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ABSTRACT

The image retrieval system has been used to provide the needed correct images to the physicians while the diagnosis
and treatment process is being conducted. The earlier image retrieval system was a text-based image retrieval system
(TBIRS) that used keywords for the image context and it requires human's help to manually make text annotation on the
images. The text annotation process is a laborious task especially when dealing with a huge database and is prone to
human errors. To overcome the aforementioned issues, the approach of a content-based image retrieval system (CBIRS)
with automatic indexing using visual features such as colour, shape and texture becomes popular. Thus, this study proposes
a semi-automated shape segmentation method using a 12-anatomical point representation method of the human spine
vertebrae for CBIRS. The 12 points, which are annotated manually on the region of interest (ROI), is followed by automatic
ROI extraction. The segmentation method performs excellently, as evidenced by the highest accuracy of 0.9987, specificity
of 0.9989, and sensitivity of 0.9913. The features of the segmented ROI are extracted with a novel global Hu-F descriptor
that combines a global shape descriptor, a Hu moment invariant, and a Fourier descriptor based on the ANOVA selection
approach. The retrieval phase is implemented using 100 MRI data of the human spine for thoracic, lumbar, and sacral
bones. The highest obtained precision is 0.9110 using a normalized Manhattan metric for lumbar bones. In a conclusion,
a retrieval system to retrieve lumbar bones of the MRI human spine has been successfully developed to help radiologists in
diagnosing human spine diseases.
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INTRODUCTION

Magnetic resonance imaging (MRI) is a non-invasive
diagnostic tool that works by applying radio waves and
strong magnetic field to produce images. Unlike computed
tomography (CT), MRI does not produce radiation and
prevents radiation exposure to subjects. Thus, MRI has been
widely used to evaluate various spinal diseases, such as disc
degeneration and herniated discs (Y.-J. Zhao et al. 2011) and
the most frequently used imaging test for brain and spinal
cord (“MRI - Mayo Clinic” n.d.). MRI provides details on
the structural features of internal body tissues, including
spinal disc, nerve, spinal cord, and spinal fluid. However, CT
scans are better than MRI scans at examining lung tissues,
considering that the latter can be noisy and takes longer
to complete than the former. Moreover, studying medical
images is time-consuming and subjective depending on the
experience of radiologists (F. Zhao & Xie 2013). Thus, by
integrating computer processing into spinal MRI, an easy,

time-efficient, and more accurate diagnosis can be achieved
(Shi et al. 2007).

The human spine comprises 33 connected bones to
support body weight and it allows humans to stand upright
and bend while protecting the spinal cord from injuries. The
33 connected bones are divided into five parts which are
cervical, thoracic, lumbar, sacrum, and coccyx. Each part
performs specific function. Spinal fracture is one of the
common injuries that may occur to the spinal vertebra due
to road accidents, falls, sports, and diseases such as spine
tumors and osteoporosis. The vertebra dislocation or fracture
can cause bone fragments to pinch and damage the spinal
nerves or spinal cord. It is reported in (Tong et al. 2016) that
cases of spinal cord damage, especially due to the vertebral
fracture of the spine, have increased. The vertebral fracture
can occur anywhere along the spine as reported by previous
studies such as fractures at the cervical (Groen et al. 2016;
Korhonen et al. 2014; Majkowska et al. 2014; Wysham et al.
2017), and lumbar portions (Grierson et al. 2015; Kaufman
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et al. 2013). Moreover, there is an increasing interest in the
studies on vertebra and disc segmentation using MRI scans
reported in the past 10-15 years (Rak & Tonnies 2016)
due to the fact that the MRI has become the most suitable
medical imaging technique for diagnosing many diseases
in the medical discipline given its adoption of non-invasive
imaging technology which does not pose harm to human
health (Deng et al. 2016).

Medical image segmentation is one of the computer
processing parts that plays a crucial role in many imaging
applications. The process is conducted by automating or
facilitating the delineation of anatomical or bone structures
and other regions of interest (ROIs). The image segmentation
is important in the feature-based technique implementations
for searching image databases. Effective segmentation
will isolate important images with homogenous regions
in the database, where feature vectors are calculated for
searching. A manual segmentation of all database images
is an extremely lengthy and tedious process, therefore
a fully- or semi-automate segmentation procedure will
produce significant gains. Nevertheless, the development
of a fully automated segmentation for the human spine is
a challenging task because of the low resolution and strong
noise presented in the MRI images. Thus, numerous works
on segmentation have been proposed to overcome these
limitations (Bazila & Mir 2014).

Modern standards such as digital imaging and
communications in medicine (DICOM) and picture
archiving and communication system (PACS) offer an
efficient way to store and transfer the images and improve
interoperability. DICOM is the industry standard for the
data storage and transmission of digital images as well as
other related information among imaging devices. It offers
all essential tools for the diagnostically precise medical
imaging data representation and processing. DICOM is
an all-encompassing data storage, transfer, and display
protocol that is built and designed to fulfil all functional
parts in digital medical imaging (Pianykh 2008), including
a standardized file format. However, as it is only a set of
standards, it needs a medical system (i.e. PACS) to ensure
interoperability with the functionality of PACS being
DICOM-driven. The PACS that is an image retrieval system
(IRS) based on texts has been widely used in medical
institutions, where it is dedicated to the storage, retrieval,
distribution, and presentation of medical images.

The text-based image retrieval (TBIR) uses a textual
resource of information to find out an image’s subject matter,
for instance an annotation or more structured metadata. The
TBIR first annotates the image using text and then applies a
text-based management system to perform image retrieval.
However, this method suffers from two major problems
when dealing with a large volume of image collections.
First, a vast amount of labor is required in the manual image
annotation or indexing. This process is cumbersome, prone
to error, and prohibitively expensive. Another problem with
manual annotation is subjectivity. For example, a specialist
may be interested in only a particular aspect of the image

at a certain period of time, therefore, other aspects may not
be captured in the annotation. These problems may lead to
unrecoverable mismatches in later retrieval process. Thus,
these limitations have resulted in the development of a
content-based image retrieval (CBIR) system (Sharma et al.
2012).

CBIR uses features solely from the image, such as the
shapes, texture, and color to find out its subject matter. CBIR
has been developed to offer a solution to the previously
mentioned drawbacks of the TBIR system. CBIR refers to
the retrieval of images from a database using information
obtained from the images themselves, rather than only from
associated text indices. The visual features of images are
extracted, and then similarities are measured to determine
the most similar images from a database (Syam et al. 2013)
or to retrieve visually similar diseases (Ahmad et al.
2014). This retrieval system offers radiologists with a
diagnostic help in the form of display of related
previous cases, along with verified pathology and other
appropriate information. Nevertheless, retrieving medical
images from a large database may be computationally
expensive. Hence, improving visual feature extraction is
also necessary to reduce retrieval time (Shrinivasacharya &
Sudhamani 2014) while retaining the system’s high-
precision characteristic. Thus, our research proposes a
semi-automated segmentation method wusing a 12-
anatomical point representation. Then, the features of the
segmented ROI are presented with a new global Hu-F
descriptor for human spine retrieval in MRI images. The
retrieval of archived medical images is useful in aiding the
diagnosis of and providing evidence from previous cases,
as well as in training junior radiologists. Considering that
spinal diseases can be represented by specific regions of an
image, a retrieval system with accurate features is necessary.
This study presents another useful contribution in retrieving
similar cases involving thoracic, lumbar, and sacral bones.
The following sections are described as follows. Section II
introduces related work to this study, followed by Section III
that describes the research methodology. Section IV presents
the results and performance evaluation, and Section V
provides the conclusion and summary.

RELATED WORK

VERTEBRA SEGMENTATION

There are numerous works conducted on the vertebra
segmentation of the human spine using MRIs, such as
Huang et al. (2009) included a system with fully automatic
vertebra detection and segmentation for spinal MRIs. The
system proposed a statistical learning approach based on
an improved AdaBoost algorithm to detect the vertebra.
Then, the method was refined and segmented with an
iterative normalized-cut segmentation algorithm. It has
successfully achieved nearly 98% vertebra detection and
96% segmentation accuracy relative to active contour and
level set segmentation. In addition, Neubert et al. (2011)



developed a system for automated 3D segmentation of
vertebral bodies and intervertebral discs from MRIs. The
segmentation approach was based on statistical shape
analysis and template matching of grey-level intensity
profiles.

Egger et al. (2012) proposed a rectangle-based
segmentation algorithm in which the method would perform
a graph cut to separate the object from the background.
Using this approach, problems in the normal graph-based
algorithm were solved by referring to the rectangular
shape of the object during the sampling graph nodes, and
an accuracy of approximately 90% was achieved. On the
other hand, Schwarzenberg et al. (2014) developed another
graph-based method using a cubic template for volumetric
MRI vertebrae segmentation, which was an extension of an
earlier work (Egger et al. 2012). With only one click and
the running time less than 60s, the proposed algorithm was
performed with an average dice similarity coefficient (DCS)
of 81.33%. This was easier to conduct as compared to the
square cut method.

In another work, Zukic¢ et al. (2012) segmented vertebral
bodies in MRI images using multiple-feature boundary
classification and mesh inflation. This approach required a
manual seed point input, thus rendering it semi-automatic.
The algorithm was performed with the accuracy of 78%.
Meanwhile, (Ben Ayed et al. 2012) employed convex
relaxation and distribution matching method to segment the
vertebral body in MRIs. Tested on 13 mid-sagittal 2D MRIs,
the proposed method achieved DCS of more than 80%. This
approach is suitable for parallel computations and it does
not require complex learning from a large training set. An
approach for segmenting articulated spine shape models in
CT and MRI images using manifold embedding and higher-
order Markov random field were introduced by (Kadoury et
al. 2013). The approach obtained notably good segmentation
results. In another work (Lootus et al. 2014), a histogram of
gradient-oriented image descriptors was combined with a
graphical model to localize and label the vertebrae in lumbar
MRI images. The algorithm was claimed to be simple and
computationally cheap procedure, yet was also applicable
to CT scans.

FEATURE EXTRACTION

Content-based image retrieval system (CBIRS) uses image
as an input, hence the retrieval result relies on the visual
characteristics which are color, texture, and shape ofan image.
Shape, which refers to the geometry details of an object, is
one of the most important features of an image. Comparing
to other visual features, shape feature is more efficient in
differentiating image content as it is easy to be detected by
the human eye (Thomas & Sreekumar 2014; Wang et al.
2011). Injuries or diseases of the spine normally result in
shape changes, which implies that spine abnormalities can
be identified on the basis of vertebral shapes (Barbieri et al.
2015; Hille et al. 2016). Figure 1 shows two examples of
fracture, which are a compression fracture and a thoracic
fracture that may occur at the vertebras.
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(b)

FIGURE 1. (a) Compression fracture (Brisson n.d.) and (b)
thoracic fracture (Gupta n.d.) of the vertebra

Fourier descriptor (FD) is a powerful feature for
boundaries and objects representation, which has been
successfully applied in many applications related to shape
(Hu & Li 2013; Yasmin et al. 2013). FD was utilized in a
previous work (Gang et al. 2012) by combining centroid
distance, complex coordinates, and curvature, in which
centroid distance derived the best result among the three
combinations. FD was also adopted by other studies (Lande
et al. 2014; Mary Helta Daisy et al. 2013) in relation to
CBIRS.

Hu moment invariants (Hu) is one of the most popular
techniques in extracting image features in object recognition
and classification (Igbal et al. 2012). The invariant moments
derived by Hu (Ming-Kuei 1962) defined seven moments
that enable moment calculations that are invariant under
rotation, scale, and translation. This includes the skew
invariant that is able to differentiate mirror images of the
same images. Hu was used as a shape feature to classify
malicious and non-malicious regions in images (Duan et al.
2014), and it was also utilized in pathological brain detection
(Zhang et al. 2015).

On the basis of the literature review, FD and Hu
were selected in this study together with the global shape
descriptor (GSD), and their efficiencies were investigated in
medical IRS application.

RESEARCH METHODOLOGY

Figure 2 presents a proposed framework of the medical
image retrieval system (MIRS). This study is a continuation
of a preliminary work conducted using TBIRS (Ahmad et
al. 2018). The proposed retrieval system consists of two
stages, which are an offline feature extraction
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stage and an online retrieval stage. The MIRS in this work
is driven by CBIRS, in which the initial steps include the
preprocessing and segmentation phases. These steps are

developed to increase image contrast, reduce noise, and
extract ROIs from images.
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FIGURE 2. MIRS framework driven by CBIRS

The next step involves feature extraction and selection,
in which features from an image are extracted and analyzed
to select the most suitable features. The selected features
are then combined to produce a new feature vector (FV),
which is stored in the feature vector database (FVD) to be
used by online users. These processes are running during the
offline stage. During the online stage to retrieve an image,
the user must provide a query image, and query features will
be computed and compared with FVs in the FVD based on a
similarity measurement; the smaller the measure, the similar
the image. Thus, for retrieval, the similarity measurements
are sorted in ascending order. Lastly, all similar images
related to the query are shown ascendingly in a display
panel, i.e. a created result panel of the developed CBIRS.

SEGMENTATION

Segmentation is a necessary phase in the ROI extraction of
an image as ROIs are used as the basis of texture, color, or
shape features. A fully automated image segmentation into
objects is still an unresolved crisis. Even in specialized
domains, the fully automated segmentation is often
difficult to realize. Under-segmentation, over segmentation,
and boundary inaccuracy are among of the problems

encountered with image retrieval using the segmentation-
based approach. As reported in (Bazila & Mir 2014; Shi
et al. 2007; F. Zhao & Xie 2013; Y.-J. Zhao et al. 2011)
segmentation-based approaches are used to address locality,
in which the spine MRI images are first segmented to
identify different bones and then features are subsequently
extracted from the segmented bones. Thus, this study
proposes a semi-automated segmentation approach, namely,
the 12-anatomical point representation (12-APR), to extract
the ROIs of the human spine according to thoracic (T),
lumbar (L), and sacral (S) bones. The approach is based on
active shape models (ASMs), in which the models must be
trained using training images (Cootes et al. 1995), and their
application has been successful in various medical fields
(El-Rewaidy et al. 2018; Wu et al. 2018). In this study, a set
of landmark points is used to characterize the vertebral (T, L,
and S) contours. Figure 3 presents a graphical summary of
the main steps of the proposed 12-APR. In this experimental
work, the point annotation process must be delineated with
a set of guidelines as illustrated in Figure 4. Landmark
points are carefully marked to ensure high accuracy of the
constructed shape model. The annotated points serve as the
training sample for each image derived by the landmark
points.
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FIGURE 3. Three main steps of the proposed 12-APR approach
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FIGURE 4. Guidelines for the delineation of landmark points of
the vertebra

The ASM is constructed based on a collection of training
samples, which are collectively represented by a statistical
model of the vertebral bone appearance. This model involves
two other sub-models which are profile and shape models.
The profile model is built for each landmark point based on
the points’ analyses, learned characteristics in the training
stage, and behavior information around the points of the
stored image. To match the shape features, the region
landmark points in the test image are carefully adjusted
to fit the profile model. The shape model represents all
tolerable positions of the landmarks, and it ensures that the
adjustment of the profile model does not result in a change
in the shape’s mean values during the matching with the test
image. For comparison, the shape model acts on the entire
image (global), whereas the profile model acts on individual
landmarks (local). Initially, these two models continue

correcting and improving one another until the system has

no more room for adjustment. Then, regional delineation
is performed by collecting the details of information to
determine which of the details can finely fit the model after
completing the training process. The mean value of the
shape feature, which is calculated during the training, and
examined profiles are superimposed on the landmark points
to match the vertebral shape with the test image. Finally, the
delineated test image is converted into a binary image as an
ROIL. Details on the shape features are explained in the next
section.

FEATURE EXTRACTION AND SELECTION

In this work, a new FV known as global Hu-F descriptor
is proposed. The features extracted from GSD, Hu, and
FD techniques are optimally selected based on analysis
using ANOVA, a statistical model that can assess potential
differences of the group mean values. This statistical model
is used to determine if there are any significant potential
differences among the three vertebral bone types that are T,
L, and S. The optimal feature vector selected from the three
techniques (GSD, Hu, and FD) are stored in the FV database
db # and used in the retrieval phase.

In general, GSD can differentiate large dissimilarities
among shapes. However, this fundamental feature type is
not suitable as a standalone shape descriptor. In particular,
this feature must be combined with other descriptors, such
as centroid (C), area (A), bounding box (Bb), perimeter
(P), solidity (Sd), equivalent diameter (Eq), extent (Ex),
eccentricity (Ecc), major (MaX) and minor axes (MiX), and
orientation (O). Some of these features can be illustrated
directly in their basic forms, as shown in Figure 5.
Meanwhile, other features can be derived from the geometric
properties of a region.

Convexarea
Centroid
Minor axis
Perimeter
Major axis
Bounding box

FIGURE 5. Some of the GSD for a region

Hu, which can define seven moments and enable
moment calculations that are invariant under translations
and changes in scale and rotation is perceived as an
innovative work (Ming-Kuei 1962). This model includes
a skew invariant that can distinguish the mirror images of
otherwise identical images. In addition, the main concept
of FD is the use of the Fourier-transformed boundary as the
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shape feature. A modified FD, which is robust to noise and
invariant to geometric transformations (Rui et al. 1998).
Ahmad and Fauzi (2008) also adapted the same approach.
that considered an N-point digital boundary starting
from an arbitrary point (x0, y0), followed by a steady
counterclockwise movement along the boundary. Then, a set
of coordinate pairs, i.e., (x0, y0), (x1, y1),..., (x, ,, ¥,.,), Was
generated. These coordinates are expressed in a complex
form, i.e. z(n) =x(n) + jy(n),n=0,1,2,..., N— 1. Equation (1)
shows the formulation of discrete Fourier transform (DFT)
of z(n) where the complex coefficientis referred as FD of the
shape boundary. In this experimental work, 32-point DFT
was used, thus resulting a 32-dimensional FV.

a(k)= Niiz(n) exp[_ J27n

10<k<N-1
n=0 N

(M

Retrieval

To perform a retrieval task in CBIRS, a vertebral image (T, L,
or S) is selected as a query image, and a query FV denoted
qu as is computed. Then, similarities between the query
image and the database images are calculated by comparing
Jvgwith all FVs in dby,. This study employs Manhattan (M
and Euclidean (£ distances, as well as normalized Euclidean
(NE) and normalized Manhattan (VM) distances to measure
the similarities. The FV normalization may solve the wide
range of difference in FV values, leading to insignificant
contributions of certain features to the retrieval performance.
A smaller distance value implies that the corresponding
image is the most similar to the query image and vice versa.
Given f! and f7 as query and retrieved FV at a time, the
four-distance metrics are given in Equations (2) to (5).
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Where Ok is the standard deviation of the k™ feature in the
FV database (Ahmad & Fauzi 2008).

EVALUATION

In this experimental work, validation process is necessary
to quantify the performance of the segmentation
method. The most straightforward validation approach

is by comparing the segmentation results obtained from a
developed segmentation method with a manually ground
truth preparation. The choice of the performance measure
depends on the application and it can be based on a region’s
information (number of misclassified pixels) or boundary
information (distance to true boundary). In this study, the
proposed segmentation method produces binary masks as
the final segmentation output. Ground truth data are obtained
by manually tracing vertebral bones, as validated by two
expert radiologists from the Department of Radiology,
Universiti Kebangsaan Malaysia Medical Centre, Malaysia.
Consequently, the binary images are compared with the
corresponding hand-segmented images according to pixels.
Each pixel is classified in one of the four categories: true
positive (TP), true negative (TN), false positive (FP), and
false negative (FN) as summarized below.

1. TP: area correctly classified as vertebral bone region
TN: area correctly classified as background

FP: area incorrectly classified as vertebral bone region
FN: area incorrectly classified as background

v

To validate the efficiency of the proposed 12-APR
segmentation method, the classical measures of segmentation
accuracy (Acc), sensitivity (Se), and specificity (Sp). In
addition, other two standard performance indicators, i.e. area
under the curve (AUC) for receiver operating characteristics
(ROCs) and F-score are also employed. Unlike accuracy,
the F-score is independent from the true negative fraction,
as defined by Equation (6), in which A and B are the
segmented vertebral bone regions or sets of nonzero pixels
in the first and second binary masks, respectively. These
regions correspond to the ground truth (A) and algorithm-
segmented masks (B), while N represents the intersection
of the two sets.

_2|4ANB] ©
|4|+|B|
The feature extraction and selection phase, as well as
the retrieval phase, are evaluated according to the standard
measure of the information retrieval system which are
precision, and recall. Precision rate is defined as the fraction
of images of the answer to the query that have been identified
as relevant, while recall rate is the fraction of relevant
images of the answer to the query. Recall and precision are
normally presented on opposing axes on a graph. The graph
is constructed by plotting the precision and recall values
calculated up to each of the rankings.

RESULT AND DISCUSSION

The experimental results of segmentation, the CBIRS
design, and the results of the feature extraction and selection
and retrieval phases are discussed in the following sections.



Segmentation Result

The vertebra segmentation was performed on the randomly
selected 15 MRI images. This evaluation process was
conducted with the help of four observers, i.e. expert
radiologists (ER1 and ER2) and non-radiologists (NRI
and NR2). Performance of the proposed semi-automated
12-APR segmentation method was compared between the
9-APR technique (Mustapha et al. 2015) and a manual
segmentation by ER1, ER2, NR1, and NR2. For each method,
the comparison was done using 15 output images segmented
by an observer and 15 corresponding ground truth images.
Table 1 lists the summary of the results. The table shows
that the outputs of all three methods done by all observers
give excellent segmentation results with Acc, Se, Sp, and
AUC values ranges between 0.990 to 0.998. Nevertheless,
based on the average F-score values of the four observers,
the proposed 12-APR outperformed 9-APR and manual
segmentation methods.

Figure 6 shows the ROC curve of the segmentation that
was analyzed by using logistic regression without cross
validation to verify the overall performance of the proposed
12-APR method. The S bone classification obtained
the best result with AUC = 1, whereas the L and T bone
classifications obtained AUC = 0.9205 and AUC = 0.9213,
respectively. The number of images in the database helped
derive considerably excellent results. Hence, in future work
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we are looking forward to testing the algorithm by using
additional spine MRI images to evaluate its robustness.

TABLE 1. Summary of the average of segmentation performances
by each observer

Metric  METHOD Observer
ER1 ER1 NR1 NR2
Acc 12-APR 0.998 0.997 0.998 0.999
9-APR 0.998 0.997 0.998 0.998
Manual 0.997 0.997 0.998 0.998
Se 12-APR 0.998 0.998 0.998 0.990
9-APR 0.997 0.933 0.994 0.993
Manual 0.991 0.997 0.978 0.998
Sp 12-APR 0.998 0.997 0.998 0.999
9-APR 0.998 0.997 0.998 0.998
Manual 0.997 0.997 0.998 0.998
F 12-APR 0.867 0.845 0.882 0.913
9-APR 0.856 0.782 0.880 0.893
Manual 0.845 0.822 0.890 0.873
AUC 12-APR 0.998 0.998 0.998 0.994
9-APR 0.997 0.965 0.996 0.996
Manual 0.994 0.997 0.988 0.998
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FIGURE 6. ROC plots of sacrum, lumbar, and thoracic bones

CBIRS DESIGN

Figure 7 shows a graphical user interface (GUI) of the
developed CBIRS design, consisting of three parts, i.e.
1. query, 2. results, and 3. image information panels. The
query panel is the most important part of CBIRS, and it is
where all main functions such as image enhancement and
segmentation, feature extraction and selection, and retrieval
process are handled. Figure 8 presents the labeled query
panel, and its nine functions are listed as follows:

1. Browsing images from the image database or folder;
Performing image enhancement by using the DWT+HE
method;

3. Conducting segmentation by using the 12-APR method;

4. Showing the image that had been browsed, enhanced,
or segmented;

5. Resetting to the original image;

6. Selecting the feature extraction technique;

7. Displaying the computed FV;



666

8. Selecting the distance metric for

measurement; and
9. Performing an image retrieval process.

similarity

Retrieved images of a query are displayed in the second
panel, i.e., the results panel. This panel comprises four main
parts, and their functions include the following: the area
where the retrieved images are shown, with 20 images per
page; -total retrieved images and rank of current images; total

number of pages and current page number; and buttons to
control the retrieval results (to move to the next or previous
page). The third panel is the image information panel. The
user simply needs to click an image from the results panel,
and important details of that image are shown. This third
panel comprises three parts (Figure 9), which include the
following: 1) selected image; 2) important details of the
image, including metadata; and 3) distance value, which is
denoted by d, between the query and the selected images.
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FIGURE 9. Image information panel

FEATURE EXTRACTION AND SELECTION PHASE

The total numbers of shape features extracted using the GSD,
Hu, and FD techniques were 15, 7, and 32, respectively.
Selected features from each technique were explained in a
preliminary work (Ling et al. 2017), in which each extracted
feature was analyzed with ANOVA at the significance level
of <0.05. Then, a feature was compared by pairing the bone
groups of T, L, and S (i.e., T-L, L-S, and S-T). Our hypothesis
is to identify whether the three types of spine vertebra bones
have dissimilar features, thus ANOVA can determine if
the pairs are statistically and significantly different from
one other. Lower significant value will indicate the higher



differences between the pairs. Table 2 shows an example
of the significant values for each Hu feature (i.e. Hu has
seven features) in ANOVA. The features are evaluated
individually and selected in accordance with their ability
to differentiate the types of vertebra. Features h3, h5, and
h6 obtained significance levels of < 0.05 for all T-L, L-S,
and S-T bone pairs. Hence, these features were selected as
the optimal features to describe the three vertebral bones
for the Hu technique. Then, the same process was applied
to GSD and FD. The features that obtained significance
levels of < 0.05 for all three bone pairs were selected and
combined the four GSD features i.e. and 19 FD features i.e.
f1'f2!f3'ﬁbf61f9rf111f13'f14'f17' f18lf22if23!f25!f26'
f27, f285 f31, f32. Subsequently, the FV of the global Hu-F
descriptor, as derived in Equation (7) was obtained. This
FV was then used in the retrieval phase to obtain similar
vertebral bone images. Then, the performance and efficiency
of the CBIRS system were evaluated on the basis of the
precision and recall rates.
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test images were retrieved. However, the thoracic images
were represented by a decreasing line attributed to some
similar lumbar-like shapes in the thoracic class. A precision
rate of 0.691 was regarded considerably good, particularly
because the thoracic images constituted only 16.7% of
the entire spine MRI database. In this study, similar to the
thoracic images, the sacrum images were also represented
by a somewhat decreasing line pattern at the end of the P-R
graph attributed to the insufficient number of images (189)
in the database. However, its precision was remarkably high
(0.878) considering that the sacrum images were only 9%
of the entire MRI database. Figure 11 presents an example
of visual retrieval results of the top 20 retrieved images that
portray good retrieval and relevant for the lumbar case.
Moreover, 19 of 20 images were relevant for the thoracic
and sacrum cases.

TABLE 3. Average precision rate for all thoracic, lumbar, and
sacrum test images

Distance Thoracic (T)  Lumbar (L) Sacrum (S)
TABLE 2. An example of ANOVA results for Hu features metric
T-L L-S S-T E 0.632 0.865 0.310
hl 0.000 0.254 0.000 M 0.691 0.874 0.358
h2 0.045 0.897 0.074 NE 0.400 0.906 0.837
h3 0.024 0.000 0.000 NM 0.446 0911 0.878
h4 0.000 0.000 0.058
hs 0.000 0.000 0.000 . |
h6 0.000 0.000 0.000 09
h7 0.000 0.073 0.002 08

GlobalHu — F
GA’ GCy’ GBby ’ GEq' h3' hS! h6' flr fZ' fB' ﬁhfér f9'

= 7
f11'f13' f14vf17' f18' f22vf23' fZSJ f26'f27v f28'f31J f32 ( )

RETRIEVAL PHASE

A total of 2066 MRI images of the human spine in sagittal
view, which include 343, 1534, and 189 images of the T, L,
and S, respectively, were stored in the database and used in this
experiment. In addition, 60 X-ray images comprising five body
parts (abdomen, chest, knee, hip, and ankle) were added to
diversify the database images. One hundred images for each
T, L and S bones were used as query images to test retrieval
performance. The performance results portrayed whether the
proposed CBIR algorithms could find the correct target, i.e. the
results of the lumbar query image must only be L bones. Table
3 shows the average precision rates obtained by all tested
thoracic, lumbar, and sacrum images using four different
types of distance metrics. The Manhattan metric generally
provides the best measurement for thoracic images (0.691),
while the normalized Manhattan metric performed well for
the lumbar (0.911) and sacrum (0.878) images.

As shown by the P-R graph in Figure 10, the lumbar
images are best observed when steady lines are produced for
all distance metrics. Thus, visually similar L bones in all 100
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FIGURE 10. Precision-recall graphs of thoracic, lumbar, and
sacrum retrieval
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retrieved images using NM distance metric
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CONCLUSION

This study presents a new 12-APR method based on ASM
for the segmentation of three vertebral bones, namely, T,
L and S bones. The proposed method is currently semi-
supervised, in which 12 points must be annotated manually
on the basis of certain rules. The proposed 12 APR method
has successfully segmented the three types of vertebrata.
This promising method can be further improved by
incorporating an intelligent approach to replace human
intervention. Following the segmentation method, the
novel global Hu-F feature is derived on the basis of the
combinations of GSD, Hu, and FD. The feature is selected
according to statistically and significantly different features,
as depicted by the ANOVA results. The features are then
used to describe the vertebral bones for retrieval purposes.
With a total of 2066 MRI images in the database, the CBIRS
can effectively retrieve all bone classes given the average
precision of 0.691, 0.878, and 0.911 for thoracic, sacral,
and lumbar images, respectively. We are looking forward
to experimenting our algorithms with additional images and
improved segmentation method so that a fully automated
retrieval system for MRI spine images can be realized.
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