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Abstract

Automated image understanding in medical imaging is of paramount importance

as it not only alleviates the clinicians’ burden in time consuming process of man-

ual image handling as well as offer degree of confidence towards their diagnostic

decision making. Presently, maximum reliance for medical imaging diagnosis is

either on manual image handling or through the use of semi-automated tools.

These methods are invariably prone to dissimilarity and variation once performed

by different clinicians. In this thesis, a composite image dataset of mid-sagittal

views i.e., annotated labels along with relevant spinal measurements of lumbar

spine magnetic resonance imaging (MRI) scans is introduced. The markings have

been conducted in two stages. In the first stage, expert radiologists performed the

pixel-wise mask generation to identify the vertebral bodies (VBs) within each scan,

which, later on, are validated by a panel of spinal surgeons in the second stage. An

improvised algorithm (VBSeg) in order to present a comprehensive comparative

overview of segmentation task performed by proposed traditional method vis-à-

vis deep learning architecture methods is also presented. The best performance

for semantic segmentation is achieved by ResNet-UNet with dice similarity score

(DSC) of 0.97 and intersection-over-union (IoU) of 0.86. To develop a compre-

hensive fully automated image understanding application relevant lumbar spine,

subsequent spinal measurements encompassing distance based and angular based

measurements are performed. These measurements are performed as per the clin-

ical standards in practice extensively used by clinicians. The performance of the

proposed scheme for spinal measurements are significantly correlated with the clin-

icians’ grading, where a statistically significant correlation coefficient of 0.979 for

the lumbar lordotic angle (LLA), 0.951 for the lumbosacral angle (LSA) and 0.99

for lumbar height is achieved. Furthermore, mean absolute error (MAE) between

the clinicians’ grading and proposed scheme was 1.45º for LLA, 1.55º for LSA

and 0.8mm for lumbar height. Furthermore, a novel scheme for the automated

assessment of spinal misalignments that may aid spinal surgeons in making objec-

tive decisions about required surgical interventions is also presented. For spondy-

lolisthesis classification, an accuracy of 89% by using angular deviation metric
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whereas, 93% accuracy for determining adequacy/inadequacy in LL assessment

through computation of area within enclosed lumbar curve region is achieved. In

addition to this, the dataset with all the clinicians markings are publicly released

at https://data.mendeley.com/datasets/k3b363f3vz/1.

https://data.mendeley.com/datasets/k3b363f3vz/1
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Chapter 1

Introduction

1.1 Outline

In this chapter, background information regarding the problem statement with the

inherent underlying challenges faced while addressing the problem is presented.

Initially, the anatomical area of human spine considered more susceptible to se-

vere degenerative changes as compared to other spinal regions will be covered.

After discussing the region of spine, the investigative examinations commonly rec-

ommended by the clinicians in order to diagnose lower-back pain including both

computed tomography (CT) scan and magnetic resonance imaging (MRI) scan

will be discussed. A user preference will be identified in terms of suitability, safety

and convenience while undergoing a specific diagnostic examination. In the last

part of the chapter, the challenges faced by clinicians while diagnosing patients

with lower-back pain and how these challenges are presently addressed, will be

elaborated. The importance of medical image segmentation towards developing

an image understanding application will also be unfolded.

1



Introduction 2

1.2 Background

Chronic backache in general and lower back pain in particular is considered one

of the most commonly naturally occurring ailment by both the radiologists and

spinal surgeon community [1–3]. Lumbar spine or lower-back is the area which

once effected gives rise to lower-back pain clinically referred as lumbago, degrading

the quality of life (QoL) [4] in patients. In most of the cases, the low-back-pain

is associated to muscular or ligaments strain which is mostly caused by improper

weight-lifting and sitting in improper posture for a longer duration [5, 6]. It is

commonly termed as localized back-ache which is the aftermath of acute back-

ache episode and is generally relieved by proper rest. The clinicians in some cases

recommend physiotherapy augmented with radiation therapy or ultrasonography

to relieve the muscular spasm. In chronic cases, lower back pain be caused due to

multiple reasons. Lower back pain may be caused by a fracture of the vertebral

body (VB) or vertebral arch (VA), thereby reducing the space between the ver-

tebral bodies which is occupied by intervertebral discs (IVDs) [5]. The fracture

in bone will generate an imbalance in IVD load sharing thereby causing the disc

to protrude or herniate. As a consequence, the protruding or slipped discs exert

pressure on the existing nerve roots causing tingling pain in legs and lower body

paralysis in case of nerve damages [7]. This nerve compression which as a result

radiates pain in either or both legs is commonly referred as sciatica [8]. In other

cases, due to aging effect, VBs undergo end-plate deformation commonly known

as osteophytes[9] formation [10]. This region of VB may intrude the exiting nerve

roots and cause compression. The candidate patient may be considered suitable to

undergo a spinal surgical intervention procedure usually but not limited to decom-

pression procedure, in order to relief the pressure exerted on the nerves, thereby

restoring the better QoL.



Introduction 3

1.3 How Lower-Back Pain is Diagnosed?

In order to diagnose the patient with back-ache in general and lower-back pain in

particular the clinician normally recommends the patient to undergo MRI exam

of lumbar spine. An analysis was presented by Suri P et al. [7] that lumbar

spine MRI exam is considered a standard investigative procedure while diagnosing

lower-back pain. Based on their study performed on 313 total patients, 77 % of

patients with complaints of lower-back pain underwent MRI exam. Out of those

patients who underwent the MRI exam, 73.8 % of patients came with abnormal

findings i.e., diseased lumbar spine. The total abnormal findings were 183 out of

313 that is 58.5 % included symptoms were diagnosed with lower-back pain disease.

In addition, data was also formulated regarding the number of MRI exams being

performed in one of the biggest institutes of radiology in Pakistan. Based on the

data as presented in table 1.1, the number of MRI exams performed for spine

region are relatively more in number once compared to the scans performed for

other regions of the body excluding the brain. Based on the data, lumbar spine

and cervical aggregated to 38.47 % of the total scans. Most scans i.e., 45.27 %

were performed to investigate diseases related to the brain region.

1.4 MRI Scan or CT Scan - Subjects’ Preference

If we narrow the medical imaging techniques down to CT scan and MRI only,

the patients are more comfortable to undergo an MRI examination as it is free

of ionization radiation, hence is considered the safest image acquisition method.

While CT scan has its own application areas, both clinical and medical imaging

researchers have made use of CT images for spine related segmentation and iden-

tification tasks. Here, the basic differences in MRI and CT scan are presented

below:

� In CT scan, the candidate patient is exposed to more x-ray radiation as

compared to single plane X-ray scan. Image reconstruction is performed as
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Table 1.1: Category wise number of MRI Scans performed in Armed Forces
Institute of Radiology (AFIRI), Rawalpindi, Pakistan from September 2020 to

November 2020.

Months Monthly Percentage

MR Scan Type September October November Average %

Brain 646 610 620 625 45.27

Lumbar Spine 305 321 294 307 22.20

Cervical Spine 285 225 164 225 16.26

Shoulder 36 27 29 31 2.22

Sacroiliac Joint 47 40 40 42 3.06

Knee 151 162 68 75 5.41

Elbow 7 5 3 57 4.15

Hip 6 5 42 18 1.28

Wrist 2 1 3 2 0.14

Total 1485 1396 1263 1382

a post-processing step exhibiting more information in multi-planer images.

The principle of image generation is same as in conventional X-ray image

generation, wherein high-density tissues such as bones etc. appear brighter

as compared to low-density tissues such as lungs, kidneys etc.[11].

� MRI examination, unlike the CT Scan, the candidate patient is not exposed

to any ionization radiation. It takes more time to perform the scan however

gives superior details as compared to CT scan images[12, 13].

� Usually, for bone related disease investigation the medical consultants advise

the patient to undergo a CT scan, whereas in case of organ/ muscle related

disease investigation, MRI is more preferred mode of diagnostic examination

[12].

After assessing the useful of MRI examination towards investigating lower-back

pain, brief overview regarding standard MRI lumbar spine sequences with respect

to the type of information contents in image is presented. Subsequently, MRI scan

cycle related to patient is also described.
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1.5 Body Planes

Before explaining the standard lumbar spine sequences, it is imperative to es-

tablish familiarity with standard reference planes and reference positions used to

specify anatomy in human body. These planes are primarily used for identifica-

tion and location of internal organs in medical imaging techniques by enabling the

radiologist to divide the anatomical regions as per the region of interest. Consider

the human body as shown in figure1.1, from the observer point of view, there are

three two-dimensional planes [14, 15] which are used to describe the cross-sections

of body.

� Sagittal Plane

The plane in which the observer is facing the body sideways is termed as

sagittal plane or lateral plane. It divides the body in right and left sides.

� Axial Plane

This plane divides the body into superior or top and inferior or bottom

regions. It is parallel to the ground and is also called as transverse plane.

The observer is viewing the body from either the top end or the bottom end.

� Coronal Plane

The plane in which observer is facing the body from the front is termed as

coronal plane. It divides the body front or anterior and back or posterior

regions.

1.6 Standard MR Image Sequences for Lumbar

Spine

Let us first review the basics of image construction in MRI. Since, human body

is composed of tissues containing higher hydrogen nuclei which behave as a tiny

magnet in isolation. Once the human body is exposed to external higher magnetic
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Figure 1.1: Human Body Reference Anatomical Planes [16].

field, these smaller magnets align with the field. This phenomenon is termed as

precession. The protons in the aligned hydrogen nuclei are excited by impact of

a radio frequency of a specific frequency called as Larmor frequency. The protons

de-excites once the radio frequency is turned off and generates an MR signal which

is subsequently used to construct the image using spatial encoding [11, 17, 18]

The relaxation of protons and emittance of MR signal is related to the specific

tissue type and are categorized into two types namely T1 relaxation and T2 relax-

ation [19]. In standard practice sagittal and axial views for T1- and T2-weighted

images are generated, however in certain cases coronal views, T2-weighted fat

saturated (sagittal) slice sequences are also generated[20, 21].

Side-by-side view of both T1- and T2- weighted images of lumbar spine is shown in

the figure 1.2. End-plate deformation in the VB, disc bulge and contrast difference

of hydrated and dehydrated IVD is also depicted. It can be seen that T1-weighted

images give the bright (white) representation of fat containing structures while

on the other hand, T2-weighted images gives the bright (white) representation of

both fat and fluid-based contents [22]. T1 images are generally more suited for

anatomical depiction while T2 images are considered for pathological evaluation

[22]. For the purpose of this thesis, the image acquisition modes are truncated

to basic T1- and T2-weighted images only; there are certain variations which are

used suited specifically for the anatomical region under study[23]
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Figure 1.2: T1- and T1-Weighted Images of Lumbar Spine

The variation in information presented by both T1- and T2-weighted images for

lumbar spine region is summarized in table 1.2. The easiest way to identify be-

tween a T1- and T2-weighted image is to identify cerebrospinal fluid (CSF) [24]

which gives bright intensity levels in T2-weighted images and dark intensity in

T1-weighted images [25]. Additionally, the hydrated IVDs appear bright in T2-

weighted images whereas, in T1-weighted images both hydrated and dehydrated

IVDs appear dark.

1.7 MRI Exam Sequence

As previously highlighted that MR images gives more information as compared to

CT scan images, therefore, an MR exam is more suited to investigate the lumbar

spine region. A candidate patient undergoes MRI examination of Lumbar Spine

on the recommendation of consultant specialist with a view to ascertain the cause

of lower-back pain or the specific complaint of the candidate patient. The scan is

performed on MRI machine which varies from 20-45 minutes based on the magnetic

strength of the MRI machine. Usually only sagittal and axial slices are generated

for most of the cases, however, for particular patients with scoliosis, coronal scan

is also included in the MRI exam [26].
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Table 1.2: Comparison of Information Contents in T1- and T2-Weighted Im-
ages of Lumbar Spine.

Dark Bright

T1

IVDs (All) Epidural Fat

CSF† Sub-cutaneous tissue fat

Muscle Mass

Spinal Cord

Blood Vessels

VB End-plates

Nerves

T2

IVDs (Dehydrated) IVDs(Hydrated)

Muscle Mass ∗Epidural Fat

Spinal Cord ∗Sub-cutaneous tissue fat

Blood Vessels CSF†

VB End-plates

Nerves

∗In case of non-fat saturated image.

After the completion of scan, the Digital Imaging and Communications in Medicine

(DICOM) [27] images are fed through Picture Archiving and Communications

System (PACS) [28] to the radiologist for review/evaluation and report generation.

A radiologist narrates the findings seeing the MRI images only without having

physically examining the patient. The patient along with the radiologist analysis

report and MRI scans, visits to the referring consultant for final verdict.

The patient obtains a final verdict from a spinal surgeon who evaluates the subject

patient clinically and establishes a correlation between the clinical findings i.e.,

physical symptoms with the MRI scan. A conclusion is made towards conservative

treatment or adoption of appropriate surgical intervention procedure to eradicate

the ailment.
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1.8 Challenges in Diagnosing Lower Back-Pain

Invariably, the present system of diagnosing lower-back pain is time consuming

and laborious task which is graded subjective in nature. The evaluation of same

candidate subject is prone to variation once made by different clinicians, as the

clinicians have varied experiences and skill-sets. These deviations of observation

are augmented with variability in clinical findings which are observed by rele-

vant clinician i.e., assessment of spinal surgeon may differ from the assessment

performed by orthopedic surgeon in case of analyzing lumbar spine disorders/dis-

eases.

A convenient way to offset this variation is introduction of certain quantitative

methods towards establishing a concrete analysis for diagnosis of lumbar spine

region. At present, the spinal surgeons and radiologist community are dependent

on manual or software-assisted image understanding methods for acquiring certain

quantitative attributes, which are certainly laborious, time-consuming methods

and are likely to be subjective in nature based on the variation of observer both

intra- and inter-medical specialty i.e., within radiologists and spinal surgeons. The

quantitative methods for performing spinal assessment includes spinal alignment

measurements, spinal deformation attributes and spinal balance readings.

1.9 Significance of Spinal Measurements

Spinal measurements are directly related to the spinal balance and correct spine

geometry of human spine. These measurements are extremely important pre-

operative procedure to restore the normal spinal lordosis enabling posture cor-

rection and spinal balance restoration. The spinal disorders elaborated in this

thesis are assessment for adequacy/inadequacy in lumbar lordosis and presence of

spondylolisthesis.

It has been clinically established [29] that lumbar load bearing and impact of

stress sharing are remarkably affected in altered lumbar lordosis (LL) i.e., inward
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angle of lumbar spine. It was established by Berven et al. [30], that restoration of

LL [31] i.e., inward angular curve at lumbar area is important aspect of spine re-

constructive procedure once the lordosis range was found inadequate.Additionally,

based on a research conducted by Chun et al. [32], a strong relationship was iden-

tified between the lower-back pain and flat back condition i.e., less LL. It was also

found to be associated with disc degeneration or herniated discs. Furthermore,

based on the study conducted by Rafael et al. [33] a correlation was developed

between LL and lumbago. It was also found in another study by Breven et al.

[30] that patients with lumbar disc herniation undergoing surgical procedure were

found to have increased LL, however have shown decrease in perceived pain. In the

same research [30], while evaluating segmental lordosis it was found that segmental

lordosis is greatest for L4-L5 and L5-S1 motion segments. The same is quanti-

tatively experienced during this work. Based on the analysis of research carried

out in 2014, lordotic curve angle is associated with spinal misalignment disorders

like spondylosis [34–36] and spondylolisthesis [37, 38] commonly termed as out of

alignment of the VB. It was also found in another study carried out by Hashimoto

et al. [39]that subsequent adjacent segment degradation was directly related to ef-

ficacy of the restoration procedure- that is, if not correctly performed at L4 to S1,

adjacent segment is prone to more degradation. The relevant spinal measurements

enable the spinal surgeon in making an estimation of effective posture correction

post-operative procedure [40].

1.10 Challenges in Medical Image Analysis

Over the period of time, substantive work has been done in medical image analysis

for addressing the formidable computer vision problems related to segmentation,

identification and labelling. The exponential growth of diagnostic imaging data

in the medical industry with wide variety, intensive volume, enormous speed, di-

versity and importance [41]; has substantiated the need for more robust, dynamic

techniques for image information extraction and evaluation in a response to ad-

dress the related problems.
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Certainly, the noise and undesired artifacts such as inhomogeneities in intensity,

random noise caused by external interference, motion related noise, within the MR

images can also become extremely challenging for the researchers and clinicians

to correctly identifying the disease [42, 43]. Thus, to counter these challenges

the researchers have to use various pre-processing and post-processing techniques

[44–47].

As mentioned in section 1.4 MRI is generally more suited for soft-tissues as op-

posed to CT as the bone appears dark in MR images, however, the bony structures

which are visible in MRI scan are a mixture of bone, fat and water. This adds an

additional challenge to segment the bones and soft-tissues because of the overlap-

ping regions, therefore conventional methods based on edge-based segmentation

or intensity-based segmentation may not work well [48]. Equally challenging is

the variability in content of the image which significantly varies from subject to

subject.

As it was previously highlighted that, the analysis report generated by radiolo-

gists is focused on identification and presence of spinal disease whereas the spinal

surgeon clinically evaluates the patients with reference to the exhibited symptoms

to build correlation between the MR images and the pain symptoms. In order to

build this correlation, spinal quantitative assessment is performed either manually

or by the use of software-assisted methods. Therefore, an automated quantitative

assessment tool for lumbar spine region is necessitated enabling the clinicians to

offset the inter- and intra-clinician variation by obtaining reproduceable automated

readings.

1.11 Thesis Structure

To best present the contents of the conducted work, the thesis is structured as

follows:
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Background of problem and challenges faced by both clinicians and medical imag-

ing researchers are covered in chapter 1. Chapter 2 identifies the research gaps

in the reviewed literature and enumerate the contributions to furnish the identi-

fied gaps. Anatomy of lumbar spine with pathological conditions and clinicians’

including radiologist and spinal surgeons’ perspective is discussed in chapter 3.

The methodology adopted for creation of ground truth images is covered in chap-

ter 4 whereas, the category wise segmentation details are elaborated in chapter

5. After execution of the segmentation task, extraction of clinically significant

spinal measurements are highlighted in chapter 6. The proposed methodologies

for classification of spinal disorder diseases are explained in chapter 7 followed by

presentation of results achieved for the performed tasks with analysis in chapter

8. In the last chapter 9, summary of work is concluded and research direction for

future work is narrated.

1.12 Summary

� The assessment of lumbago performed manually by clinicians is subjective

and is prone to variation based on the skill level and experience of clinician.

� Presently, little to none quantitative correlative analysis is performed by the

clinicians while assessing the lumbar spine for spinal disorders.

� There is a definite requirement of developing an automated image under-

standing tool to establish clinical correlation between the perceived symp-

toms and MR image through quantitative measurements.

� The challenges contained in MR images demand rigorous empirical imple-

mentation of image processing methods and techniques to counter the chal-

lenges.

� To attain this task, image segmentation is foremost requirement followed by

subsequent automated spinal measurements.



Chapter 2

Literature Review, Problem

Statement and Research

Contributions

2.1 Outline

In this chapter, a concise non-exhaustive literature review has been presented

regarding the previous work on development of ground truth image dataset for

lumbar spine images, methods and techniques used by various other researchers

to segment out the region of interest, which for this thesis is the VB in lumbar

spine region. The methods and techniques used to carryout spinal measurements

bearing most clinical significance and relevance prior to the surgical intervention

procedure is also discussed in section 2.4. A brief analysis of the reviewed work is

also presented to determine the suitability for the research continuity. In the last

section 2.5 of the chapter, analysis is presented in order to identify the existing

research gaps and the efforts that have been made in this thesis to fill those gaps.

13
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2.2 Development of Image Ground Truth Dataset

Considering the work being done regarding creation of ground truth image datasets

of spinal in general and in particular lumbar spine region, following was over-

viewed: -

Bennani et al. [49] made use of 3D modelling using camera image-acquisition

and reconstruction using image-based technique. The main idea was acquiring

complete 360◦ scan of images at the same distance and then construction of 3D

model using Agisoft Photoscan software which is currently upgraded to Agisoft

Metashape [50].

Another free resource available is provided by Imperial College, London which

comprises of CT scan images of 125 patients [51]. Multiple resources of labelled

lumbar spine database are available on SpineWeb [52], however, the datasets are

mostly composed of CT images and the ones with MR images are limited to less

than 100 scans. Since, the focused area understudy is evaluation of lumbar spine

through MRI scans therefore, other databases suggesting X-ray images and CT

images are not used.

Burian et al. [53] have also published their work in creating a database of ground

truth images in sagittal views highlighting the VBs from L1 and L5 and excluding

the sacrum bone. The dataset is comprised of 54 images of healthy Caucasian

subjects including water, fat and proton density fat fraction (PDFF) images and

relevant masks. No information regarding the ailment related to spinal disorder

was given in the dataset.

A recent work proposed by Loffler [54], provides vertebral segmentation masks for

spine images with annotation comprising of fractures or spinal abnormalities. The

dataset composed of CT scans of 141 patients is publicly available online [55].

The MRI database that is being used in this research thesis is publicly available

at Mendeley website [56], provided ample variability with total of 515 scans of

patients with symptomatic back pains. On the same dataset, Friska Natalia et
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al.[57] have manually labelled the axial views of last three-disc levels. The regions

of interest selected by them are also labelled and marked from number 1 to 4

in figure 2.1 including intervertebral disc (IVD) marked as number 1, posterior

element (PE) marked as number 2, thecal sac (TS) marked as number 3 and

area between anterior and posterior segments (AAP) marked as number 4. Later,

with the labelled dataset, segmentation was performed for detection of spinal

stenosis through semantic segmentation using deep learning based on U-Net[58]

architecture [59].

The same dataset is picked and is considered suitable to perform segmentation

of the VBs followed by spinal measurements. Prior executing segmentation task,

labelling/annotation is done on the sagittal views. The details of labelling and

creation of ground truth images in sagittal plane is covered in chapter 4.

Figure 2.1: Regions of Interest of Lumbar Spine in Axial Planes

2.3 Segmentation and Labelling

In this part of the research thesis, previous work done towards medical image

segmentation is highlighted based on use of both conventional methods for image

segmentation and machine learning methods are presented in sub-section 2.3.1

deep learning methods to perform medical image segmentation [60] related tasks



Literature Review, Problem Statement and Research Contributions 16

is also reviewed in sub-section 2.3.2. Just to develop an understanding, a limited

review of use of unsupervised learning for segmentation related task and its com-

parison with deep learning supervised methods is also presented in sub-section

2.3.3. The existing methods which are followed to perform segmentation tasks can

be grouped in semi-automatic and fully automatic methods. The former suggests

user intervention where the user may place certain landmarks followed by detec-

tion, whereas the latter is fully autonomous method of segmentation with no user

intervention. A non-exhaustive summary of previous work is presented.

2.3.1 Conventional/Traditional Methods of Medical Image

Segmentation

Smyth et al. [61] used Active Shape Model (ASM) [62] to measure the shape of

VB on a dataset comprising of 84 x bone density scans or clinically termed as

dual-energy X-ray absorptiometry (DXA) Images. The work was done through

manual labelling the vertebrae on each image on a total of 10 vertebrae including

6 – Thoracic from T7-T12 and 4 Lumbar from L1-L4. In a similar work by Aslan

et al. [63] made use of universal shape model in order to perform the segmentation

task on CT Images.

Carballido et al. [64] used normalized cuts for spinal MRI segmentation task by

seeking user input to select the vertebrae to keep. Their study also showed that

a decline was seen in the segmentation results once mid-sagittal slice was not

selected, giving importance to precise selection of mid-sagittal slice of MRI scan.

In another work, generalized Hough transform (GHT) [65] template matching is

used in order to locate the lumbar vertebrae in X-ray images [66]. Their work

suggested matching a template and finding the vote for the best matched.

Zhu et al. [67] used Gabor filter banks to localize and the IVD, followed by spinal

curve estimation, Gabor feature images (GFIs) of IVDs and finally segmenting

the IVDs on a dataset comprising of T2 Images from 37 patients provided by a
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Xinqiao Hospital, China, claiming the accuracy of localization to be 98.23 % and

DSC for segmentation to be 0.9237.

Similary, in another work, clustering based on fuzzy c-means algorithm and seg-

mentation was performed by making use of GHT on a dataset comprising of cer-

vical radiograph scans. The accuracy claimed by the method is 96.88 % [68]. A

similar work was done making using of k-means clustering and GHT (template

matching) [69, 70].

In another work by Bampis et at. [71], spinal canal segmentation and extraction

has been performed by making use of k-means clustering in T2-weighted images

of sagittal slices.

Glocker et al. [72] made use of classification random forests in order to localize

(finding centroids) using a dataset based on CT Images, claiming the identification

rate of 81 % with overall median localization error of less than 6mm.

2.3.2 Deep Learning Based Methods for Medical Image

Segmentation

Lu et al. [73] performed the segmentation task on sagittal MR images by making

use of U-Net architecture. The image input size chosen was 512 x 512. The

evaluation criteria was to ascertain the number of VBs detected and that detected

sacrum bone should not overlap the lumbar area once compared with the GT

Images. They have detected 188 VB out of total 200 (accuracy 94 %), with

dice similarity coefficient being 0.93 of standard deviation 0.02. They have also

performed quantitative evaluation of mean error distance between center of GT

Image with the detected center to be 0.79 mm with standard deviation of 0.44

mm.

Janssens and Zheng [74] performed the segmentation task on CT Images using

Fully Connected Network (FCN) and obtained DSC 0.9577 ± 0.81 and average

symmetric surface distance of 0.37 ± 0.06 mm. The approach follows a localization
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net based on FCN to localize the region of interest (Lumbar Spine) followed by

Segmentation-Net (FCN) which segments the lumbar spine vertebrae within the

cropped regions. 15 x CT Images were used to perform the segmentation. (DSC

0.9577 ± 0.81, JC 0.9190 ± 1.48, Hausdorff Distance (HD) [75] 4.32 ± 2.60, ASSD

0.37 ± 0.06)

Lessmann et al. [76] made use of CNN for vertebrae segmentation and achieved an

average DSC of 94.9 % on various datasets including both CT and MRI images.

Tang et al. [77] proposed the use of Dual Densely Connected U-Net architecture

to segment out the regions on axial scans extracted from CT Images. The metrics

pixel accuracy (PA) – 0.9913, mean pixel accuracy – 0.9099, mean Intersection

over Union (IoU) 0.8331 and frequency weighted IoU 0.9835 were evaluated.

Benjdira et al. [78] performed semantic segmentation using U-Net architecture on

Ultrasound Images of Lumbar Spine claiming its useful for spinal surgeons during

and after the laminectomy [79] surgical procedure in which part of the bone which

causes nerve compression is removed.

As suggested in the work by Hassan et al. [80] RAGNet [81], originally proposed

by the same group is used for performing retinal lesions segmentation. In their

work, they have compared the performance of various deep learning frameworks on

lesion segmentation. They have exhibited that RAGNet has shown most promising

results as compared to other models like U-Net [58], SegNet [82] and PSPNet

[83] due to its inherent retention of lesion contextual information during image

decomposition, is well suited for retinal images.

In this thesis, harvesting the potential of pre-trained networks to perform seg-

mentation tasks various models are trained through application of fine-tuning, the

most refined transfer learning method, details of which are covered in chapter 5

section 5.3.4.
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2.3.3 Supervised vs Unsupervised Learning

The work of Joyce et al. [84] suggesting usage of generative adversarial networks

(GAN) [85] for segmentation and reconstruction by making use of labels from a

different dataset (same anatomy) on cardiac images including both CT scan and

MR images. Clearly their study suggests that supervised methods have given

promising results. They were able to achieve dice similarity score of 0.84 on MR

images and 0.87 on CT scan images with the help of supervised methods using U-

Net architecture. In comparison, with unsupervised methods, the dice similarity

coefficient was 0.66 for MR images and 0.51 for CT scan images.

2.4 Spinal Measurements

For the purpose of this research thesis, the existing in-use manual methods for

spinal measurements are not reviewed. These methods include the use of incli-

nometer [86], flexible rulers [87, 88] and spinal mouse [89, 90]. The measurements

are done either physically on the patient or on a radiography image. A compre-

hensive review related to semi-automated measurement methods, involving human

intervention through software assistance as well as fully automatic methods with-

out human intervention is presented.

2.4.1 Measurements through Semi-Automated Methods

The use of DICOM viewers with built-in measurement tools have been actively

used in the past and are in present use of both spinal surgeons and radiologists

while carrying out spinal measurements.

Many researchers, while evaluating the spinal curvature measurements through

use of computer software relied on manual marking of landmarks for making the
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respective measurements[91–94]. The manual landmarks included, the corner-

points identification which were subsequently used to estimate the other spinal

measurements including curve estimation.

Babai [95] made use of AutoCAD by Autodesk to measure the lumbar lordosis

angle using 30 standing X-ray images. The work of MacIntyre et al. [96] compared

the spine curve estimation by making use of IONMed Mobile phone application

software assisted manual measurement) with the measurements made by digital

inclinometers. The method involved an experienced rater to take both manual

measurements using inclinometer as well as by making use of mobile phone app.

The DICOM viewers, having these types of measurement tools, are commonly

used by both the radiologists and spinal surgeons for making computer assisted

measurements.

Zhang et al. [97] measured Cobb angle for scoliosis cases using 105 radiograph

images in coronal plane and found 0.98 correlation between the manual measure-

ment which is performed by clinician and computer aided measurement which is

performed by non-clinician and the mean absolute error was found to be less than

3◦.

All the above narrated works fall in the category of computer assisted measure-

ments where a software helps to establish a relationship between the geometrical

structure involving manual identification and selection of landmarks for measure-

ments.

2.4.2 Measurements through Fully Automatic Methods

In the recent past, work has been done to develop computerized image understand-

ing methods which will based on fully automated and semi-automated diagnosis

thereby supporting the clinicians’ manual diagnosis decision.

Pang et al.[98] have also claimed to have mean absolute error of 1.23 mm while

computing spinal distances including VB dimensions from L1 superior-left corner
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to L5 inferior-left corner in 225 images, however their method involves manual user

input for identification of superior-left corner of L1 VB and inferior-left corner of

L5 VB for providing reference to region of interest (ROI) cropping.

Cho et al. [99], presented the use of U-Net architecture and performed segmenta-

tion of lumbar spine on radiograph images of 151 images subsequently computing

the lordotic angle (only) claiming to have mean absolute error of 8.055◦, however

correlation coefficient metric is not evaluated.

Masad et al. [100] have also measured lumbar lordosis in T2-MR images on 32

sagittal images and established a correlation of 93.2 % with manual Cobb Angle

measurement, once tested on 27 images.

2.5 Problem Statement(s)

To summarize the reviewed literature, following gaps are identified which form

part of the problem statement:

� Section 2.2 reveals that at present no lumbar spine dataset with related

spinal measurements is publicly available which provides an extensive set of

clinically significant spinal measurements.

� To solve the computer vision problems related to segmentation, labelling

and identification, a clear bias has been identified advocating the use of

deep learning and ruling out the conventional image segmentation methods

as deliberate in section 2.3. Segmentation of region of interest (ROI) being

the first step towards development of image understanding methods needs

further investigative research. This necessitates, exclusive empirical evalu-

ation of existing traditional image processing methods with deep learning

models being popularly used in the research community.

� The present system of diagnosing medical ailments regarding lumbar spine

are subjective in nature and lack quantitative assessment. Section 2.3 reveals
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that clinicians rely on software-assisted methods to perform measurement

which are time-consuming as well as prone to variation based on skill and

expertise of the performing clinician. Furthermore, the development of auto-

mated image understanding tool involving spinal measurements and spinal

disorder disease classification is also necessitated to facilitate the decision

making and enhancing the diagnostic ability of both radiologists and spinal

surgeons.

2.6 Contributions

Addressing to bridge the gap, following efforts have been made in this research

thesis:

1. Detailed investigation of radiologists’ analysis of MR scan vis-à-vis a spinal

surgeons’ preference is presented in order to establish clinical relevance to-

wards building an automated spinal measurements tool. (Section 3.5)

2. To present in-depth image understanding regarding alignment and spinal

balance, a composite dataset comprising of labelled/annotated image dataset

(section 4.4) including clinically relevant automated spinal measurements

(section 6.2) focused on lumbar spine that excludes VA is also created. The

MRI dataset [56] is suitable for IVDs analysis as the annotations are in axial

plane. In the proposed dataset is labelling is carried out in sagittal views,

more suited for spinal balance assessment.

3. A conventional fully automated image segmentation algorithm (VBSeg) (sec-

tion 5.2) is proposed to segment out the VBs. Existing deep learning meth-

ods being used to address the segmentation related task are also extensively

experimented over the same dataset (section 5.3). A quantitative compari-

son is made in the results acquired by the use of the proposed conventional

algorithm with those of deep learning methods.
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4. A mathematical model for extraction of clinically relevant spinal measure-

ments including angular and distance based measurements is also presented

(section 6.2).

5. Additionally, automated spinal deformation classification methodologies for

spondylolisthesis (section 7.2), hyper/hypo/normal lumbar lordosis assess-

ment (section 7.3) are also proposed.

The basic framework of thesis is presented in figure 2.2, showing the input image

being the first step followed by VB segmentation including labelling and identi-

fication of specific VB. The third step being the spinal measurements related to

spinal geometry while the last step in which spinal disorder diseases classification

is performed through automated means after estimation of spinal curve.

Figure 2.2: Thesis Framework
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2.7 Summary

� Deep learning networks have shown promising results in performing semantic

segmentation as compared to traditional machine learning based methods

and algorithms.

� A tool for automated measurements will not only reduce the time to ac-

quire relevant spinal measurements but also add confidence to the readings

acquired through aid of computer assisted software.

� For development of an automated tool for a specific anatomical site, it is

critically imperative and important to understand the clinical requirements

and preferences of both radiologists and spinal surgeons, to make the tool

clinically helpful. The clinical preferences of both radiologist and spinal sur-

geon while diagnosing lower-back related diseases and disorders are covered

in chapter 3.



Chapter 3

Basic Lumbar Spine Anatomy

with Pathophysiology and

Clinicians’ Overview

3.1 Outline

In this chapter, a brief introduction of lumbar spine anatomical structure with

spinal diseases is presented. The reader will be able to understand the basic

considerations undertaken by radiologists and spinal surgeons while diagnosing a

subject for lower-back pain. In the last section of the chapter, certain clinically

relevant spinal measurements are explained which are performed either manu-

ally or through software-assistance by spinal surgeons before spinal intervention

procedure. These measurements play an important role to ascertain the normal

curvature restoration in a subject with excessive inward curve in lumbar spine

area.

25
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3.2 Anatomy of Lumbar Spine

Human spine or vertebral column commonly known as backbone can be divided

into five main regions that is cervical, thoracic, lumbar, sacrum and coccyx, com-

prising of normally thirty-three vertebrae [101] as shown in figure 3.1 [102]. The

human spine with sections is shown in the left view which is taken in sagittal

plane, while the subsequent section axial view is shown in the right of the figure.

In this research thesis, only lumbar spine region is under consideration, therefore,

will be elaborated further. Lumbar spine begins after last thoracic (normally

T12) vertebral body (VB) and ends at fused sacrum bone. It consists of total

five vertebrae from L1 to L5 where each vertebra is composed of main VB in the

anterior side or font-side and vertebral arch (VA) in the posterior side or back-side

once looking at the human spine in lateral or sagittal view.

3.2.1 Main Vertebral Body (VB)

The main VB located at the anterior region, is the principle axial load bearing

structure, where the space between the adjacent VBs is occupied by the inter-

vertebral body discs commonly referred with respect to levels from L1-L2, L2-L3,

L3-L4, L4-L5 and L5-S1. These intervertebral body discs (IVD) made up of fi-

brocartilage and provide cushion to the vertebral column while providing with

stability by holding the adjacent VBs together and allowing mobility of spine.

The outer portion of IVD is called anulus fibrosus while inner portion is called

nucleus pulposus. A compromise in shape, size and structure of IVDs cause load

sharing imbalance and functionality issues [103].

3.2.2 Vertebral Arch (VA)

The VA is composed of pair each (left side and right side) of transverse and

articular processes while a single spinous process which is formed by joining of

laminae from both sides. This portion of the vertebra provides protection to
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spinal canal, a cavity through which spinal cord along with CSF passes. It also

stabilizes the spine during excessive flexion and shear forces[104].

Figure 3.1: Sections of Human Spine

For the purpose of this research thesis, VA region which is at the posterior end

or back side of the spine is not under consideration because spinal alignment

measurements are associated with the main VB region of the spine.

3.3 Spinal Disorders (Pathophysiology)

In this section, the VB, IVD related issues / disorders and the clinical features

showcasing the relevance of disorders are presented.
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3.3.1 Degenerative Disc Diseases and related VB Changes

Degenerative disc diseases [105] are considered to be the most common disease

which has been found to require surgical intervention procedure. Over 90 % of

spinal surgical interventions are related to correct the degenerative disc diseases

and related IVDs issues [106].

Mostly the patients with lower back pain symptoms have degenerative disease, in

some form either due to the abnormal wear commonly termed as spondylosis in

VB/IVD or reduction of cartilage which covers the bones commonly referred as

osteoarthritis [107] .

These induced changes can be either based on aging or underdoing some trauma.

It has also been found that sometimes degenerative changes attributable to aging

are considered normal and do not cause pain [23]. In that case the center of IVD

gradually dehydrates thereby imposing a limit in ability to absorb the shock and

making the discs more susceptible to permanent damages.

Fracture in the VB also contribute towards degenerative changes of VB and IVDs.

In some cases, the end-plate deformation or VA deformation is observed resulting

in formation of bone spur commonly termed as osteophytes [108] significantly

exerting pressure on the existing nerves. Some of the changes in spine due to

degenerative diseases of IVDs are as follows:

� The narrowing of disc is aftermath of dehydration [104] i.e., drying out of

nucleus pulposus. As a consequence, the discs become vulnerable due to

lesser shock absorption with gradual reduction in the IVD volume and IVD

space as shown in figure 3.2a. This as a result alter the spinal balance. It is

also experienced by clinicians that healthy disc can withstand better shock

absorption as compared to dehydrated discs. A hydrated and dehydrated

IVD is also shown in figure 3.2a.

� Annular tear [109] is referred to the cracks in annulus fibrosis which is the

outer ring of fiber as shown in figure 3.2b, where the IVD is interfering with
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the thecal sac. The annulus fibrosis is surrounding nucleus pulposus which

is gel-like structure in the center of IVD.

� Disc herniation [110] is displacement of disc material beyond the limits of

annulus fibrosis and is commonly referred as slipped disc. Disc bulge [111]

is the broad displacement of disc material usually in one direction as shown

in figure 3.3.

(a) IVD Degeneration (b) Annular Tear of IVD (c) Spinal Stenosis

Figure 3.2: Pathophysiological Conditions of Lumbar Spine.

3.3.2 Common Clinical Features

Most common clinical features in lumbar spine related to VB and IVD are dis-

cussed as under:

� Sciatica is typically pain radiating from back to lower leg usually caused by a

prolapsed disc exerting pressure on the nerve root and causing compression.

� Spinal stenosis [112] is the condition in which the spinal canal is narrowed as

shown in figure 3.2c due to the pressure exerted by the protruding disc from

the front and thickening of yellow ligament from the back. As a result of this

pressure, a tingling sensation of pain, which usually occurs after walking a

certain distance and is relieved with rest.

� Spondylolisthesis is the condition in which VB is dislocated either towards

anterior or posterior side in relation to its counterpart with which the VB
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articulates. This malalignment is produced because of a fracture of the

posterior element (VA) allowing the affected vertebra to slip. The same is

pictorially represented in figure 3.3.

Figure 3.3: Spondylolisthesis and Disc Bulge in Lumbar Spine

3.4 Spinal Curvature Deformities

The major spinal curvature deformities including kyphosis, scoliosis and lordo-

sis are shown in figure 3.4 and figure 3.5. For the purpose of this thesis while

making automated measurements only lumbar spine is considered therefore, only

lordosis related measurements will be elaborated. Typically, x-ray radiographs are

used to make assessment towards analyzing normal or abnormal ranges in curve

deformations [96].

A brief overview of spinal deformities is presented below:

� Kyphosis is the excessive outward curve usually in the thoracic region com-

monly termed as hunchback or humpback. The condition in which kyphosis

exceeds a certain range is called hyper-kyphosis whereas the condition in

which the kyphosis is below a range is called as hypo-kyphosis. It may occur

in the lumbar area as shown in figure 3.4b, where the natural curvature is
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found to be disturbed. The yellow dashed line is representing the regular

lordotic curve, whereas the red curve is actual kyphotic curve.

� Scoliosis is a condition in which person is having side-ways curve once viewed

in the coronal plane. It generally takes an ‘S’ or ‘C’ curve form as can also

be seen in figure 3.4a and figure 3.5a, where the red curve is showing the

actual spinal curve once viewed in the coronal plane as opposed to the dashed

yellow line which is representing the desired alignment of spine.

(a) Coronal View (b) Sagittal View

Figure 3.4: Kyphoscoliosis in Lumbar Spine.

� Lordosis or specifically lumbar lordosis is referred to the inward curve of the

lumbar spine. In case, the curve (lordotic curve) exceeds and the lordotic

angle becomes large the term is called ‘Sway Back’ or hyper-lordosis as shown

in figure 3.5b. Similarly, if the lordotic angle is too less the condition is

termed as ‘Flat Back’ or hypo-lordosis as shown in figure.

3.5 Clinical Evaluation / Analysis Perspectives

In the previous section, basic anatomical overview 3.2 with common pathological

conditions 3.3 of lumbar spine region is explained. This section aims to provide
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(a) Scoliosis (Coronal View) (b) Hyper-Lordosis (Sagittal View)

Figure 3.5: Spinal Alignment Deformities.

preferences of both radiologists and spinal surgeons while performing the evalu-

ation for lower-back pain towards establishing a diagnosis. First, an overview of

radiologist is given followed by the overview of spinal surgeon. The significant

aspect is that spinal surgeon clinically examines that patient in addition to es-

tablishing a correlation with the MRI images. In this thesis, the spinal disorders

related to spinal geometry are elaborated in details whereas other pathological

conditions related to lumbar spine are briefly overviewed.

3.5.1 Radiologists’ Viewpoint

The community of radiology is off the opinion that lumbar spine region is more

susceptible to be effected by degenerative changes within the backbone as it is

subject to more wear and tear due to impact of most body weight in this region

[23, 113, 114]. Furthermore, as per their opinion, the most effected or probable

effected region within the lumbar spine is comprising of last three-disc levels L3-

L4, L4-L5 and L5-S1 due to the imposition of maximum load stress [104]. The

analysis of lumbar spine by radiologist is to identify the region where the spinal

disease is present, enabling the spinal surgeons to correctly perform surgical inter-

ventional, if required [115]. The diagnosis/analysis report invariably varies based
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on the specifics of candidate patient scans; however, a generalized viewpoint is

summarized as follows:

While making analysis of the lumbar spine, presence of degenerative disc diseases

and related VB deformations are noted by the radiologists being the most common

disease present in lumbar spine region [105, 106]. The presence of abnormal wears

including spondylosis in VB/IVD or osteoarthritis are also noted. VB End-plate

deformations are also observed which may result in formation of bone spur, clin-

ically known as osteophytes, being a significant cause of exerting pressure on the

existing nerves. Other clinical findings may include identification of dehydrated

IVD [104], disc cracks and herniation [103, 110, 111].

While ascertaining the spinal curvature deformities the clinicians usually resort

to X-ray image in sagittal plane for assessment purpose, however, MR images

provide much clearer assessment due to the superior image quality [96, 116]. The

major spinal curvature deformity which is usually noted in lumbar spine region

while analyzing sagittal view is assessment of adequacy or inadequacy in lumbar

lordosis. It is experienced that ’Sway Back’ or hyper-lordosis is considered one

of the main causes of spinal misalignment and backpain [117]. Similarly, hypo-

lordosis is also found to disturb the natural curve in lower spine thereby causing

problems in load distribution and balancing [118]. It has been experienced that

human body tend to tire itself more when its spinal alignment if out of order and

may lead to functional disorder [96, 119].

Additionally, the diagnosis may include clinical findings in relation to sciatica ,

typically pain radiating from back to lower leg, grading of spinal stenosis [120] or

commonly termed as narrowing of spinal canal, identification of spondylolisthesis

and related disorders.

The review is made by creating a mental map of projecting a three-dimensional

projection of lumbar spine by making use of both sagittal and axial slices. For

scoliosis candidate subject coronal scan is also included. This multi-planar re-

view enables the radiologist to develop better understanding regarding the struc-

ture/anatomy of lumbar spine. In case of any visible abnormality/deformation
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specific measurement (if required) is performed. The measurements performed by

the radiologist are the only source of establishing correlation once the measure-

ments are performed by spinal surgeons.

3.5.2 Spinal Surgeons’ Viewpoint

A spinal surgeon clinically examines the candidate patient and relate clinical find-

ings with the MR scans and the analysis report of the radiologist. Based on the

specific symptoms of the patient further physical evaluation is performed. The ob-

jective of spinal surgeon is to locate the surgical site with relevance to the present

disease and suggest/propose a corrective treatment [121] enabling the subject pa-

tient effective restoration of QoL. The treatment can be surgical or non-surgical

based on conservative medication [122]. Depending on the severity of spinal dis-

ease/disorder, pain threshold and inclination of the candidate patient a suitable

decision modality is adopted for specific surgical intervention procedure.

The surgical intervention procedure related to Lumbar Spine can be grouped into

two major categories [105, 123, 124]:

3.5.2.1 Lumbar Decompression

The main idea behind a lumbar decompression procedure is to relief the pressure

that is exerted by the protruding IVD and yellow ligament towards spinal canal

causing stenosis [106, 112]. The procedure involves removal of part of disc or

bone and ligament that is causing the compression or narrowing in spinal canal.

Microdiscectomy [125] involves the removal of part of prolapsed IVD which is the

source of compression to the spinal canal. Laminectomy [126] is referred to the

removal of the part of bone along with yellow ligament that is the main source of

spinal stenosis i.e., narrowing of spinal canal.
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3.5.2.2 Lumbar Fusion

In lumbar fusion procedure, two adjacent vertebrae are fused or joined together to

limit movement between them. This is usually done in patient with painful degen-

erative IVDs, instability and spinal misalignment. Restoration of spine alignment

by correcting lumbar lordosis is also a priority for spine reconstructive procedure.

The procedure involves insertion of a bone graft to encourage fusion to restrict the

motion at painful or compromised VB segment [127–129].

The types of spinal fusion are narrated below:

� Posterolateral Gutter Fusion

In this method, bone graft is taken either from the pelvis area or substitute

bone graft is used and subsequently placed in the posterolateral area which is

vascular enabling proper blood flow to the grafted region. Transverse process

serves as the muscle attachment site creating requisite tension and muscle

packing over the grafted bone [37, 130, 131]. After the surgical procedure,

the bone grows naturally and fuses the VBs hence stopping the segmental

motion. In some cases, pedicle screws may be used to provide additional

support.

� Posterior Lumbar Interbody Fusion (PLIF) Surgery

In PLIF procedure, the vertebral column is approached through posterior end

through a three- to six-inch-long incision in the midline. Most commonly it

is performed to fuse L4 to L5 or L5 to S1 VBs in case of degenerative disc

disease or spondylolisthesis. Laminectomy is performed after removing the

left and right sides muscles at multiple levels, enabling visualization of nerve

roots. Later, the facet joints are trimmed to create more space for nerve

roots, retracting the roots sideways and IVD space is cleaned. A bone graft

is inserted in the IVD space which fuses with the superior and inferior VB

to form a segment thereby restricting the movement of the joint. The bone

graft may be extracted from the pelvis region or the bone removed during
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the laminectomy procedure may also be used. Additional support is given

by pedicle screws and rods [37, 129, 131, 132].

� Anterior Lumbar Interbody Fusion (ALIF) Surgery

In ALIF procedure the vertebral column is approached to the anterior side

of the patient. It may also be combined with posterolateral gutter fusion

for more stability [37] in order to provide high degree of stability. The

abdominal muscles and blood vessels are retracted sideways thus exposing

the spine. The IVD material is removed making space for implant commonly

called a cage. Later a bone graft is inserted so that adjacent VB can fuse

together restricting the motion of the segment. Additional support may also

be given by attaching screws and rods.

� Transforaminal Lumbar Interbody Fusion (TLIF) Surgery

This procedure is similar to PLIF however, both anterior and posterior sides

are fused through a single approach in which the posterior side of spine is

fused as in done in PLIF however the anterior side is fused by placing pedicle

screws rods and bone graft. It avoid the forceful retraction of spinal nerves

thereby avoiding damage to the nerve roots [129, 133].

� Extreme Lateral Interbody Fusion (XLIF) Surgery

Unlike in ALIF, PLIF/TLIF in this approach the spine is approached side-

ways and fusion operation is performed. After the incision, a dilator and

retractor is placed directly above the IVD to spread the muscles and tissues.

Because of the smaller incision size, it is also referred as Minimally Invasive

Spine (MIS) fusion [105]. Muscles and vessels are retracted sideways and

standard discectomy is performed. A spacer (cage) is placed in the cleared

space followed by the bone graft. Additional reinforcement may be given by

placing pedicle screws and rods [37, 128, 134].



Basic Lumbar Spine Anatomy with Pathophysiology and Clinicians’ Overview 37

3.5.2.3 Non-Surgical Treatments for Lower Back Pain

In other cases, where surgical intervention is avoided certain conservative treat-

ments through medication comprising of pain medication and muscle relaxants

[135–137] with specific physical exercises including McKenzie Method [138, 139],

pain management through caudal epidural injection [140], acupuncture [141], spinal

manipulation through chiropractors [142], thermography i.e., heat therapy [143]

may also be recommended.

3.6 Indepth Assessment of Spinal Disorders

Before performing the suitable surgical intervention procedure, the spinal surgeon

resorts to detailed evaluation of spinal alignment and spinal balance by perform-

ing manual spinal measurements on X-Ray radiograph images and MRI images

including lordotic curve angle, lumbosacral angle, pelvic incidence angle, lumbar

spine height, IVDs size both at posterior and anterior sides. Thus, in contrast with

radiologists’ opinion, a spinal surgeon relies on detailed in-depth measurements, as

covered in sub-sections 3.6.1, 3.6.2, 3.6.3, in order to ascertain presence or absence

of surgical site and severity of spinal disorder for selection of the most appropriate

surgical procedure

3.6.1 Assessment of Spondylolisthesis

Spondylolisthesis is a common term for the misalignment of a VB posteriorly or

anteriorly due to bone stress fracture i.e., spondylolysis. It has been found that

65 % of cases diagnosed with spondylolysis will develop spondylolisthesis [38]. It

was also ascertained that it was developed in the patients in young age i.e., before

16 [144]. Amongst the cases with spondylolysis, majority cases i.e., 90 % lesions

were identified at L5 while only 10 % were found at L4 VB [38, 145].
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In order to identify spondylolisthesis, clinicians resort to review the patient X-

ray image, however, it was found in a research that MRI scans present a much

clearer picture for identification of the disorder [146]. For classification of the

disorder, Wiltse classification [147] types from type I to type VI are typically

used, where the type defines the etiology ranging including congenital, isthmic,

degenerative, post-traumatic, pathological and iatrogenic [148]. While performing

grading of spondylolisthesis, the clinicians follow Meyerding classification [149]

from grade I to grade V at an equal interval of 25 % . In this grading system,

the superior end-plate of the VB below the VB under observation is divided into

four-quarters depicted by four colored regions in figure 3.6. The grading is based

on the slippage of the VB in relation to its position in the specific quarter of

posterior-inferior corner [150] e.g., if the VB is within the first quarter of its lower

VB counter-part it is graded as grade I, whereas, if the VB is completely slipped

i.e., slipped beyond the fourth quarter, it is graded as grade V spondylolisthesis

or spondyloptosis [151]. The same information is graphically represented in figure

3.6, where L4 and L5 are under observation for spondylolisthesis. The top-plate of

L5 is divided into four quarter depicted in red, magenta, orange and green colors.

It can be seen that posterior-inferior i.e., bottom-right corner of L4 lies in second

quarter depicted by orange region, thereby, grading as grade II spondylolisthesis

of L4 over L5 level.

Figure 3.6: Assessment of Spondylolisthesis by Clinicians.
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3.6.2 Assessment of Lumbar Lordosis

Before actual intervention, the spinal surgeon manually performs certain mea-

surements for developing better understanding of shape and structure of vertebral

column. The typical methods include use of computer assisted software, physically

measuring dimensions on patient by using flexible rulers[152], inclinometers [86]

or spinal mouse [89, 90]. Despite being most significant spine parameter [153], the

assessment of spinal curvature is lacking quantitative evaluation as the readings

are prone to variation due to observers’ manual or semi-automated handling [154].

In clinical practice, optimal lordotic curve range is not fixed and there is variation

in LLA in male and female subjects and significant difference is observed in elderly

subjects [31, 155–157]. As a general practice lordotic curve should match the pelvic

incidence angle with a tolerance of ±10 deg [31, 158].

Typically, a standing X-ray radiograph is performed for evaluation of lordotic curve

followed by manual angular measurements which includes Cobb angle [159] i.e.,

Modified Cobb Method [160], which has become a standard for evaluating lordotic

curve [161, 162] in the sagittal plane [163]. As shown in figure 3.7, θ is the angle

of intersection between the perpendicular lines drawn from superior end-plate of

L1 and superior end-plate of S1.

Figure 3.7: Modified Cobb Angle θ Measurement Method.
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The basic limitation of using Cobb method, as reported in a research [164], is the

reliance on end-plate structure to measure the angle. In order to overcome this

limitation, various other techniques were introduced by medical practitioners. A

summary of some of the techniques is presented below:

� Ishihara Index

While computing the Ishihara index, posterior-inferior corners of superior VB

i.e., L1 and inferior VB i.e., L5 are connected to form a straight spinal line

representing the lumbar spine length. Remaining in-between VBs posterior-

inferior corners are connected perpendicularly to the spinal line. The ratio

of sum of lengths of perpendicular lines to the spinal length is the measure

of Ishihara index [165]. As shown in figure 3.8a, the magenta dotted line

represents the lumbar length from inferior posterior L1 corner-point to in-

ferior posterior L5 corner point whereas the red line segments represent the

perpendicular lines from the remaining VB inferior posterior corner points

to the magenta line. The expression for computing Ishihara index is given

I =
∑
di
L

where, L is the lumbar length as depicted by magenta dotted line

in figure 3.8a whereas,
∑
di is the sum of red line segments.

� Maximum Distance Method

In this method, instead of joining the posterior corner-points, anterior-inferior

corners of superior VB and inferior VB are connected to form a straight

spinal line representing the lumbar height. Maximum orthogonal distance

from spinal line and remaining in-between VBs is measured. The ratio of

maximum distance and spinal length is measured using I = d
L

, where, d is

maximum perpendicular distance between the anterior inferior corner points

shown in red in figure 3.8b to the lumbar height shown in magenta [166].

� Tangential Radiologic Assessment of Lumbar Lordosis (TRALL)

In this method, posterior-inferior corners of superior VB and inferior VB

are connected to form a straight spinal line represented by magenta line in

figure 3.8c. Maximum orthogonal distance from spinal line and remaining

in-between VBs is measured as plotted in red line in figure 3.8c. Superior
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VB posterior-inferior point and inferior VB posterior-inferior points are di-

rectly connected to the corner-point with maximum distance. The angle of

intersection θ is measured[153].

(a) Ishihara Index (b) Max-Distance Method (c) TRALL Method

(d) HPTM (e) Centroid Method (f) AUC Method

Figure 3.8: Methods used for Assessment of Lordotic Curve.

� Harrison Posterior Tangent Method (HPTM)

The angle of intersection θ between the tangent lines made by connect-

ing posterior-inferior and posterior-superior corner-points of two superior

VBs and posterior-inferior and posterior-superior corner-points of two infe-

rior VBs [160–162]. As shown in figure 3.8d, initially, a line is subtended from

the posterior inferior corner points of last two VBs followed by a line from

posterior inferior corner points of first two VBs. The angle of intersection θ

is the measure of lordotic curve angle.

� Centroid Method

The method proposed by Chen, in which the angle of intersection between
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the lines from connecting centroids of two superior VBs and the line con-

necting two inferior VBs [167]. The opposing corner-points of each VB are

joined and centroid is determined as the point of intersection of the opposing

lines. The centroids are joined and angle of intersection θ is measured as

shown in figure 3.8e.

� Area Under the Curve (AUC) Method

Yang et al. proposed AUC method in which a curve is plotted connecting

the posterior corners of lumbar VBs. Afterwards, superior corner-point is

connected directly to the inferior VB corner point. Area enclosed in the

region is measured [168]. As shown in figure 3.8f, it is evident that this

method requires software support to measure the area enclosed in the region

of spinal curve.

Quite evidently, these alternate methods are more effort demanding and calcula-

tion intensive once compared to modified Cobb angle measurement for assessment

of lumbar lordosis [90]. The alternate methods described above, involve multiple

measurements, where the Chen [167] centroid method was found to be most cal-

culation intensive hence more reliable [163] and Yang method [168] was calculated

through software-assistance and is not measured using manual methods. The re-

liability and reproducibility of these alternate methods was found to be superior

than the modified Cobb method [162, 169].

For the purpose of this research thesis, from clinicians’ perspective modified Cobb

angle for lumbar assessment is considered for comparison purposes with the the

proposed method.

A spinal surgeon while conducting in-depth spinal lordosis analysis, also measures

segmental lordosis angles, as shown in the figure 3.9a whole lumbar lordotic curve

is measured to be 67.6◦ which is the angle subtended by the superior end-plate

line of L1 and superior end-plate line of S1. Whereas in figure 3.9b segmental

lordotic angles are measured to be 20.7◦ at L1-L3 that is the angle subtended by

the superior end-plate line of L1 and superior end-plate line of L3. Similarly, the
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angle subtended by the superior end-plate line of L4 and superior end-plate line

of S1 (L4-S1) is 46.4◦. The candidate patient is having scoliosis with significant

spondylolisthesis at L4-L5 level.

(a) Whole Lumbar Lordosis (b) Segmental Lumbar Lordosis

Figure 3.9: Assessment of Lordotic Curve using Cobb Angle.

Lumbosacral angle [170], that is the angle subtended by the inferior end-plate line

of L5 and the superior end-plate line of L5, is also measured and shown in figure

3.10.

Figure 3.10: Lumbosacral Angle (LSA) Measurement.
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3.6.3 VB Dimensions and Related Measurements

Additionally, some other important measurements related to VBs dimensions in-

cluding the VB side walls, VB endplates and IVB distances at both anterior and

posterior sides are also performed. These measurements give information about

the VB fracture, reduction in space and size of IVD or VB thus enabling the

clinician in establishing correlation between the symptoms and clinical findings.

The space between adjacent VBs is shown in figure 3.11a, whereas the sidewall

dimension is shown in figure 3.11b. Any abnormality in this general trend is also

noted thereby making an indication for spinal misalignment or imbalance.

(a) IVB Distance(s) (b) VB Sidewalls Dimension(s)

Figure 3.11: IVB Distances and VB Dimensions.

3.7 Summary

� At present, the clinicians rely on manual or software-assisted measurements

to assess the spinal disorders.

� Assessment of spondylolisthesis is dependent on the structure of superior

and inferior VBs end-plates
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� Assessment of lumbar lordosis is performed using modified Cobb angle for

calculation of LLA to analyze whole lumbar spine lordosis and LSA to ex-

amine segmental lordosis.

� Related spinal measurements including VB dimensions, space between the

adjacent VBs are extremely relevant and important spinal metrics to assess

the spinal structure.

� A spinal surgeon before selection of appropriate spinal intervention proce-

dures relies on these quantitative measurements to establish a correlation in

order to determine the efficacy of surgical procedure usually spinal fusion in

alignment restoration i.e., normal lordosis restoration enabling the subject

in posture correction.



Chapter 4

Creation of Ground Truth Image

Dataset

4.1 Outline

In this chapter the details involved in creation of annotation for lumbar spine

mid-sagittal view are presented. The importance of developing a ground truth

dataset is also highlighted with the rationale of selection mid-sagittal view for

evaluation of spinal related measurements is explained. Like already mentioned in

2.2, the original DICOM dataset[56] comprised of axial labels of IVDs which is not

suited to perform VB segmentation, therefore, this manual labeling/annotation is

performed.

4.2 Importance of Developing a Ground Truth

(GT) Dataset for Lumbar Spine

As correctly highlighted by Weese et al., to make the results of image analysis

algorithms and processes reliable with the ability to exhibit reproduceable results,

the development of Ground Truth dataset is of paramount importance. With the
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huge volume influx of medical imaging data, manual image analysis invariably

is a slow process [171]. Therefore, an effort to not only annotate a comprehen-

sive dataset focusing only on sagittal views but also relevant automated spinal

measurements extraction is performed in order to support the spinal surgery com-

munity, by rendering confidence to their decision regarding surgical intervention

procedure.

4.3 Rationale of Selection of Sagittal Views

Mid-sagittal views, presenting maximum information contents regarding spinal

alignment, balance and curvature study, are selected in order to perform related

spinal measurements including distances between adjacent VBs both posterior

and anterior ends, lumbar lordosis curve estimation through lordotic angle. The

sagittal views present ample information related to VBs fracture cases, spinal mis-

alignment including spondylolisthesis and spinal deformity cases including hyper-,

hypo- and normal-lordosis. Sigurd Berven et al. [30] have also suggested that to

understand normal spinal alignment with focus on lordosis, sagittal views present

a comprehensive picture, thereby relating the pathophysiology of lumbar degen-

erative disease to lumbo-pelvic parameters. The axial views present a clearer

picture towards establishing spinal stenosis. Together in conjunction with sagittal

views present a more precise diagnosis. The use of sagittal plane has been found

most adequate for developing the understanding of spinal curvature and postural

balance [154, 172].

4.4 Adopted Methodology

For the purpose of this study, 2D images are used instead of 3D volumetric DICOM

Images. The dataset used in this study [56], is publicly available, however, formal

permission is received from the author to modify and redistribute the dataset for

research collaboration. The IVDs are not assigned with labels because proposed
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area of study in this research thesis is related to spinal curvature estimation and

associated VB measurements. Emphasis is made on the shape and size of VB as

well as the distance between each of the VB, keeping in view the area of interest

for spinal surgeon.

The dataset is tailored as per the research requirement and preference by selecting

514 out of total 515 images in the dataset. A single scan is dropped as it was found

unsuitable for evaluating purpose in sagittal view particularly L1 VB, however

presented ample information and details regarding IVDs in axial views. RadiAnt

DICOM Viewer by Medixant [173] is used to read the MR DICOM images while

Image Labeler Toolbox of MATLAB 2020a, to assign the pixel level labels. The

method comprises of three steps involving image extraction, label assignment and

label validation as given in the flowchart diagram as given in figure 4.1. The

resultant ground truth images are presented in figure 4.3.

Figure 4.1: Process Flowchart (Image Extraction, Labelling and Validation).

4.4.1 Image Extraction

The DICOM images are read using the RadiAnt DICOM Viewer by Medixant as

shown in figure 4.2. Mid-sagittal slice is identified by the expert radiologist in order

to create the ground-truth image. The identified slice is exported and is stored

in a separate folder. Since, the bone presents the same contrast in both T1 and

T2 images as shown in the Table 2, therefore, selection of either T1 or T2 images

for the purpose of this study is deemed suitable [22]. While extracting the image

slices, relevant pixel spacing information is also stored to be used in subsequent
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part for scaling the measurements and dimensions. This step is performed to make

the dimensions of the measurements relatable to the measurements performed by

clinicians.

Figure 4.2: RadiAnt DICOM viewer showcasing the sagittal view image of
lumbar spine.

4.4.2 Image Annotation

The extracted images are loaded in Image Labeler Toolbox in MATLAB (2020a).

The objective is to make the image dataset suitable to perform Semantic Segmen-

tation (later on); therefore, pixel wise ROI labels are defined for 6 x classes for

brevity namely, L1, L2, L3, L4, L5, S (since the sacrum bone is fused region). A

total of 514 images of mid-sagittal views extracted from DICOM files are labelled

in consultation with expert radiologists. Moreover, the region around the verte-

bral body is plotted using smart polygon/polygon tool whichever gave the most

fill. Afterwards, fine-tuning is performed by making use of brush tool to fill the

desired regions which were missed by polygon/smart-polygon tool.
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4.4.3 Image Validation

The final validation and evaluation of correctness of labelled images are ascertained

by expert spinal surgeons. Any incorrectness observed by the spinal surgeon is

rectified.

The amount of time consumed (per image on average) in label assignment was

around 12 - 15 minutes whereas another 5-7 minutes were consumed on validation

and necessary correction. Total images in the dataset are 514.

4.5 Results of Annotation

Out of total 515 images extracted from the DICOM images dataset [56], 514 images

are assigned 6 labels from L1 to L5 and S1 while a single image is assigned 5 labels

(missing L1 Label). Some of the results are shown in figure 4.3, where the input

images are shown in figure 4.3a and the ground truth labels assigned manually

are depicted in figure 4.3b. The VBs in pseudo-colored annotated images are

highlighted as red for L5, yellow for L4, green to show L3, cyan for L2, blue for L1

and magenta to depict S1. Image overlay result is also shown in figure 4.3c. Image

labelling results are validated by expert spinal surgeon as previously explained in

4.4.3.

The images in dataset with relevant spinal measurements details of which are

covered in this chapter are shared online [174] after seeking formal permission

from the author of the original dataset.

4.6 Summary

� Pixel wise labeling is performed manually with the help of expert clinicians.



Creation of Ground Truth Image Dataset 51

(a) Original Image(s) (b) Annotated Image(s) (c) Overlay Image(s)

Figure 4.3: Result of Image Annotation.
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� The constructed labels are generated to perform the semantic segmentation

task as discussed in 2.2, being the foremost requirement towards establishing

an autonomous spinal measurement toolkit.

� As previously highlighted in section 4.2, the importance and relevance of

sagittal views towards making spinal geometry analysis, the proposed com-

posite dataset comprising of lumbar spine images, ground truth labels and

related spinal measurements may prove useful and effective to develop robust

and reliable autonomous spinal analysis toolkit.

� The composite dataset may help to improve the performance metrics in

automated application developments by enabling the researchers to draw

quantitative correlation between predicted and actual results.



Chapter 5

Vertebral Body Segmentation

5.1 Outline

In this chapter, an improvised algorithm utilizing traditional/conventional meth-

ods for image segmentation of lumbar spine VBs is proposed in section 5.2. While

experimenting with deep learning methods, first of all networks including deep

learning encoder-decoder, scene parsing and fully convolutional networks are uti-

lized to perform the same task with the help of Python. Subsequently, the deep

learning toolbox available in MATLAB 2020a is also used to perform the segmen-

tation task on the same dataset. The details of deep learning implementation are

covered in section 5.3 of this chapter.

5.2 Proposed Algorithm Conventional Image Pro-

cessing

The proposed algorithm flow chart is given in figure 5.1 in which the green dotted

portion is showing the pre-processing stage, yellow dotted region is the main-

framework whereas red dotted region is the post-processing steps. The proposed

method is empirically tested to give the best results. Other methods which were
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used and extensively tested while developing an algorithm are also discussed in

details subsequent section.

Figure 5.1: Proposed Image Segmentation Algorithm using Conventional Im-
age Processing Methods.

5.2.1 Pre-Processing Stage

The pre-processing stage involves three steps including image preparation, image

details refinement and image binarization. The details are covered in subsequent

sub-sections.

5.2.1.1 Image Preparation

The extracted images (mid-sagittal slice) are picked as input images which are

T1 weighted images as shown in figure 5.2a. As previously established that both

T1-and T2-weighted images present same information regarding the bone contents
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therefore either of them is selected. The RGB image is converted into grayscale

image, thereby, reducing the number of channels from 3 to 1. As shown in the

figure 5.2b image contrast adjustment is performed by saturating top and bot-

tom one % pixel values thereby increasing the contrast information in the image.

Contrast-limited adaptive histogram equalization (CLAHE) [175] is performed, in

which instead of whole image, contrast enhancement is done on portions of image

normally called as tiles. The resultant image is combined using bilinear inter-

polation performed on neighboring tiles in order to eliminate artificially induced

boundaries. Images are resized to 320 x 320, as most of the images in dataset were

of the same size, for uniformity purposes. The resultant prepared image is shown

in figure 5.2c.

(a) Original Image (b) Contrast Adjustment (c) Histogram Equalization

Figure 5.2: Image Preparation in Pre-Processing Stage.

5.2.1.2 Image Details Enhancement Techniques

Various methods are tried in parallel and the method with empirically best result

is selected. A few methods that are being used are as under:

� A 5 x 5, rotationally symmetric Laplacian of Gaussian (LoG) [176] is cre-

ated and the image filtering is performed. The resultant enhanced image is

obtained by adding the gradient image (figure 5.3a) to the original image as

shown in figure 5.3b.
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(a) Gradient Image (b) Enhanced Image

Figure 5.3: Result of LoG Filter.

� Image is also filtered through Local Fast Laplacian Filter (LFLF) [177] as

shown in figure 5.4a, varying the amplitude of edges(sigma), smoothing de-

tails(alpha) and dynamic range(beta). It was experienced that variation in

alpha 0.9 (parameter to control the smoothing details) and beta value greater

than 1 (parameter to control dynamic range) enabled edge enhancement, are

more suited for these image types.

� Image sharpening through unsharp masking [178] as shown in figure 5.4b is

also performed in which a sharp image is obtained by subtracting a blurred

(unsharp) from itself.

� A normalized custom edge sharpening 5 x 5 filter is also created and image

filtering is performed. The resultant image obtained is shown in figure 5.4c.

In the original work [179], edge enhancement has been performed on fluoro-

scopic images however in proposed research the objective is to enhance the

edges of VBs in MR Images.

The variations showed that the most appropriate results (through visual inspec-

tion) for image enhancement for these specific set of images are obtained by making

use of image sharpening through unsharp masking filter.



Vertebral Body Segmentation 57

(a) LFLF (b) Unsharp Masking (c) Edge Sharpening

Figure 5.4: Result of Image Enhancements.

5.2.1.3 Image Binarization

Following techniques were empirically evaluated:

� Global Otsu thresholding [180] is performed on the resultant enhanced image

varying the bin size to 16, 32 and 64. It is observed that for computing

histogram count, the bin size of 32 is most suited. Otsu Thresholding is

performed on the total number of pixels and images are binarized. The

resultant images are near to a washed-out images in which various regions

of interest are found to have merged with the surrounding pixels depicted in

figure 5.5a.

� Global thresholding method by making use of gray level thresholding metrics

and effectiveness metric is also tested. Normally 64 bins are used to compute

the histogram count and then compute the threshold level. It is also found

that neighboring regions are merged as shown in figure 5.5b.

� As suggested by Derek Bradley et al. [181] Adaptive Thresholding method

for binarization based on the integral image proved to be an effective bina-

rization method. The basic intuition lies in defining a neighborhood window,

approximately 1/8th of the size of image, the pixel under consideration is

declared background(black) if it’s less than a specific threshold otherwise its

declared as foreground (white). Result is displayed as figure 5.5c.
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(a) Global Otsu (32 bins) (b) Global Otsu (64 bins) (c) Adaptive Method

Figure 5.5: Binarization Results.

Through experimentation and visual inspection Adaptive method proved to give

the best results without compromising the desired image details. As evident from

figure 5.5c, the region merger issue is comparatively less as compared images ob-

tained through other two methods.

Hole filling operation as shown in figure 5.6a, is performed in order to fill the

missing pixels thereby morphologically reconstructing the image, by making use

of 8 surrounding neighbors instead of 4 surrounding neighbors. Area opening

operation is also performed to remove small objects which are undesired. Finally,

a binary mask is obtained which is fed to the main framework to perform the

segmentation task. The result is shown in 5.6b.

(a) Hole Filling (b) Area Opening

Figure 5.6: Binary Mask.
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5.2.2 Main Framework

The main framework of the proposed algorithm involves morphological operation

to eliminate the region merger problem in the VBs followed by shape restoration.

The final part is shape based filtering where the lumbar spine VBs are extracted.

5.2.2.1 Morphological Operation

For performing the morphological operation, structure elements (SE) are defined

prior performing the image opening operation. Three lines of equal lengths, flat

structuring elements, are defined with angular variation as −15◦, +15◦ and 80◦.

Three diamond structure elements of (7 × 7), (5 × 5) and (3 × 3) are also defined.

An arbitrary structuring element of (5 × 5) is also defined in order to separate or

delineate the merged regions thereby making an attempt to restore the edges.

(a) Line SE (b) Diamond SE (5 × 5) (c) Arbitrary SE

Figure 5.7: Reduction in Region Merger.

Image opening [182] operation is later performed and is tested to show similar

structural similarity in the reconstructed image for the 5 × 5, diamond struc-

tured element and combination of all three lined structured elements as shown

in figure 5.7a,b. However, the arbitrary structuring element showed variation in

the resultant image as shown in figure 5.7c. By the use of this morphological op-

eration (image opening), shape restoration of binary masks was enabled thereby

addressing the region merger problem, with the reduction in area of the VBs.

For addressing the issue, a smoothing operation was applied details of which are

covered subsequently.
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5.2.2.2 Image Smoothing

Anisotropic filtering is considered very useful in edges preservation and keeping

the shape intact [183]. The technique basically involves computation of distance

transform followed by anisotropic smoothing. The expression is given as under:

C(x, y)t = e(−
‖∇i‖
ρ

)2 (5.1)

where, ‖∇i‖ represents the image gradient, ρ is the parameter to control the

sensitivity of the edges, x and y shows the spatial coordinates while sub-script

t shows the iteration count i.e., 30 iterations. The resultant binarized image as

shown in figure 5.8 is a smooth image which is showing high correlation with

the original image in which the region merger issue existed. The main benefit of

anisotropic smoothing is the preservation of edges.

Figure 5.8: Preservation of Edges in Image using Anisotropic Filtering.

5.2.2.3 Extraction of Vertebral Column

The resultant binary image is assigned with labels, for further evaluation of region

properties in order to extract the relevant lumbar spine VBs. Thresholding on

Area is performed in order to filter the larger bodies not fitting the description
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of VB. Here perimeter filtering is also tried but the results are more accurate in

filtering larger undesired objects based on Area thresholding. Irregular Elongated

shapes are filtered based on major-axis and minor-axis thresholding. Thresholding

is performed based on the ratio of major and minor axis and simply the ones less

than the threshold value are kept.

After filtering the undesired regions, lumbar spine extraction sequence is executed

involving filtering based on the sub-image properties involving extent, circularity

and solidity.

Measure of Extent proved to deliver the most accurate results to segment out

lumbar VBs. The calculation of extent of sub-image region involves taking a ratio

of total pixel area with the pixel area of smallest possible rectangular bounding box

that can be defined around that region. In MATLAB, bounding box is rectangular

shape with 4 parameters. The first and second being the co-ordinates of top-left

corner of the region and third being the width whereas the height is specified in

the fourth parameter.

Circularity property which is the measure of roundness of the region/object was

also experimented. In this case it was found that circularity property didn’t return

good results in segmenting out the VBs. Also, it was observed that circularity is

not a good measure while evaluating very small regions as most of the smaller

regions are falsely returned with maximum circularity score.

5.2.3 Post-Processing including Validation

The details of post-processing being the final step are covered in this section. The

resultant segmented image is checked for the number of VBs content based on

the lumbar spine. The desired number of VBs are six from L1 to L5 and first

sacrum bone. The visual result of proposed algorithm is given in figure 5.9, where

pre-validation and post-validation results are shown. Pseudo colored images are

also highlighted in order to present better depiction. The quantitative results are

presented in table 8.1.



Vertebral Body Segmentation 62

Algorithm 1: VBSeg - Vertebral Body Segmentation

1 Input: Original Image I
2 Output: Extracted Image IV B
3 Ic ← ContrastAdjustment(I )
4 Ih ← CLAHE(Ic)
5 Is ← UnsharpMasking(Ih)
6 Ib ← Binarization(Is)

7 Ifb ← ImageFill(Ib)

8 If,ab ← AreaOpening(Ifb )[RejectArea = Area< τ ]

9 If,a,ob ← ImageOpening(If,ab )[5x5, Diamond Structure Element ]

10 If,a,o,sb ← Smoothing(If,a,ob )[Anisotropic]

11 IpvV B ← ShapeFilter(If,a,o,sb )[ρ ← Extent, Area,MA/mA]

12 for IpvV B 6= IvV B do
13 nV B ← CountVB(IpvV B)
14 if nV B = valid then
15 IvV B ← (IpvV B)
16 else
17 if nV B = invalid then
18 ShapeFilter(If,a,o,sbw )[ρ ↑ if nV B < valid,ρ ↓ if nV B > valid]

19 end

20 end

21 end
22 IV B ← IvV B

A validation check is performed to count the number of VBs detected in the image.

For this purpose, all the labelled regions centroids are computed using the region

properties. The centroids are sorted based on the y-direction. The size of the

input image is (320, 320) therefore, the center pixel coordinate is (160, 160); this

center pixel coordinate is picked as first centroid. The distance of all the centroids

from the first pixel coordinate is calculated and the minimum distance index pixel

coordinate are assigned to the first point pair.

After having the first centroid correctly identified, remaining centroids are identi-

fied based on minimum distance between the consecutive points. Two subsequent

checks are performed in order to calculate the superior VBs and the inferior VBs,

till the number of objects detected in the image are six i.e., for L1-L5 and S1 or

seven for L1-L5, S1 and T12. In case the number of VBs are not meeting the

desired criteria shaped based filtering was performed with variation in the region
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(a) Pre-Validation (b) Pseudo-Colored (c) Post-Validation

Figure 5.9: Result of VBSeg Algorithm.

property till the image returns desired output. The pseduo-code for algorithm is

given as algorithm 1 whereas the flow diagram is given in figure 5.1.

5.2.4 Experimentation with Other Methods

A brief overview of other experimented methods including Gabor Filter, Radon

Transform and Active Contours algorithm is presented in appendix A.

5.3 Segmentation using Deep Learning Archi-

tecture(s)

In order to address the computer vision problems, conventional or traditional

image segmentation techniques have certainly shown promising and desired results

over the last few decades, however, with the onset of deep learning and making use

of neural networks to address the segmentation related tasks have easily surpassed
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the results both in qualitative and quantitative aspects. After performing extensive

testing by making use of traditional image processing techniques and proposed a

customised algorithm (5.1) to perform the medical image segmentation task, deep

learning methods were tested for executing the same task. Before getting into

the details of implementation it is imperative to develop understanding of selected

deep learning architectures with reference to their suitability for a specific task.

In the subsequent sub-sections, brief overview of deep learning architectures and

the preference with user point of view is presented.

5.3.1 Deep Network Architectures Overview

As already covered in the literature review section, many researchers have strongly

advocated the use of deep learning methods to perform segmentation tasks [184–

188]. For the purpose of this research thesis, vertebral column segmentation is

performed using conventional deep learning encoder-decoder, scene parsing and

mobile networks. A comparison is also drawn amongst multiple popular models

such as UNet [58], ResNet [189], SegNet [82], PSPNet [83], and MobileNets [190].

A concise description of the models is given as follows:

� UNet

Originally inspired by Fully Connected Network (FCN)[191], UNet has a con-

traction path and an expansion path. The contraction path, of traditional

convolutional neural network (CNN) and max pooling layers, preserves con-

textual information while the expansion path localizes information through

transpose CNN. Like in ResNet, UNet also concatenates features by provid-

ing skip connections from contraction to expansion path. It has a built-in

data augmentation scheme hence very well suited for limited data cases[58].

� ResNet

Residual Networks or ResNet solved the issue of vanishing gradient descent

by introducing skip connections, thereby increasing flexibility and offering

better preservation of contextual information [189].
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� SegNet

Segmentation Network (SegNet) based on encode-decoder architecture, where

the encoder part preserves the contextual information and decoder part uses

the max-pooling indices computed in encoder part to up-sample the feature-

map non-linearly. It is computationally efficient once compared to UNet,

owing to its lesser number of trainable parameters[82].

� PSPNet

The pyramid scene parsing network makes use of pyramid pooling module

to capture global contextual information, coarser to finer, in four-pyramids

level. The feature-maps are up-sampled by decoder to present segmented

result [83].

� MobileNets

MobileNets is based on depth-wise separable convolution hence, offering re-

duction in size of model. It is suited for implementation in embedded systems

and mobile applications on the fly due to lesser size and comparable accuracy

[190].

All the models are trained and tested on Intel(R) Xeon(R) Silver 4110 CPU with 64

GB RAM and NVIDIA Quadro P4000 GPU, using Tensorflow Keras API, Python

3.7.9. For comparison purposes, MATLAB deep learning toolbox is also used with

the same hardware configuration, summary of which is given in appendix B.

5.3.2 Choice of Optimizer

The role of optimizer is noteworthy to mention to correctly optimizing the weights

in order to make correct predictions for future unknown samples. Together, with

loss function, the model parameters are updated to reshape the network as accu-

rate as possible. In order to vary the learning rate, to achieve better convergence,

adadelta [192] optimizer is used in this research. It optimizes the weights adap-

tively as suggested by the name, through weighted exponential method. Here, it
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is important to review the weights update rule as it will enable the reader in de-

veloping understanding why adadelta optimizer is used. A summarized version of

transition from standard weight update rule in case of stochastic gradient descent

to adadelta is presented below. Typical weight update equation is given below

wt = wt−1 − η ×
(

∂L

∂wt−1

)
(5.2)

where, wt represents updated weight, wt−1 shows the previous weight, η is the

learning rate and ∂L
∂wt−1

is the gradient of loss function with respect to weight at

t-1 instance. The expression −η ×
(

∂L
∂wt−1

)
is denoting ∆wt−1 i.e., the update

factor.

As observed, the learning rate η remains constant throughout this weight update

process, hence the step size while approaching towards the global minima is not

changed.

In order to vary the step size, the learning rate η is reduced gradually so that

initially larger steps taken to approach the global minima are reduced to smaller

steps, thereby decreasing the time to converge to the global minima. Hence, the

updated equation Adagrad [193] short for adaptive gradient is presented below

wt = wt−1 − η′ ×
(

∂L

∂wt−1

)
(5.3)

where, η′ is the updated or changed learning rate for every iteration. The expres-

sion for η′ is given as

η′ =
η√
αt + ε

(5.4)

here, αt is the dynamic update factor to subsequently update the learning rate η

by accumulating the squares of gradient as the training process grows. It is pretty

much possible that value of αt becomes zero during the training process, therefore,

in order to avoid dividing the previous learning rate η with zero, a small positive

number ε is added. The expression for αt is given below
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αt =
t∑
i=1

(
∂L

∂wi

)2

(5.5)

However, there is drawback with squared accumulation of gradients as during the

course of training process αt becomes very large and the updated learning rate

become smaller and smaller such that it become infinitesimally small, hence the

weight update will have no change. This results in halt in converge to the global

minima.

The researchers [194] in RMSprop short for root mean square propagation, pro-

posed that in order to avoid this halt and to restrict αt values to become large,

instead of squared accumulation of all the gradients, weighted accumulation is

used, thus preventing the value of αt from becoming large and resultantly avoid-

ing the halt. The expression for learning rate update is given as

η′ =
η√
γt + ε

(5.6)

where, Where, instead of αt, i.e., squared accumulation of gradients, γt is used

which is weighted squared accumulation of gradients. The expression for γt is

given as

γt = β × γt−1 + (1− β)
t∑
i=1

(
∂L

∂wi

)2

(5.7)

Where, β hyperparameter, typically ranges from 0.90 – 0.95, ensures that γt does-

not become large enough. The comprehensive expression for weight update be-

comes as follows:

wt = wt−1 −
η√
γt + ε

(
∂L

∂wt−1

)
(5.8)

Another major contribution was making the update formula independent of learn-

ing rate η which is proposed in Adadelta [192]. The expression is given as

wt = wt−1 −
√

∆wt−1 + ε√
γt + ε

(
∂L

∂wt−1

)
(5.9)

where, the expression for ∆t−1 is given by
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∆wt = ζ ×∆wt−1 + (1− ζ)

(√
∆wt−1 + ε√
γt + ε

(
∂L

∂wt−1

))2

(5.10)

where, ζ enables exponentially weighted selection, typically in the range of 0.90 -

0.95, of change in weights of parameters, thus there is no need to select the default

learning rate η.

5.3.3 Cross-Entropy Loss Function

To measure the performance of classification model, cross entropy loss function

is used. Simply, the loss function will increase when the predicted label diverges

from the actual class label. The expression for cross entropy loss function is given

below

l(θ) = −
n∑
i=1

yi logψi + (1− yi) log(1− ψi) (5.11)

where, θ represents the parameters of model, yi is the actual class label, ψi is the

predicted class label.

5.3.4 Application of Fine-Tuning

The most common and popular and common scheme of training the model being

widely used is fine tuning. In this research fine tuning is performed various encoder-

decoder configurations by combining networks including ResNet-PSPNet [195],

MobileNets-UNet [196], VGG-UNet [197], ResNet-UNet [198], ResNet-SegNet [185]

and others. The process of fine tuning may be divided into four steps as shown in

figure 5.10:

� Picking a pre-trained model on a source dataset like ImageNet, let us call it

the source model.

� Defining a model replicating the layers and parameters of course model how-

ever, last layer i.e., output layer is clipped.
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� Defining a new output layer with desired number of classes as per the cus-

tom dataset and randomly initializing the parameters of the output layer.

Appending of layer with the defined model

� Perform training of defined model on the custom dataset from scratch. Up-

dating the parameters of last layers while fine tuning the rest of layers pa-

rameters.

Figure 5.10: Transfer Learning through Fine Tuning Process.

The total number of epochs for training; using fine tuning, are 50 with the batch

size of 2 images. It was found that training time is least for MobileNets-SegNet

i.e., an average of 42.2 seconds per epoch, whereas the most for VGG-UNet i.e.,

an average of 465 seconds per epoch. The best performance for VB extraction is

achieved by ResNet-UNet.

5.4 Summary

� A carefully worked-out VB segmentation algorithm (VBSeg) based on tra-

ditional image processing techniques is proposed after extensive empirical

evaluation.
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� Amongst the tested methods, deep learning network with ResNet as base

model and UNet as classification network gave the best results to segment

out the VBs.

� MobileNets have the lowest training time as compared to other networks. In

performance metrics, MobileNets was also on the lower shade. Therefore, the

researchers have to encounter a trade-off between complexity and accuracy

while choosing MobileNets.

� Fine tuning method for transfer learning is an effective learning mode well

suited and less time consuming.



Chapter 6

Automated Measurements of

Lumbar Spine

6.1 Outline

After performing the segmentation task, automated spinal measurements on the

segmented VBs are performed which ranges from angular measurements to dis-

tance measurements. These measurements are clinically relevant in order to cor-

relate the findings of clinicians with symptoms in the subject patient, as already

established in section 3.6. Initially, the distance related measurements are dis-

cussed followed by angular measurements, whereas the spine curve estimation is

covered at the end of the chapter.

6.2 Proposed Methodology

In this research thesis, completely automated measurements (without human inter-

vention) related to lumbar spine region by using MATLAB2020a, are performed

two times involving the steps as shown in the flowchart presented as figure 6.1

which is explained in algorithmic form in algorithm 2. In the first measurement

sequence, ground truth labels which are manually created as covered in chapter 4
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are used in order to complement the images with quantitative attributes, forming

part of composite dataset. The same dataset is publicly shared for research col-

laboration [174]. In the second measurement sequence, the automated segmented

images with best quantitative results, in this case ResNet-UNet, are used to per-

form spinal measurements to establish correlation with the measurements obtained

on the ground truth labels.

Figure 6.1: Spinal Measurements Acquisition (Block Diagram).

6.2.1 Identification and Labelling of VB

As a first step, region segmentation is performed in order to isolate the individual

VB. Identification of VBs is performed by making use of region properties and

extraction of respective centroids. Result subsample comprising of 4-images is
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Algorithm 2: Spinal Measurements Extraction Scheme

1 Input: Extracted Image (IV B)
2 Output(s): LHcp, LHcen, IV B

a
i , IV B

p
i , V B

p
i , V B

a
i , LLA,LSA

3 for ∀ V Bs do
4 ceni ← ComputeCenter(IV B)
5 cprawi,d ← CornerPoint(ceni)[d = TL, TR, BR, BL]

6 cpi,d ← CorrectionCP(cprawi,d )[Edge,NN ]

7 end
8 LHcp ← LumbarHeight(cpi,TL) ← [L1TL , S1TL ]
9 LHcen ← LumbarHeight(ceni) ← [L1, S1]

10 IV Ba
i ← Distance(cpi,BL,TL) ← [LaiBL

− Lai+1TL
]

11 IV Bp
i ← Distance(cpi,BR,TR) ← [LpiBR

− Lpi+1TR
]

12 V Ba
i ← Distance(cpi,TL,BL) ← [LaiTL

− LaiBL ]

13 V Bp
i ← Distance(cpi,TR,BR) ← [LpiTR

− LpiBR ]

14 LLA ← ComputeAngle(ceni, cpi,d) ← [L1TL,TR , S1TL,TR ]
15 LSA ← ComputeAngle(ceni, cpi,d) ← [L5BL,BR , S1TL,TR ]

showcased in figure 6.2. Labels are assigned from L1-L5 for lumbar VBs and S1

to the first sacrum VB. ∗ represents the centroids.

Figure 6.2: VB Identification and Labelling.

6.2.2 Computation of Corner Points

The most challenging part was the computation of 4 corner points, which involved

raw corner-point assignment and refinement processes as shown in the flowchart

given in figure 6.1. In raw assignment, initially, a bounding-box which is the

smallest possible rectangular box which can be overlayed on the individual VB is

computed. The four corners of rectangle are assigned as raw/initial corner points

of VB. Here, it is noteworthy to mention that the bounding-box is drawn parallel to

the image horizontal axis irrespective of the orientation of the object around which
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it is drawn. While refinement is performed in order to match the initial corner

point assigned to the actual border pixel of the VB. For that purpose, image is

skeletonized and non-zero entries are enlisted. The distance is computed for each

corner-point, say superior-left, superior-right, inferior-right, inferior-left, from the

non-zero list of coordinates. The lowest distance pixel-coordinate is assigned to

the respective corner-point. The expression is given as follows:

dτ,i =
√
p2τ − p′2i (6.1)

where, pτ represents the raw corner-points assigned by the corners of bounding box

and the sub-script τ depicts the four-corner points namely superior-left, superior-

right, inferior-right, inferior-left, p′i shows all the non-zero pixels of a particular

VB, dτ,i shows the distance matrix for all four corner points. Finally, the min-

imum distance pixel index as given in equation 6.2 is stored and the coordinate

corresponding to the index is assigned to the respective corner-point pτ .

idx = min (dτ,i) , pτ ← p′idx (6.2)

6.2.3 Distance Related Measurements

After calculation of 4 corner points, lumbar height is computed based on the Eu-

clidean distance using two different approaches. In the first method, distance

between L1 superior-anterior corner point and S1 superior-anterior corner-point

as shown with green line segment in figure 6.3a. In the second method, the lumbar

height is measured from centroids between L1 VB and S1 VB as depicted by the

yellow line segment in figure 6.3b.

Intervertebral body distances (IVB) i.e., distance between consecutive VB at an-

terior and posterior sides is also measured. While computing the distances at

anterior side of the spine, the distance between anterior-inferior corner point and
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(a) Measured between L1-S1 Anterior-Superior Corner-Points.

(b) Measured between L1-S1 Centroids.

Figure 6.3: Calculation of Lumbar Height in mm.

anterior-superior corner point of consecutive VB is measured. Similar measure-

ment is performed for posterior sides as shown in figure 6.4a). Here, the measure-

ments represented in red are anterior side measurements, whereas the posterior

side measurements are given in green font.

Likewise, the VB dimension are measured at anterior and posterior sides such that

the distances between the superior and inferior corner points are measured in the

same VB as depicted in figure 6.3b. A failure case (2nd sub-image from right) is

also showcased in figure 6.3 labelled in yellow, where the computation error is due

to the misalignment of corner point. All the distance related measurements are

calculated using the expression given in equation 6.3 for Euclidean distance given

below

d =
√

(x2 − s1)2 + (y2 − y1)2 (6.3)

In both cases, the lumbar height(s), IVB distances and VB dimensions are mea-

sured in millimeters mm.
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(a) IVB Distances.

(b) VB(s) Side-Wall Dimensions.

Figure 6.4: Calculation of Intervertebral body (IVB) distances and VB Di-
mensions in mm.

6.2.4 Angular Measurements

After computing the distance related measurements, angular measurements are

also performed. First, lumbar lordotic angle (LLA), being the angle subtended

by L1 superior-endplate and S1 superior-endplate, is measured as represented by

white lines in figure 6.4a. The expression is given as

mL1,S1 =
yL1,S12 − yL1,S11

xL1,S12 − xL1,S11

(6.4)

where in equation 6.4, mL1,S1 depict slopes of two line segments i.e., L1 superior-

endplate and S1 superior-endplate. The angle θ is calculated using the expression

given in equation 6.5 below

θ = tan−1
∣∣∣∣ mL1 −mS1

1 +mL1mS1

∣∣∣∣ (6.5)

In the similar manner, lumbosacral angle (LSA), angle subtended by the L5 inferior

end-plate and S1 superior end-plate is also measured as shown in figure 6.4b where

the green lines depict the L5 inferior-endplate and S1 superior-endplate. The
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measured angles are also labelled in both cases for LLA and LSA.

(a) Lumbar Lordotic Angle (LLA).

(b) Lumbosacral Angle (LSA).

Figure 6.5: Spinal Angular Measurements measured in Degrees (◦)

6.2.5 Spinal Curve Estimation

Lumbar spinal curve is also plotted to differentiate between the symmetrical and

asymmetrical spinal curves. Here, cubic spline interpolation is used instead of

polynomial piecewise interpolation to avoid the higher order polynomials hence

avoiding overfitting and enabling better generalization of spinal curve. In the case

of lumbar spine, spline fitting is performed on previously identified centroids. The

expression is given as

Ci(x) = aix
3 + bix

2 + cix+ di (6.6)

where, in this particular case n = 6 i.e., six centroids, hence n-1 splines are fitted

between the set of coordinates. It is also important to mention that for cubic spline

to be smooth and continuous following two sets of conditions should be satisfied:

� Condition for Continuous Spline

The expression Ci(xi) = yi and Ci(xi−1) = yi−1 needs to be satisfied for
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the splines to meet the criteria i.e., two consecutive polynomials Ci(x) and

Ci+1(x) must join at xi, or equivalently the polynomial passes through the

two end points.

� Condition for Smoothness

For a curve to be smooth, the same order derivative should be equal be-

tween two consecutive splines at the same point. The statement is expressed

C′i(xi) = C′i+1(xi) and C′′i(xi) = C′′i+1(xi). Here, C′i(xi) is the first

derivative, while C′′i(xi) shows the second derivative at point xi. Alterna-

tively, the expression can be generalized as C
(k)
i (xi) = C

(k)
i+1(xi), where, k is

the order of derivative.

The result of curve estimation is given in figure 6.6, where in second sub-image

from right it can be seen that the slope in asymmetrical giving evidence that

spinal balance is out of order, whereas in the other shown sub-images the curves

are found to be symmetrical.

Figure 6.6: Estimation of Spinal Curve.

Since, all these distance related measurements are in pixels which are made mean-

ingful and relatable by conversion of these distances into millimeters. For this

purpose, the respective pixel spacing information is extracted from the DICOM

file and the distance in pixels are scaled as per the pixel spacing information.
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6.3 Summary

� In the proposed spinal measurements acquisition methodology, centroids are

initially computed in the segmented images containing VBs, followed by

distance based and angular measurements.

� These measurements are performed through automated way to give support

to the clinicians to acquire these measurements certainly be conserving time

as well as giving quantitative bias to their manual performed measurements.

� Spinal curve estimation is performed to support the subsequent spinal dis-

order diseases classification methodologies as proposed in this thesis.



Chapter 7

Spinal Misalignment Disease

Classification

7.1 Outline

After extracting the spinal profiles, including spinal measurements (6.2.3) and

spinal curve estimation(6.2.5), spinal misalignment classification methodologies

for spondylolisthesis i.e., the dislocation of VB towards anterior or posterior side

as well as identification of hyper/hypo/normal lordosis using a novel proposed

method. In section 7.2 classification methodology for spondylolisthesis is presented

followed by lordosis assessment in section 7.3.

7.2 Automated Spondylolisthesis Classification

As already covered in the section 3.6.1, for grading of severity and determining eti-

ological type of spondylolisthesis, Meyerding classification grading system is com-

monly used. The clinicians mostly resort to grading by visual observation, without

performing the measurements. Quite evidently, this methodology for grading is

subjective in nature, therefore, automated quantitative assessment is necessitated.

In this thesis, a novel technique to identify and classify spinal misalignment i.e.,
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spondylolisthesis by using an improvised angular deviation metric is proposed,

diagrammatic flowchart is shown in the figure 7.1 whereas the algorithmic repre-

sentation is given as algorithm 3.

Figure 7.1: Flow Diagram for Classification of Spondylolisthesis.

In proposed method, instead of the original method used by clinicians to measure

spondylolisthesis which is based on corner-points and related to end-plate struc-

ture; evaluation for presence of spondylolisthesis through centroids is performed,

thus harnessing the potential of automated measurements and the previously com-

puted centroids (6.2.1) and corner-points(6.2.2).

Figure 7.2: Angular Deviation Metric for Assessment of Spondylolisthesis.

As shown in figure 7.2, initially beginning from L1 VB (left), the angle subtended

between perpendicular line (shown in green) from L1 centroid and the line segment

from L1 centroid to L2 centroid (shown in yellow) is measured. The process

is repeated for all the VBs from L2 to S1 as shown in figure 7.2(left to right).

Intuitively, it can be seen that if the angle of respective VB is found deviating

beyond the standard deviation of the mean of angles of all VBs, the VB is classified
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to have dislocation i.e., spondylolisthesis or mathematically as shown in equation

7.1given below:

ωi =
1

n

n∑
i=1

θi ± σθ (7.1)

where, θi is the angular deviation measured between the yellow and green lines as

shown in figure 7.2(left to right), n=5 i.e., the number of VBs segments and σθ is

the measure of standard deviation. The dislocated VB is then labelled along with

the image.

Algorithm 3: Spondylolisthesis Classification

1 Input: Extracted Image IV B
2 Output: Classification ωi
3 ceni ← ComputeCentroids(IV B) [i = nV B]
4 θi−1 ← ComputeAngle(ceni)
5 θm ← ComputeMean(θi−1)
6 σθ ← ComputeSD(θi−1)
7 for ∀ ceni do
8 if ∠i > θm + σθ then
9 ωanteriori ← IV Bi

10 else
11 if ∠i < θm − σθ then

12 ωposteriori ← IV Bi
13 else
14 if θm − σθ < ∠i < θm + σθ then
15 ωnormali ← IV Bi
16 end

17 end

18 end

19 end
20 ωi ← ωanteriori

21 ωi ← ωposteriori

22 ωi ← ωnormali

A noticeable advantage in proposed angular deviation classification metric, is the

ability to handle displacement of VB in both posterior and anterior directions.

The present-day method used by clinicians to evaluate spondylolisthesis is based

on posterior-inferior corner-points [150] as already referred and shown in figure
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3.6. In this proposed algorithm, the posterior or backwards displacement is quan-

tified, if the angular deviation is less than the standard deviation of mean of all

deviation angles, similarly, the anterior or forward displacement is conditional to

the deviation beyond the standard deviation of mean of all angles as highlighted

in the algorithm 3.

7.3 Automated Lumbar Lordosis Assessment

Exploiting the potential of most reliable [154] methods for lumbar spine lordo-

sis evaluation, the proposed method is a combination of Chen centroid method

[167] and Yang AUC method [168] as discussed in section 3.6.2. In this proposed

method, spinal curve is plotted (section 6.2.5) through the centroids instead of

posterior corner-points in the original Yang method. Afterwards, the superior VB

centroid is connected directly to inferior VB centroid and area enclosed in the

region is computed in the similar pattern as suggested in Yang method. The dia-

grammatic flowchart of proposed method is presented in figure 7.3, where the red

colored region classifies the hyper lordosis or excessive lordotic curve commonly

termed as sway-back, yellow box presents the hypo lordosis classification or inad-

equate lordotic curve commonly termed as flat-back cases and the green region is

shows the normal lumbar lordosis curve cases.

Figure 7.3: Flow Diagram for Assessment of Lumbar Lordosis.
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In this proposed method for classification of spinal curve disorder as shown in

figure 7.4a, the spinal curve through centroids of VBs is initially plotted followed

by joining the L1 VB centre with S1 VB centre, thus forming an enclosed region.

In the second step, the enclosed region is segmented out (figure 7.4b) and finally

area within the region is measured in the final step as shown figure 7.4c. As

suggested in the original work [168], while calculating AUC, it is empirically noted

that for hypo-lordosis, the AUC is found to be less while AUC is noted to be more

for hyper-lordosis cases. The expression is given as equation 7.2, which is the

summation of all non-zero pixels (pi 6= 0) within the region r as shown in figure

7.4c, where the total number of non-zero pixels are m and ∆p is the interval i.e.,

equal to one pixel.

Ar =
m∑
i=1

pi ×∆p (7.2)

(a) Region Plotting (b) Region Segmentation (c) Area Computation

Figure 7.4: Proposed AUC Method for Lumbar Lordosis Assessment.

The same sequence is represented in algorithmic form as algorithm 4.

7.4 Summary

� Traditionally as practiced by clinicians, the classification of spondylolisthesis

is performed visually without making any dedicated measurements which is

subjective and prone to variability.

� For assessment of lumbar lordosis, modified Cobb method is used by the

clinicians which is related to the superior and inferior VB end-plates, hence,
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Algorithm 4: Hyper/Hypo/Normal Lordosis Classification

1 Input: Extracted Image IV B
2 Output: Classification ω
3 ceni ← ComputeCentroids(IV B) [i = nV B]
4 Curve ← SpinalCurve(ceni)
5 Region ← MakeRegion(Curve)
6 Ar ← Area(Region)
7 φ ← Range(Ar)[a, b]
8 if Ar > φ then
9 ωhyper ← IV B

10 else
11 if Ar < φ then
12 ωhypo ← IV B
13 else
14 if Ar = φ then
15 ωnormal ← IV B
16 end

17 end

18 end
19 ω ← ωhyper
20 ω ← ωhypo
21 ω ← ωnormal

in case of deformation or fracture correct lordosis assessment may not be

possible.

� The proposed methodology for classification of spondylolisthesis is based

on angular deviation metric encompassing dislocation in both anterior and

posterior directions.

� For assessment of lordosis, the proposed method, based on AUC computa-

tion is independent of corner-points hence, is more robust to the end-plate

deformities.



Chapter 8

Results and Discussion

8.1 Outline

In this chapter, first the metrics which are used to validate the performance of

the automated VB extraction i.e., segmentation, automated spinal measurements

and spinal diseases classification are presented. The same are extensively used by

the research community [78, 80, 162, 199–204] Afterwards, detailed experimental

results with qualitative analysis for ground truth annotations and VB segmenta-

tion are discussed. Later, quantitative analysis of the implemented segmentation

techniques, automated spinal measurements and methodologies for spinal disorder

diseases classification are highlighted.

8.2 Performance Metrics

To evaluate the performance of semantic segmentation, mean pixel accuracy (MPA)

and mean pixel precision (MPP) metrics as given in equations 8.1 and 8.2 are used.

Accuracy corresponds to the measure of percentage of pixels classified correctly

in global context as VB and background, whereas, precision is the measure of

correctness of classification at global level.
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MPA =
TP + TN

TP + TN + FP + FN
(8.1)

MPP =
TP

TP + FP
(8.2)

where, TP denotes the pixel-level true positives indicating the correct extraction

of VBs, TN relates to pixel-level true negatives showing correct assignment of

pixels as background, FP signifies the pixel-level false positives indicating incorrect

extraction of background pixels as VB and FN specifies the false negatives i.e.,

incorrect extraction of VB pixel labels.

To measure the overlap between the segmented mask and the actual ground truth

mask, mean intersection-over-union (IoU) commonly termed as Jaccard similarity

coefficient score is used, which is measured through equation 8.3.

IoU =
TP

TP + FP + FN
(8.3)

Additionally, dice similarity coefficient (DSC) score is also computed which com-

putes the IoU/Jaccard metric with the only difference that it doubles the true-

positives TP , expression is given as equation 8.4.

DSC =
2TP

2TP + FP + FN
(8.4)

To measure of closeness of the automated measured value with the manual mea-

surement performed by spinal surgeons, Pearson correlation coefficient is used as

given in equation 8.5,

R =

∑N
i=1(mi − m̄)(ni − n̄)√∑N

i=1(mi − m̄)2
∑N

i=1(ni − n̄)2
(8.5)

where, R is the correlation coefficient, N is the total number of observations, mi

is the automated calculated measurement taken for a specific sample i, m̄ is the
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mean value of automated computed measurement, ni is manual computer assisted

measurement performed by the spinal surgeon for a specific sample i, n̄ is the mean

of manual measurement performed by the spinal surgeon. Its value ranges from -1

to 1 where the value (R=0) means that the measurements are not correlated.

Similarly, to measure the errors in the predicted or estimated value without con-

sidering the direction of error mean absolute error metric (MAE) is computed.

The expression given in equation 8.6:

MAE =
1

N

N∑
i=1

|xi − x̄i| (8.6)

which shows that xi is the computer assisted measurement performed by the spinal

surgeon and x̄i is the automated measurement. The average value gives the esti-

mate of error value giving individual difference equal weight.

8.3 Results

For better presentation, the respective results are categorized in the same order

according to each experiment. Details are as under:

8.3.1 Segmentation of VBs

The qualitative results are shown in Figure 8.1, followed by detailed quantitative

assessment as given in table 8.1. In the figure, the sub-captions are also mentioned

below each row showcasing the type of images. Here, a selected pictorial compari-

son of results obtained by VBSeg algorithm with the segmentation results obtained

through various deep learning networks is presented. A row represents results of

a single scheme on various samples whereas a column represents the results with

different model/methods for a specific sample. A failure case is also presented in

second column from left where it can be seen that VBSeg totally misses the VBs,

whereas the deep learning methods have shown promising results. It can also be
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seen that ResNet-UNet conveniently outperforms the results obtained by other

deep learning networks including original proposed VBSeg, despite the fact VB-

Seg is a customized thoroughly worked-out algorithm to perform VB segmentation

task.

Similarly, while analyzing the quantitative aspects in table 8.1, it is quite evident

that, the validation sequence used in VBSeg (VBSeg↑) as given in section 5.2.3

shows improvement in metrics, but is unable to reach anywhere near the results of

best segmentation metrics obtained through deep learning networks. Amongst the

deep learning networks, quite obviously, the lowest quantitative metrics are given

by MobileNets-UNet↓ with the lowest training time. The results of VBSeg↑ are

comparable to MobileNets-UNet↓ with respect to achieved IoU and DSC scores.

In table 8.1, mean pixel accuracy is represented by MPA, mean pixel precision by

MPP, intersection over union is given by IoU whereas dice similarity coefficient

score is given by DSC. Additionally, ∗ marks with the models represents the best

results within the same base-model category i.e., VGG, ResNet, MobileNets. The

overall best results are given in bold whereas the worst result in the deep learning

category are given by ↓ as marked with MobileNets-UNet. Here, it is also impor-

tant to mention that MPA and MPP values are ranging from 0 to 100 where a

value close to 100 is signifying better performance. Similarly, the values of IoU

and DSC are ranging between 0 to 1, where, a value close to 1 represents a better

performance of the model/method.

In table 8.2, a comparison of results obtained with the ResNet-UNet architecture

used in this thesis with the results of other researchers for segmentation task

is presented. The image modality (IM) and the method or technique adopted

by respective researcher is also mentioned. Ghosh et al.[205] used neighborhood

information to simultaneously segment IVD and thecal sac achieving a DSC of

0.84 making use of decision trees as represented by DT in the table 8.2, however,

VB segmentation was not performed. Most researchers achieved good results with

FCN and UNet architectures [73, 74, 76, 206]. Suzani et al. [207] achieved 96 and

94.4 percent accuracy and precision respectivel by 6 layered deep forward network.

Tang et al. [77] used dual densely connected UNet (DDUNet) to achieve IoU score
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(a) Input Images.

(b) Ground Truth Images.

(c) Result of VBSeg (Proposed Conventional Algorithm).

(d) Proffered Architecture ResNet-UNet.

(e) VGG-SegNet Architecture.

(f) MobileNets-SegNet Architecture.

Figure 8.1: Qualitative Comparison of VB Segmentation Results
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Table 8.1: Comparative Quantitative Analysis of Methods/Models used for
Semantic Segmentation. Mean Pixel Accuracy (MPA), Mean Pixel Precision

(MPP), Intersection-over-Union (IoU), Dice Similarity Coefficient (DSC)

MPA MPP IoU DSC

VBSeg (Pre-Validation) 96.34 57.46 0.49 0.67

VBSeg (Post-Validation)↑ 97.99 66.57 0.63 0.79

UNet 98.36 90.67 0.74 0.87

PSPNet 98.33 88.95 0.73 0.80

VGG-UNet 99.02 87.29 0.82 0.93

VGG-PSPNet 97.85 91.85 0.69 0.69

VGG-SegNet∗ 98.85 95.41 0.81 0.95

ResNet-UNet∗ 99.12 98.31 0.86 0.97

ResNet-PSPNet 98.08 95.66 0.72 0.76

ResNet-SegNet 98.59 98.06 0.78 0.93

MobileNets-UNet↓ 97.50 81.33 0.67 0.63

MobileNets-SegNet∗ 98.63 88.71 0.75 0.87

of 0.83. Huang et al.[200] achieved a superior IoU score for vertebra segmentation

with UNet architecture on a dataset of 100 MRI in which 50/50 split was used

for training and testing purpose. Clearly, the results obtained by the proffered

method i.e., ResNet-UNet are significantly better as compared to the results of

other researchers in accuracy, precision and DSC. In literature, the reported range

for MPA and MPP is also from 0 to 1, however, the value is scaled between 1

to 100 in order to avoid confusion. The values of IoU and DSC are within the

range from 0 to 1, where the value near to zero shows that very less overlap is

present between the ground truth and segmented image and the value near to one

represents a good overlap.
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Table 8.2: Comparison of Segmentation Results with related Researchers’
Work. Image Modality (IM), Mean Pixel Accuracy (MPA), Mean Pixel Preci-
sion (MPP), Intersection-over-Union (IoU), Dice Similarity Coefficient (DSC)

Method IM MPA MPP IoU DSC

Proffered Method ResNet-UNet MR 99.12 98.31 0.86 0.97

Ghosh et al.[205] DT MR - - - 0.84

Suzani et al. [207] 6-FFN CT 96 94.4 - -

Lu et al. [73] UNet MR 94 - 0.91 0.93

Janssens and Zheng [74] FCN-UNet CT - - - 0.95

Lessmann et al.[76] FCN MR/CT - - - 0.94/0.96

Rak et al.[206] UNet MR - - - 0.94

Huang et al.[200] UNet MR - - 0.94 -

Tang et al.[77] DDUNet CT 90.1 - 0.83 -

8.3.2 Spinal Measurements

The qualitative aspects of spinal measurements are amply covered and elaborated

in Chapter 6 as shown in figures 6.3, 6.4, 6.5 and 6.6. Here, the quantitative aspects

are explained. To quantitatively analyze the results of measurements, out of the

total 514 images, a sample of 50 images are randomly picked and are manually

measured by spinal surgeon using RadiAnt DICOM Viewer by Medixant.

The results are reported in table 8.3, where, R is the correlation coefficient while

MAE is mean absolute error, lumbar lordotic angle is referred as LLA, lumbosacral

angle as LSA, lumbar heights (corner points) is given as LHCP refer to superior-

anterior corner-point of L1 to superior-anterior point S1, lumbar heights (center

points) is given as LHC refer to center point of L1 and S1. Moreover, bold indicates

the best performance while ‘-‘ indicates that the metric was not been computed

by the researcher.

GT-SS represents comparison between measurements of ground truth images and

measurements of spinal surgeon, GT-DL shows the comparison between measure-

ments of ground truth images and measurements of automated segmented out
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Table 8.3: Spinal Measurements Quantitative Comparison, Lumbar Lordotic
Angle (LLA), Lumbosacral Angle (LSA), Lumbar Height using Corner-Points

(LHCP), Lumbar Height using Centroids (LHC)

LLA LSA LHCP LHC

R MAE R MAE R MAE R MAE
% θ◦ % θ◦ % mm % mm

GT-SS 0.979 1.45 0.951 1.55 0.997 0.82 0.996 0.89

GT-DL 0.84 2.61 0.79 2.01 0.981 1.07 0.992 0.95

SS-DL 0.81 3.63 0.83 3.16 0.978 1.2 0.991 0.92

Masad et al.[100] 0.932 - - - - - - -

Pang et al.[98] - - - - - 1.23 - -

Cho et al.[99] - 8.05 - - - - - -

image using deep learning method (ResNet-UNet) and finally, SS-DL means es-

tablishing relationship between the measurements of spinal surgeon and automated

segmented out image using deep learning model (ResNet-UNet).

It can see that the proposed scheme achieves a correlation coefficient of 0.979 with

the clinician’s grading (with the MAE of 1.45◦) for the LLA. Comparing it with

the state-of-the-art schemes, the proposed framework achieved an improvement

of 4.80 % (in terms of R). Although this comparison is indirect as the clinician’s

and their gradings in all the schemes varies. Nevertheless, it is worth noting that

the spinal measurement obtained through the proposed scheme highly correlates

(being statistically significant i.e. p < 0.05 ) with the expert clinicians as evi-

dent through R and MAE scores. Moreover, unlike its competitors, the proposed

framework is also capable to measure LSA, and lumber heights as evident from

table 8.3.

Here, it is worth mentioning that Pang et al. [98] achieved MAE of 1.23 mm once

measuring lumbar height, but their method suggested user input for specification

of L1 and L5 superior-anterior corner points, hence the method proposed by them

was not fully automated.
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8.3.3 Spinal Disorders Classification

In this subsection, the results of two-proposed spinal disorder diseases classifica-

tion methods including spondylolisthesis and classification for hyper/hypo/normal

lordosis cases are presented.

8.3.3.1 Spondylolisthesis

Based on the manual radiologist report, out of total 514 patients, 29 candidate

patients were diagnosed with presence of spondylolisthesis with variation of grade.

The proposed automated disease classification system achieved the accuracy of

89 % following the improvised angular deviation criteria, which was covered in

details in section 7.2. A few selected results are displayed as sub-images in figure

8.2, where it can be seen that the classification model correctly identifies and labels

the spinal dislocation disorder showcased by ‘Disloc at L3’ as shown in figure 8.2b.

The proposed algorithm 3 also correctly categorized the normal cases labelled as

‘No-Dislocation’ as shown in figure 8.2a,c.

(a) No Dislocation (b) Dislocation at L3 (c) No Dislocation

Figure 8.2: Results of Spondylolisthesis Classification

8.3.3.2 Lumbar Lordosis Assessment

As already emphasized in section 7.3, the proposed method is a merger of two

existing methods used to evaluate lordosis curve. The proposed method harnessed

the accuracy of computed centroids as advocated by Chen method [167], as eval-

uation with the help of corner-points is subjective to errors in measurement, and
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made use of technique of computing area in an enclosed region (Ar) in a similar

way as suggested in Yang method [168]. Through meticulous experimentation, it

is found that area of region for hypo lordosis / straight-back / flat-back cases is

smaller once compared to normal lordosis. Similarly, the area of region for hy-

per lordosis / sway-back is greater than a normal lordosis curve, the same result

were presented in the original AUC method[168]. The proposed automated spinal

disorder classification system achieved an accuracy of 93 % correctly identifying

straight-back, sway-back (disorder cases, combined) and identifying the normal

lordosis cases. Result of proposed algorithm 4 for automated lordosis assessment

is presented in figure 8.3. Here, a sub-sample of results (6-images) is displayed

where the normal lordosis are shown in sub-figure 8.3a, sway-back or hyper lor-

dosis cases in sub-figure 8.3b and flat-back or hypo lordosis cases in sub-figure

8.3c.

(a) No Dislocation (b) Dislocation at L3 (c) No Dislocation

Figure 8.3: Automated Lumbar Lordosis Assessment Result.
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8.4 Summary

� The clinicians, at present, use Meyerding classification to grade the severity

of spondylolisthesis, which is certainly subjective. The method proposed

in this research uses an improvised angular deviation metric to identify the

presence of this disorder.

� Likewise, the clinicians identify adequacy/inadequacy of lumbar lordosis

through modified Cobb angle, which is dependent on the structure of su-

perior and inferior VB end-plates. The method proposed in this thesis is

based on area calculation by creating a region through centroids instead of

corner-points.



Chapter 9

Conclusion and Future Direction

9.1 Thesis Summary and Research Contributions

The central theme of this thesis revolved around development of automated lum-

bar spine assessment toolkit. Usefulness of such an application is gauged by es-

tablishing its clinical relevance as discussed in section 3.5. Quite evidently, the

effectiveness and reliability of automated assessment framework is directly linked

with the precision of vertebral bodies segmentation which later is used for extrac-

tion of spinal measurements. For achieving this goal, selection of suitable dataset

is most important for further analyzing the problem statement. To contribute

in this particular aspect, 2D sagittal views of lumbar spine images are manually

annotated through a meticulous process involving labelling and validation on pre-

viously available dataset containing 2D intervertebral body discs labelled masks

in axial plane (section 4.4).

Extensive non-exhaustive review of related literature is carried out and the identi-

fied research gaps are further explored in order to plug the gaps. As a first measure,

a customized vertebral body segmentation algorithm (VBSeg) is proposed (section

5.2) based on conventional machine learning and image processing techniques and

methods. The main take away of the proposed algorithm is the ability to extract

the vertebral body reasonably well keeping the structural integrity intact once

97
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visually analyzed. However, on the other side, the performance metrics of the pro-

posed tailored algorithm were in a lower shade because of lack of generalization

once tested on unknown images as suggested in the reviewed literature. In an effort

to improve the segmentation task, deep learning architectures are then extensively

used with the suggested topology as reflected in the literature reviewed. The seg-

mentation results obtained using the deep learning networks clearly surpassed the

results of improvised vertebral segmentation scheme, emphasizing the utility and

efficacy of deep learning models to perform the segmentation related tasks. The

most refined and less time-consuming process of transfer learning fine-tuning has

also proved to be extremely useful once avoiding complexity of training the deep

learning models from scratch (section 5.3).

After having performed the segmentation task, clinically significant and most rel-

evant spinal balance measurements are extracted (section 6.2). These extracted

images and the earlier manually labelled ground truth images in the sagittal plane

collectively make a composite dataset enabling the researchers with quantitative

ability to make more reliable and robust solutions. Finally, effectively using the

extracted measurements, classification methodologies for spinal balance disorders

including the dislocation of vertebral body clinically termed as spondylolisthesis

(section 7.2) as well as assessment of lumbar lordosis (section 7.3) for adequate or

inadequate lumbar lordotic angle are proposed.

9.2 Conclusion

In a nutshell, an effort was made in this research thesis, to present an automated

image understanding of lumbar spine images with the perspective of spinal surgeon

who is clinically evaluating the candidate patient through physical examination.

The decision for most appropriate surgical intervention procedure is based on

certain spinal measurements which are presently done through laborious manual

measurements. Adoption of the automated measurement as proposed in this re-

search thesis will certainly save the valuable time of the spinal surgeon as well as
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provide confidence to the decision for suitability of shortlisted/selected surgical

intervention procedure. Here, a composite dataset comprising of highly detailed

annotations of mid-sagittal views of lumbar spine MR images coupled with spinal

measurements is presented. Furthermore, an autonomous framework capable of

extracting the spinal measurements on-the-fly which can aid the clinicians in ob-

jectively assessing the spinal pathology of the candidate subject. Additionally,

this thesis also introduced fully automated classification of spinal disorders such

as spondylolisthesis, sway-back/flat-back cases.

Certainly, the intended purpose of proposed autonomous lumbar spine toolkit is

not to replace the role of clinicians but to introduce a vote of confidence and

reliability to their performed manual diagnosis. With the adoption of proposed

toolkit, clinicians may enable themselves with reliable quantitative metrics thereby

adding precision to the selected/shortlisted surgical intervention procedure.

9.3 Future Direction

In future, the proposed framework can be extended to objectively measure the

misalignment within the cervical, thoracic, and pelvic region as well to give more

in-depth understanding of the human spinal balance. Like any other framework,

medical image understanding framework is excessively data hungry. The already

available data may seem insufficient due to the novelty in challenges encountered

by researchers while analysing the medical images. This may be supplemented by

using 3D volumetric scans, hence creating another dataset with whole spine MRI

images will be extremely beneficial.

Another direction which may be explored is determining of the efficacy of auto-

mated spinal toolkit in aiding the spinal surgeons to choose less invasive method

over extensive invasive methods.
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convolutional neural networks and star convex cuts for fast whole spine vertebra

segmentation in MRI,” Computer Methods and Programs in Biomedicine, vol. 177,

pp. 47–56, 2019. [Online]. Available: https://www.sciencedirect.com/science/

article/abs/pii/S0169260718307417

[207] A. Suzani, A. Seitel, Y. Liu, S. S. Fels, R. N. Rohling, and P. Abolmaesumi,

“Fast automatic vertebrae detection and localization in pathological CT scans

- A deep learning approach,” in Medical Image Computing and Computer-

Assisted Intervention - MICCAI 2015 - 18th International Conference Munich,

Germany, October 5 - 9, 2015, Proceedings, Part III, ser. Lecture Notes

in Computer Science, N. Navab, J. Hornegger, W. M. W. III, and A. F.

Frangi, Eds., vol. 9351. Springer, 2015, pp. 678–686. [Online]. Available:

https://doi.org/10.1007/978-3-319-24574-4 81

[208] S. Helgason and S. Helgason, The radon transform. Springer, 1980, vol. 2. [Online].

Available: https://link.springer.com/book/10.1007%2F978-1-4757-1463-0

[209] D. J. Williams and M. Shah, “A fast algorithm for active contours,” in

Proceedings Third International Conference on Computer Vision. IEEE Comput.

Soc. Press, 1990, pp. 592–595. [Online]. Available: https://ieeexplore.ieee.org/

abstract/document/139602

[210] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,” 2017.

[Online]. Available: https://arxiv.org/abs/1412.6980

https://ieeexplore.ieee.org/document/949797
https://ieeexplore.ieee.org/document/949797
http://link.springer.com/10.1007/978-3-319-07269-2_16
https://www.sciencedirect.com/science/article/abs/pii/S0169260718307417
https://www.sciencedirect.com/science/article/abs/pii/S0169260718307417
https://doi.org/10.1007/978-3-319-24574-4_81
https://link.springer.com/book/10.1007%2F978-1-4757-1463-0
https://ieeexplore.ieee.org/abstract/document/139602
https://ieeexplore.ieee.org/abstract/document/139602
https://arxiv.org/abs/1412.6980


Appendix A

Miscellaneous Techniques used

for Vertebral Body Segmentation

The selected methods suggested by other researchers to perform segmentation

related task are described below:

� Gabor Filter

Being orientation-sensitive filters, Gabor filters [67] are commonly advocated

for their superior performance in texture analysis. To perform experimen-

tation. initially, Gabor filter bank was defined with equidistance angular

variation of 30◦ and same wavelength. It was revealed through experimen-

tation and variation of angles that minimal structural similarity information

was extracted out from the binarized images in case of VB segmentation.

The result of Gabor filter bank with constant wavelength and different an-

gular variation is given in figure A.1.

� Radon Transform

Radon Transform [208] forms the foundation of image reconstruction in to-

mography was also tested in order to segment the region of interest in this

case the VBs. Through experimentation it was established that θ range from
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Orientation: 0◦ Orientation: 30◦ Orientation: 60◦ Orientation: 90◦

Orientation: 120◦ Orientation: 150◦ Orientation: 180◦ Orientation: 210◦

Orientation: 240◦ Orientation: 270◦ Orientation: 300◦ Orientation : 330◦

Figure A.1: Result with Gabor Filter using Gabor Filter Bank of Orientation
Mentioned as sub-caption.

[30, 45] has proved very effective in filtering out the IVDs. It involves ap-

plication of application of Radon transformation to the original mask in the

specified theta range θ, later reconstructing the image with inversion Radon

transformation in the same range of θ. Afterwards, LoG is applied and mag-

nitude of gradient of image is computed. Image is converted to grayscale to

form a mask; the resultant mask is later subtracted from the original image.

The expression to compute Radon transform is given as under:

Rθ(x
′) =

∫ ∞
−∞

f(x′ cos θ − y′ sin θ, x′ sin θ + y′ cos θ)dy′ (A.1)

where,  x′

y′

 =

 cos θ sin θ

− sin θ cos θ

 x

y
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As evident from figure A.2, Radon transform filtered the IVDs by using back-

projection, however, the end-plates of VB bones as depicted by red arrows

and boundary information of IVD shown by yellow arrows are not intact.

An improvement is to include other directions to reconstruct the image but

was not suited well due to the challenge given by variety of lumbar spine

structures in the images.

Figure A.2: Mask using Radon Transform.

� Active Contours

Active Contours Method [209] (Snakes) algorithm was also experimented

as being extensively used in the research work. The basic limitation found

was that user interaction (seed) was involved in making a region of interest

(ROI) to perform clustering based on Snakes Algorithm. This method sug-

gested intervention by user therefore was not found suitable to develop fully

automated segmentation tool without the user-intervention.



Appendix B

Implementing Deep Learning

with MATLAB

An effort to check the suitability of deep learning toolbox in MATLAB to per-

form the semantic segmentation is also carried out. The results obtained through

Python are far superior in both qualitative and quantitative aspects as given in

Chapter 8 section 8.3.1.

While implementing semantic segmentation, same sequence of transfer learning

protocol is followed. The sequence of steps performed are as under:

� Initially two-datastores are defined namely, the image datastore containing

the input images and labels datastore comprising of ground truth labels.

� The images are then distributed into training images and test images with

70 % and 30 % of the entire dataset respectively.

� Class labels are balanced since, the ROI is limited to 6 VBs with major

portion of the target image is composed of background.

� A pre-trained model like VGG16, VGG19, UNet is imported and target

segmentation network i.e., SegNet model is defined.
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� The last classification layer of the source model is clipped and newly de-

fined layer containing the 7 class labels including the background pixels is

appended with the target SegNet model.

� The training hyperparameters are then defined including the default learning

rate, choice of optimizer like stochastic gradient descent with momentum,

RMSprop and Adam[210], cross entropy loss function, regularization param-

eters.

� In the last step, training is performed followed by evaluation.

The training is performed with all three optimizers available i.e., stochastic gradi-

ent descent with momentum (SGDM), root mean square propagation (RMSProp)

and adaptive moment estimation (Adam) optimizers in deep learning toolbox.
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