enhancement phases of this
study in addition to Fuzzy Logic Toolbox in classification phase; Matlab GUI Builder is also used to
make these processes interactive for the user.

To be able to use X-rays in classification process, only spine is required. To achieve this, a series of
processes are applied as seen in Figure 2: Initially, original image is transferred to the user-interface
and then cropped manually. After that, a scaling is performed to create identically-sized X-Rays ob-
tained from different machines as shown in Figure 4(a). To separate unwanted images of ribs, con-
trasts settings are adjusted by adaptive histogram thresholding after selecting the appropriate area as
shown in 4b. To be able to subtract the background image and detect the spine pattern only, a number
of filters are performed consecutively shown in Figure 4(c). Morphological masking functions are uti-
lized to fill the missing pixel by using “imfill holes” function shown in Figure 4(d). Canny filters are
used to locate the edges of obtained spine images since it detects the changes in the images better than
the Sobel filters. Next, morphological procedures are performed again to avoid the discontinuities of
the spine pattern. Finally, the outline of the spine is obtained as shown in Figure 4(e).

In this study, the spine's outline is determined automatically instead of manual marking (land mark-
ing) and finding the most suitable curvature passing through these marks as done in studies [8] and
[29]. The data about the curve seen in Figure 4(e) are used in the next stage, the classification.

Furthermore, Hong Lin's study in 2008, [22] benefits from 3D modeling by using Bezier curves to
identify the curvatures in the images obtained from 37 patients' spinal X-Rays. While reviewing the
literature, some classification methods applied in the field was observed. In one of the methods, manu-
al markings are used to detect the spine curve. It is a much harder and time-consuming method. In the
proposed system, a simple distance measurement method is used to determine how much the curvature
deviates from the sacral line which is regarded as a reference for healthy spinal image. This method is
a much simpler, automatic and comprehensible than the methods used in other studies.

Fig. 4. Reconstruction steps of a spine pattern.
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3.2. Fuzzy logic classifier

When the outline of the spine pattern is attained, it is placed on a Cartesian coordinate plane as seen
in Figure 5 to obtain the inputs that will be used during classification. In this plane, initially two limit
points (the outermost left and right endpoint) marked with P1 and P2 as seen in Figure 5 are identified
automatically; then other parameters are established in relation to these points. Six input parameters
are defined to use in rule-based classification system: Xmax, Ymax, Xmin, Ymin, region and length.
These can be described as:

Xmax; the highest x pixel value of the spinal curvature in region 1 through a shift from the reference
line over the x plane;

Ymax; y pixel value of the point defined for Xmax;

Xmin; the lowest x pixel value of the spinal curvature in region 2 through a shift from the reference
line over the x plane;

Ymin; y pixel value of the point defined for Xmin;

Region, the variable that indicates whether the largest region between the pattern of "S" shaped
spine and the reference line lies on the right side of the reference line (positive, Region 1) or the left
(negative, Region 2);

AX= | Xmax-Xref | - | Xmin-Xref | , If AX >=0 then region is positive else region is negative.

Length, the value of distance (along the y axis) on how much continuity the spinal pattern shows
over an imaginary reference line drawn vertically to the sacral point.

In this study, since the parameter derived from the spinal pattern varies in each person, (the number
of pixels covered by whole spine along the y axis in total; also how many pixels does the neck, chest
or lumbar regions cover) and also varies depending on the deformation type, the portions of the spine
cannot be determined certainly. Therefore, a commonly utilized fuzzy modeling technique-Mamdani
type algorithm which is considered as intuitive and similar to human behavior is used.

Xmin Xmax

v

REGION
POSITIVE

Ymax P1

Ymin

REGION
NEGATIVE

Fig. 5. Definition of Input variables used for classification on the Cartesian coordinate plane [28].
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Fig. 7. Simulink block diagram.

In the first step, inputs are converted into fuzzy values by identifying membership functions as seen
Figures 6(a) and 6(b). [28]. In the second step, the following rules are developed and applied based on
King-Moe classification system by using the obtained fuzzy variables:
— If (Xmin is negative) and (Ymin is lumbar) and (region is region 2) then (class is type 1)
— If (Xmax is positive) and (Ymax is thoracic) and (region is region 1) then (class is type 2)
— If (Xmax is positive) and (Ymax is thoracic) and (Xmin is zero) and (Ymin is lumbar) and (length
is thoracic) then (class is type 3)

— If (Xmax is positive) and (Ymax is thoracic) and (Xmin is zero) and (Ymin is not thoracic) and
(length is not thoracic) then (class is type 4)

— If (Xmax is positive) and (Ymax is not lumbar) and (Xmin is negative) and (Ymin is cervical) and
(length is not cervical) then (class is type 5)

In the last step, with the inference system created in Simulink environment, the outputs are defuzzi-
fied and then converted into a single output by using weighted mean method seen in Figure 7.

4. Results and discussion

The Rule Based Fuzzy classifier achieves 80% success rate on scoliosis models as seen in Table 2
while 50% success rate is obtained on real scoliosis X-Rays shown in Table 3.

When reviewing other studies in the literature, it was observed that the most common form of clas-
sification is done on the scoliosis models. Accordingly, the success rate of the proposed system on the
models is quite high when compared to other systems. However, it is impossible to compare the suc-
cess rate of real X-rays with other studies which are using models. [13,18,21,22]

At the end of the classification process, the success rate on real X-Rays turned out to be lower than
scoliosis models. A higher success rate of the proposed system depends on a continuous spinal pattern
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Table 2
Scoliosis models using RBFC success rates
Tvpe Number of Correctly Classified Incorrectly Classified Incorrect Classification
yp Models Instances Instances Result

TYPE 1 2 1 1 TYPE 2
TYPE 2 2 1 1 TYPE 1
TYPE 3 2 2 (e
TYPE 4 2 0 2 TYPE 1, TYPE 3
TYPE 5 2 1 1 TYPE 1
Total Numbered of

10 s 5 e
Samples
(%) 100% 50% 50% e

Table 3
X-Rays using RBFC success rates
Type Number of Correctly Classified Incorrectly Classified Incorrect Classification
yp Models Instances Instances Result

TYPE 1 5 4 1 TYPE 4
TYPE 2 5 5 0 -—-
TYPE 3 5 4 1 TYPE 2
TYPE 4 5 4 1 TYPE 2
TYPE 5 5 3 2 TYPE 2, TYPE 3
Total Numbered of 25 20 s
Samples
(%) 100% 80% 20% e

of high-quality. This is because actual X-rays are not acquired from a single device and hospital, and
the resolution and the distance between the patient and the device is different. The sizes of the X-ray
images acquired are not the same, too.

Furthermore, the size of the spine differs in each patient and has no specific standard. As a result,
some difficulty is experienced in image processing part of the study. When all these factors are taken
into consideration, the reason of low rate of success in actual X-rays can be explained with the failure
to improve the actual X-rays optimally rather than the classification phase. This limitation reduces the
success rate of the classification process as well.

By applying the image enhancement steps developed and given in Figure 2 on images acquired from
just a single device can be continued in the study. Thus, to obtain a higher success rate is very likely.
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