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ARTICLE INFO ABSTRACT
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Assessment of medical images and diagnostic decision making of lumbar associated diseases by clinicians is
invariably subjective, time consuming and challenging task. Presently, clinicians make use of either manual or
semi-automated computer-aided tools to make relevant measurements for adding vote of confidence to their
grading and evaluation. Lacking reliability and offering substantive dissimilarity once performed by different
clinicians, these methods complicate the evaluation process. In an effort to support the decision making process
of clinicians, in this paper we present a lumbar assessment framework with autonomous extraction of spinal
measurements. Furthermore, an effort is made to address the challenges faced by clinicians while assessing
disorders including spondylolisthesis and assessment of lumbar lordosis (LL) by proposing novel disease classi-
fication methodologies. For spondylolisthesis classification, we achieved an accuracy of 89% by using angular
deviation metric whereas, 93% accuracy for determining adequacy/inadequacy in LL assessment through
computation of area within enclosed lumbar curve region. Our framework involves semantic segmentation of
vertebral bodies (VBs) using ResNet-UNet where we achieved DSC of 0.97 and IoU of 0.86. Subsequently, we
achieved a statistically significant correlation coefficient R and encouraging mean absolute error (MAE) with
clinicians’ grading for measurements involving lumbar lordotic angle (LLA), lumbosacral angle (LSA), VB di-
mensions and lumbar height. In addition to this, we have publicly released the dataset with all the clinicians
markings at https://data.mendeley.com/datasets/k3b363f3vz/2.

1. Introduction

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 [22,102,93].
Lumbar spine or lower-back is the area which once effected gives rise to
lower-back pain clinically termed as lumbago. In most of the cases,
lumbago is associated to muscular or ligaments strain which is mostly
caused by improper weightlifting and sitting in improper posture for a
longer duration [16]. In other cases, lumbago can also be caused by
nerve compression, which as a result radiates pain in either or both of
the legs, commonly referred as sciatica [108]. Nerve compression can
also be caused by fracture of the vertebral body (VB) or vertebral arch
(VA) bone thereby reducing the space between the vertebral bodies,
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causing the intervertebral discs (IVD) to slip or herniate [100]. As a
consequence, the protruding or slipped discs exert pressure on the
existing nerves causing tingling pain in legs and lower body paralysis in
case of nerve damages [115]. The patient undergoes a suitable surgical
intervention procedure, including, but not limited to, decompression, in
order to relief the nerves of pressure, thereby enhancing the quality of
life (QoL) [44].

Diagnosing lower back pain is itself a challenging and laborious task
where the imaging including X-ray and MRI scan of patient provides the
referring clinician with precise information regarding the spinal ailment
and enabling the clinician in establishing correlation between the im-
ages and the pain symptoms[16,91]. At present, the spinal surgeons and
radiologist community are dependent on completely manual or semi-
automated methods i.e., computer assisted software-based image
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understanding methods for diagnosis purposes, which are certainly
laborious and time-consuming methods. The analysis report generated
by radiologists is focused on identification and presence of spinal disease
whereas the spinal surgeon clinically evaluates the patients with refer-
ence to the exhibited symptoms. Equally important is the assessment of
spinal alignment, spinal deformation and spinal balance as it has been
clinically established that lumbar load bearing and impact of stress
sharing are remarkably affected in altered LL i.e., the inward angle of
lumbar spine [41].

Researchers, over a period of time have developed association with
altered spinal alignment with lumbago [12,26], and have emphasized
on its restoration for adequate spinal balance [15,45,59]. Identification
of these measurements is an extremely important pre-operative pro-
cedure to restore the normal lordosis enabling posture correction and
spinal balance restoration. The relevant spinal measurements enable the
spinal surgeon in making an estimation of effective posture correction
post-operative procedure.

In order to make this research work clinically relevant, the desired
outcome was to offer an autonomous spinal assessment toolkit to clini-
cians enabling them in mass screening the images and adding vote of
confidence to their traditional assessment methodology. In pursuit of the
outcome, following are the key objectives:

e Introduction of an annotated lumbar spine MRI dataset in sagittal
plane with relevant spinal measurements, thereby, giving the
research community a composite dataset for both qualitative and
quantitative ability to assess the lumbar spine. Presently, to best of
our knowledge, composite dataset encompassing annotated images
and spinal measurements is not shared for research collaboration.
Offering an accurate, consistent and robust solution for performing
semantic segmentation task. In this aspect, we have crafted a
customized conventional algorithm for performing segmentation
task and compared its performance with deep learning models.

e Acquisition of automated spinal measurements, where we have
covered both distance based and angular measurements.
Identification of presence of spinal disorders including spondylolis-
thesis and lumbar lordosis i.e., curvature of lumbar spine. Here, we
have presented novel methods to assess the spinal disorders.

The paper is organized into 9 sections where Section 2 covers the
clinicians perspective of assessment of lumbar spine. Section 3 sequen-
tially unfolds the related work encompassing datasets3.1, segmentation
methods3.2 and spinal measurements3.3 as discussed in Section 2. After
reviewing the related work research gap is identified in Section 4 fol-
lowed by the major contributions in this paper. Section 5 covers the
details of development of dataset which is used in this research. The
autonomous VB extraction and spinal measurement framework as
graphically showcased in Fig. 7 is explained in details in the subsequent
sections. Section 6 is about the traditional machine learning based
segmentation algorithm and segmentation performed using deep
learning methods. In Section 7, we describe the details about the auto-
mated spinal measurements, whereas, Section 8, covers our proposed
methodologies to classify spinal disorders including spondylolisthesis
and assessment of LL. Section 9 presents the evaluation results (category
wise), where we evaluate results of semantic segmentation as well as
perform cross-verification of our proposed automated toolkit for
acquisition of spinal measurements with the clinician’s markings.
Finally, we conclude our work and findings and shed light on future
directions.

2. Clinical evaluation of lumbar spine disorders

As already well established by the clinicians that MRI images offer
superior image quality once compared to X-ray images [4,5,71]. Here,
we present summarized overview of clinicians including radiologists’
and spinal surgeons evaluation of the lumbar spine.
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2.1. Radiologists” viewpoint

e The role of imaging is to localise and quantify the disease process and
its effects on normal anatomy. This helps the spinal surgeons in
planning appropriate intervention [21].

e While making analysis of the lumbar spine the presence of degen-

erative intervertebral disc diseases and related VB deformations are

noted [28,94].

Lumbar spine is graded as the most susceptible region to degenera-

tive changes of the spine owing to impact of body weight [93,36,62]

particularly involving the intervertebral discs levels L3-L4, L4-L5 and

L5-S1 [58].

The spinal curvature is analysed in mid sagittal plane. Normally the

lumbar spine has an anterior curvature ranging from 20-80 degrees

[83] owing to the viscoelastic properties of the functional spine unit.

In case this lordotic curve exceeds and the lordotic angle becomes

large the term is called Sway Back’ or hyper-lordosis. The converse

is called ’Flat Back’ or hypo-lordosis [31]. This malalignment has
been implicated in causing backache due to abnormal weight on the
lumbar spine and consequent degradation of the viscoelastic prop-

erties of the support structures of the spine [77,72,69].

2.2. Spinal surgeons’ viewpoint

e A spinal surgeon clinically examines the candidate subject and cor-
relates the clinical findings with the imaging and the radiologist
report [84].

Then based on the severity of abnormal spine pathology, further
physical examination of the subject is conducted [127].
Afterwards, if required, detailed evaluation of spinal alignment and
spinal balance is performed through manual spinal analysis from X-
ray and MRI scans including lordotic angle (LLA), lumbosacral angle
(LSA), pelvic incidence angle (PIA), lumbar spine height (LSH), IVDs
size both at posterior and anterior sides[57].

Depending on the severity of spinal disease/disorder, pain threshold
and inclination of the candidate subject, a suitable decision modality
is adopted for specific surgical intervention procedure[45,57].

In other cases, where surgical intervention is avoided certain con-
servative treatments with specific physical exercises may also be
recommended [97,91].

The surgical intervention procedures related to lumbar spine can be
grouped into two major categories, namely fusion and decompres-
sion [29,34,90]. The fusion procedure, in which VBs are fused or
joined together to limit movement between them, is graded more
invasive and surgically intensive as compared to decompression
procedure [39,66,99]. In decompression, the part of IVD or bone
compressing the exiting nerve roots is removed, thereby relieving the
pressure [79,94].

In subSections 2.2.1 and 2.2.2 brief overview of spinal disorders
including spondylolisthesis and assessment of lumbar lordosis from
clinicians’ perspective are presented which would enable to reader to
develop better understanding while reading Section 8. Additionally, in
subSection 2.2.3, clinically relevant spinal measurements are over-
viewed for subsequent proposal of method for automated extraction of
these measurements as covered in Section 7.

2.2.1. Assessment of spondylolisthesis

Spondylolisthesis is a common term for the misalignment of a VB
posteriorly or anteriorly due to bone stress fracture clinically termed as
spondylolysis[105]. While performing grading of spondylolisthesis, the
clinicians follow Meyerding classification [80] from grade I to grade V at
an equal interval of 25 % as graphically depicted in Fig. 1. The limitation
of Meyerding classification is qualitative assessment of spondylolisthesis
which is prone to variation based on the experience level of clinician[7].
Furthermore, this method is dependent on the structure of the VB end-



R.F. Masood et al.

Fig. 1. Assessment of Spondylolisthesis using Meyerding Classification.

plates which once compromised due to osteophyte formation will
drastically cause variation in the assessment [32,7]. In an effort to
overcome this limitation, we have proposed an automated method for
assessment of spondylolisthesis which is covered in Section 8.1.

2.2.2. Lumbar lordosis (LL) assessment

Before surgical intervention, the surgeon manually performs certain
measurements for developing better understanding of shape and struc-
ture of vertebral column in order to select the most suitable procedure.
The typical methods include use of computer assisted software, physi-
cally measuring dimensions on patient by using flexible rulers [87],
inclinometers [70] or spinal mouse [103]. Despite being most significant
spine parameter [113], the assessment of spinal curvature is lacking
quantitative evaluation as the readings are prone to variation due to
observers’ manual or semi-automated handling [124]. Typically, a
standing X-ray radiograph is performed for evaluation of lordotic curve
followed by manual angular measurements which includes Cobb angle
[56] i.e., Modified Cobb Method [125], which has become a standard for
evaluating lordotic curve [42] in the sagittal plane [123]. As shown in
Fig. 2, 6 is the angle of intersection between the perpendicular lines
drawn from superior end-plate of L1 and superior end-plate of S1.

The basic limitation of using Cobb method, as reported in a research
[92], is the reliance on end-plate structure to measure the angle. It is also
seen that owing to osteophyte formation, the end-plate structure is
compromised and resultantly the Cobb method is prone to variation
during inter-observer assessment [35]. In order to overcome this

Fig. 2. Modified Cobb Angle # Measurement Method.
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limitation, various other techniques were introduced by medical prac-
titioners. The spinal surgeon may adopt other measurement methods to
make numerical analysis. A summary of some of the techniques is pre-
sented in below:

Ishihara Index

A straight line is formed joining posterior-inferior corner of L1 and
L5 VBs, while remaining in between VBs inferior corner points are
connected perpendicularly. The ratio of sum of lengths of perpen-
dicular lines to the spinal length (L1-L5) is the measure of Ishihara
index [53]. The same is represented by I = d;/L where, L is the
lumbar length as depicted by magenta dotted line in Fig. 3 (a)
whereas,  d; is the sum of red line segments.

Voutsinas and MacEwen (VM) Method

The researchers used anterior corner-points and selected
maximum orthogonal distance from corner-points to the straight
vertebral line as opposed to posterior corner points and sum of
perpendicular distances. The same is reflected in the expression I =
d/L, where, d is maximum perpendicular distance shown in red in
Fig. 3 (b) to the lumbar height shown in magenta [122].
Tangential Radiologic Assessment of Lumbar Lordosis (TRALL)

Angle of intersection # as shown in Fig. 3 (c) between the lines
formed by joining L1 and L5 VBs to maximum posterior distanced
corner-point from the magenta spinal line is the TRALL metric [113].
Harrison Posterior Tangent Method (HPTM)

The angle of intersection 0 between the tangent lines made by
connecting posterior-inferior and posterior-superior corner-points of
two superior VBs and posterior-inferior and posterior-superior
corner-points of two inferior VBs as depicted in the Fig. 3 (d),
[40,42,41].

Centroid Method

The method uses centroids [23] instead of corner-points for

computation of angle of intersection § as shown in Fig. 3 (e).
Area Under the Curve (AUC) MethodYang 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 [126]. The same is showcased
in Fig. 3 (f).

The alternate assessment methods including Chen and Yang methods
2.2.2, involve multiple measurements, where the Chen [23] centroid
method shown in Fig. 3 (e) was found to be most calculation intensive
hence more reliable [123,104] and Yang method [126] was imple-
mented through software-assistance as shown in Fig. 3 (f). The reliability

(a) Ishihara Index
/ \',! [] \\'!

(c) TRALL Method

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

Fig. 3. Methods used for Assessment of Lumbar Lordotic Curve.
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(a) IVB Distance(s) (b) VB Dimension(s)

Fig. 4. IVB Distances and VB Sidewalls Dimensions.

and reproducibility of these alternate methods was found to be superior
than commonly used modified Cobb method [86,41]. In this paper, we
augment Chen and Yang methods as presented in 9.3.2 and correlate the
accuracy of our method with clinicians’ measurements using Cobb
method.

2.2.3. Vertebral body dimensions and related measurements

Additionally, some other important measurements related to VBs
dimensions including the VB side walls, VB endplates and IVB distances
at both anterior and posterior sides are also performed. Angular mea-
surements 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[124]. The space between adjacent VBs is shown in
Fig. 4 (a), whereas the sidewall dimensions is shown in Fig. 4 (b). Any
abnormality in this general trend is also noted thereby making an
indication for spinal misalignment or imbalance.

Thus, in contrast with radiologists’ opinion, a spinal surgeon relies
on detailed in-depth measurements, as covered in sub-Section 2.2.3, in
order to ascertain presence or absence of surgical site and severity of
spinal disorder for selection of the most appropriate surgical procedure
or recommendation of conservative treatment. Maximum reliance is on
these quantitative measurements before making suitable decision for
spinal intervention, enabling the surgeon to establish a correlation in
order to determine the efficacy of the surgical procedure in posture
correction and restoration of spinal balance.

3. Related work

Many researchers have worked on measuring lumbar spine disorders
using MRI scans. Here, many of the existing approaches utilize publicly
available datasets [112], while some of them have also been extensively
tested on locally acquired clinical data [75]. In addition to this, many of
the existing literature highlighted the significance of MRI scans for
objectively measuring spinal misalignments [123]. Also, many clini-
cians have presented studies in which they highlighted the significance
of mid-sagittal MRI scans for objectively measuring the degree of
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misalignments as per the clinical standards[43]. In order to best present
the literature, we have categorized them into three sub-section where, at
first, we present the literature showcasing some of the public datasets
(3.1) which have been recently introduced to evaluate the performance
of the semi-automated, and fully automated frameworks. In the second,
sub-section we present the methods and techniques used to perform
segmentation (3.2) tasks including both traditional (3.2.1) methods and
deep learning methods (3.2.2). Lastly, we present some of the frame-
works which have been proposed for measuring spinal disorders(3.3).

3.1. Publicly available lumbar spine datasets

Over the past decade, many researchers have publicly released high-
resolution and well-annotated datasets for accessing lumbar spine dis-
orders. Here, the contributions of H. Bennani et al. are appreciable who
made use of 3D modelling through the use of Agisoft Photoscan soft-
ware, which is currently upgraded to Agisoft Metashape [2], to acquire
complete 360° representations of lumbar spine [14]. Another free
resource available online for providing public access is provided by
Imperial College, London which comprised of computed tomography
(CT) Scan images of 125 patients [37]. Multiple resources of labelled
lumbar spine database are available on SpineWeb [112], however, the
datasets are mostly composed of CT images and the ones with MR im-
ages are limited to less than 100 scans. In another work, Burian et al.
have also released the ground truth images, in sagittal views, within
their dataset highlighting the VBs from L1 and L5 while excluding the
sacrum bone. Their dataset comprises of 54 images of healthy Caucasian
subjects including water, fat and proton density fat fraction (PDFF)
images and relevant masks, however, no information regarding the
ailment related to spinal disorder was given in the dataset [18]. In a
recent work, Loffler et al. [65] provides vertebral segmentation masks
for spine images with annotations comprising of fractures or spinal ab-
normalities. The dataset composed of CT scans of 141 patients is publicly
available online [88]. The MRI database that we have used is publicly
available at Mendeley Website [114], providing ample variability with
total of 515 scans of subjects with symptomatic back pains. On the same
dataset, Natalia et al. [85] have manually labelled the axial views of last
three-disc levels. Later on, with the supervision from the ground truth
labels, Al-Kafri et al. [3] performed detection of spinal stenosis
commonly termed as narrowing of nerve canal, using deep learning
based on U-Net [98] architecture.

3.2. Segmentation methods

In this sub-section, the previous work done to perform medical image
segmentation is highlighted in two sub-parts. In the first sub-part 3.2.1,
techniques based on conventional methods is presented, while in the
second sub-part 3.2.1 methods involving use of deep learning to perform
segmentation tasks is covered.

3.2.1. Conventional methods for medical image segmentation

Many researchers have implemented a plethora of techniques and
methods to perform segmentation over a period of time. In this paper,
we have reviewed some of the methods, including use of Active Shape
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Model (ASM) [110], universal shape model [6], normalized cuts [20],
template matching using Generalized Hough Transform (GHT) [51,78],
application of Gabor filter bank [134] and random forests [38]. The use
of k-mean clustering was also advocated by the researchers to perform
the clustering based segmentation task [11,60,78].

3.2.2. Medical image segmentation by deep learning methods

Here, we present the related segmentation work performed using
deep learning architectures. Suzani et al. [116] achieved 96 and 94.4
percent accuracy and precision respectively by 6 layered deep forward
network. Lu et al. [68] performed the segmentation task on sagittal MR
images by making use of U-Net architecture, that is a deep neural
network architecture, achieving an accuracy of 94 % and dice similarity
coefficient (DSC) score of 0.93 with standard deviation of 0.02. In
another work, the researchers have performed the segmentation task on
15 CT scans using Fully Connected Network (FCN) and obtained DSC
0.9577 + 0.81, Jaccard Co-efficient (JC) 0.9190 + 1.48 and average
symmetric surface distance (ASSD) of 0.37 &+ 0.06 mm [54]. Lessmann
et al. [61] made use of CNN for vertebrae segmentation and achieved an
accuracy of 97 % and DSC of 94.9 %. Rak et al. [96] achieved a DSC
score of 0.938 using UNet on whole spine MR images. Huang et al. [52]
achieved a superior IoU score for vertebra segmentation with UNet ar-
chitecture on a dataset of 100 MRI in which 50/50 split was used for
training and testing purpose. Tang et al. [118] used Dual Densely Con-
nected U-Net (DDUNet) 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. In an
another work [48], RAGNet [47], 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 exhibited that RAGNet shows most promising
results as compared to other models like U-Net [98], SegNet [9] and
PSPNet [132]. Harvesting the potential of the pre-trained networks to
perform segmentation tasks, in this paper we trained various models
through fine-tuning mode of transfer learning, details of which are
covered in Section 6.2.

3.3. Spinal measurements

In this section, we shed light on some of the recently introduced
semi-automated and fully automated frameworks for the screening of
spinal disorders. We also want to highlight here that, due to the scope of
the proposed study, we are primarily not focusing on the manual
methods which are used by the spinal surgeons for screening the spinal
disorders, mainly due to the fact that these manual methods involve
physical examination of the subject.

3.3.1. Semi-automatic methods

The use of Digital Imaging and Communication in Medicine (DICOM)
[27] viewers with built-in measurement tools have been extensively
used by the researchers and clinicians over the past and are still in use of
both spinal surgeons and radiologists while carrying out spinal mea-
surements. Furthermore, the spinal curvature measurements through
these computer-aided software mostly rely on manual vertebral mark-
ings [33,95,33,101,121]. In another work, Babai et al. [8] made use of
AutoCAD software to measure the LL angle using 30 standing X-ray
images. The work of Maclntyre et al. [71] compared the spine curve
estimation by making use of IONMed Mobile phone application with the
measurements made by digital inclinometers. Zhang et al. [129]
measured Cobb angle for scoliosis cases using 105 radiograph images in
coronal plane and found 0.98 correlation between the manual i.e., cli-
nicians markings and computer aided measurement with the mean ab-
solute error of < 3°.

All the above narrated examples fall in the category of computer
assisted measurements where a software helps to establish a relationship
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between the geometrical structure which involves manual identification
and selection of landmarks for measurements.

3.3.2. Fully automated methods

More recently, researchers have developed machine learning and
deep learning screening frameworks thereby supporting the clinicians’
manual diagnosis. Here, Pang et al. [89] achieved the mean absolute
error (MAE) of 1.23 mm while computing spinal distances including VB
dimensions from L1 superior-left corner to L5 inferior-left corner within
225 scans. Their method, however, involves manual user input for
identification of superior-left corner of L1 VB and inferior-left corner of
L5 VB for providing reference to ROI cropping. Similarly, Masad et al.
[73] have also measured LL in 32 T2-MR sagittal images and established
a correlation of 0.932 with manual Cobb Angle measurement. Moreover,
Cho et al. [24] presented the use of U-Net architecture and performed
segmentation of lumbar spine on 151 X-ray scans. Subsequently, they
computed the lordotic angle where they achieved the MAE of 8.055°.

4. Gap analysis and contributions

After going through the literature, we found that, to the best of our
knowledge, there is currently no publicly available lumbar spine dataset
which provides an extensive set of clinically significant spinal mea-
surements, which is extremely useful for developing the robust frame-
works for the autonomous screening and grading of lumbar spine
disorders. These spinal measurements are clinically significant [34], as
they can aid the spinal surgeons in understanding the underlying spinal
pathology (of the candidate subject) before beginning the surgical pro-
cedure [39]. Therefore, the automated spinal measurement toolkit being
presented in this study will not only reduce the clinician’s time by mass
screening normal cases, but it can also facilitate their recommendation
by providing clinically significant quantitative measures. Thus, the main
contribution of this paper are four-folds, as described below:

1. To the best of our knowledge, this paper presents first publicly
released composite dataset' from expert radiologists and spinal
surgeons on publicly available lumbar spine MRI scan dataset pro-
vided by Sudirman et al. [114]. The existing MRI dataset is suitable
for IVDs analysis as the annotations are done in axial plane. Our
labelled image dataset in sagittal plane comprises of images, ground
truth labels and relevant spinal measurements offering the re-
searchers with a quantitative ability while observing the spinal
misalignments.

2. We also provide evidence advocating the superiority of deep learning
architecture over conventional/traditional machine learning

methods for image segmentation.

3. Furthermore, we present a fully automated approach towards
accessing clinically significant spinal measurements within the
lumbar spine area, which can aid the clinicians in quantitatively

L Yes
Manl{al Validation I:abel Pseufic
Labelling Assignment Coloring
Correctionsf{(if any) . ..-
12 L5

No|

Extraction

Fig. 5. Process Flowchart (Image Extraction, Labelling and Validation).

! The composite dataset with relevant spinal measurements is publicly
released for the research community at https://data.mendeley.com/datasets/
k3b363f3vz/2.
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Fig. 6. Result of Image Annotation.
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observing the spinal misalignments. The detailed investigation of
radiologists’ analysis of MR scan vis-a-vis a spinal surgeons’ prefer-
ence enabled us to establish clinical relevance towards building an
automated spinal measurements scheme.

4. Lastly, we present an automated spinal deformation classification
methodologies for spondylolisthesis, hyper/hypo/normal LL
assessment.

5. Development of ground truth images for mid-sagittal views
lumbar spine MRI scans

In this section, the details about the annotations marking principles
(and protocols) are covered. To mark the mid-sagittal view lumbar spine
MRI scans [114] at pixel-level for vertebral column extraction, we have
used MATLAB R2020a Image Labeler Application [74]. Moreover, we
used the RadiAnt DICOM Viewer by Medixant [76] to visualize 2D slices
(within the 3D volumetric MRI data). Here, we also want to mention that
out of 515 MR images, we annotated 514 scans and dropped only one
scan because it was found unsuitable for the evaluation purposes in
sagittal view. The amount of time consumed in label assignment is
around 12 to 15 min (on average), whereas another 5 to 7 min were
consumed on validation and necessary correction. In total, there are
three steps which were involved in the ground truth labeling as shown in
Fig. 5. Moreover, the resultant ground truth images are presented in
Fig. 6.

5.1. Image extraction

As mentioned above, the DICOM images are read using the RadiAnt
DICOM Viewer by Medixant. The mid-sagittal slices are highlighted by
the expert radiologist in order to create the ground truth image. The
identified slices are exported and are stored in a separate folder. Since,
the bone presents the same contrast in both T1 and T2 images [64],
therefore, through empirical evaluation, we found the selection of either
T1 or T2 images, suitable for spinal measurements. While extracting the
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(b) Binarization

(a) Input Image (c) Image Opening

(e) Pre-Validation (f) Post-Validation

(d) Edge Preservation

Fig. 8. Selected Images Results of VBSeg Algorithm.

image slices, relevant pixel spacing information is also stored to be used
in subsequent part while performing conversion in measurements from
number of pixels to millimeters.

5.2. Image annotation

The extracted images are then loaded in image labeler application.
Here, our objective is to facilitate the semantic segmentation of VBs.
Therefore, we marked (pixel-wise) the six labels, namely, L1, L2, L3, L4,
L5, S as shown in Fig. 5. Moreover, the region around the vertebral body

is plotted using smart polygon/ polygon tool (whichever gave the most
fill). Afterward, fine-tuning is performed using the brush tool to fill the
desired regions which were missed by polygon/smart-polygon tool.

5.3. 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 results of annotation is displayed
as Fig. 6, where a sample of result is showcased.

6. VB segmentation

In this section, a performance comparison is made between tradi-
tional machine learning methods and deep learning networks for se-
mantic segmentation. In the first sub-Section 6.1, we present our
customized algorithm (we call it VBSeg) being completely autonomous,
without involving user intervention. Later, in the second sub-Section
6.2, deep learning methods used to perform the segmentation task are
presented.

6.1. Traditional method

In our tailored custom algorithm (VBSeg), the first stage comprises of
pre-processing stage in which input image (I) as shown in Fig. 8 (a) is
adjusted for contrast (I.) [135] and histogram equalization (I) [107] is
performed. Later, the details are sharpened (I;) using unsharp masking.
Binary image (I) is acquired through applying adaptive binarization
[17]. The final binary mask is obtained by performing image hole filling
(I’;) to fill the disjoint areas within a region and area opening (Ifb’a) to
remove the small objects not commensurate (Area< 7) to the VBs. The
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Fig. 9. Training Accuracy and Loss Curves.

value of 7 is computed through empirical evaluation.

The main framework of VBSeg comprises of image opening (F,*°)
[111] morphological operation for resolving the image region merger as
shown by red-arrow in Fig. 8 (b). The major drawback observed is
reduction in size of VB, however the region merger problem is addressed
as shown in Fig. 8 (c). In order to preserve the edges, preservation

attempt is made through application of anisotropic filtering (I’;‘”""S) [19].
In the last step of main framework, shape-based filtering is performed to
extract the lumbar spine VBs. Here, it is important to mention that VBs
present signature shape and size with respect to other regions in lumbar
spine. In order to segment the VBs, ratio of major-and minor-axis
MA/mA, region extent and area are computed and a threshold (p) is
devised through empirical evaluation. The VBs not meeting the
threshold are rejected and the lumbar spine VBs are obtained (1%) as
shown in Fig. 8 (d).

In the final validation stage, the number of VBs (nVB) along the
spinal curve region are checked. If the number of detected VBs are 6 + 1,
the result is accepted otherwise the region/shape-based filtering is
performed again by varying the threshold (p) as shown in Algorithm 1.
The images after post-validation stage are shown by Fig. 8 (e).

6.2. Deep Learning Method

As already covered in the literature review section, many researchers
have strongly advocated the use of deep learning methods to perform
segmentation tasks. We performed VBs segmentation using conventional
deep learning encoder-decoder, scene parsing and mobile networks.
Here, we compared multiple popular models such as UNet [98], ResNet
[49], SegNet [9], PSPNet [132] and MobileNets [50]. A concise
description of the models is given as follows:

e UNet. Originally inspired by Fully Connected Network (FCN) [67],
UNet has a contraction path and an expansion path. The contraction
path, of traditional convolutional neural network (CNN) and max
pooling layers, preserves contextual information while the expansion
path localizes information through transpose CNN. Like in ResNet,
UNet also concatenates features by providing skip connections from
contraction to expansion path. It has a built-in data augmentation
scheme hence very well suited for limited data cases [98].

e ResNet. Residual Networks or ResNet solved the issue of vanishing
gradient descent by introducing skip connections, thereby increasing
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Fig. 10. VB Identification and Labelling.

flexibility and offering better preservation of contextual information
[49].

e 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 parame-

ters [9].

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 [132].

e MobileNets. MobileNets is based on depth-wise separable convolu-
tion hence, offering reduction 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 [50].

The use of deep learning based architectures is widespread and are
extensively found in medical image segmentation related research work
[46,63,106,109,130]. We have made use of various encoder-decoder
configurations by combining networks including ResNet-PSPNet
[119], MobileNets-UNet [55], VGG-UNet [10], ResNet-UNet [133],
ResNet-SegNet [106] and others as suggested by the researchers. All the
models are trained and tested on Intel ® Xeon ® Silver 4110 CPU with
64 GB RAM and NVIDIA Quadro P4000 GPU, using Tensorflow[1] Keras
API [25], Python 3.7.9 [120]. We have used Adadelta [128] optimizer
with cross-entropy loss function, batch size of 2 and total 50 epochs for
training; using fine-tuning. The selection is crystallized after detailed
empirical evaluation. Summarized overview is presented viz:-

In total 360 images are used to perform training session whereas 154
images (514 total images) are used for testing purpose using the ratio
of 70:30.

Fine-tuning method for transfer learning is adopted where the layers
weights are fine-tuned whereas the final classification layer is trained
from scratch. The obvious advantage of this method is quicker
training as opposed to training the entire model from scratch and
additionally offering better generalization as compared to transfer
learning where only the last layer is updated.

Adadelta optimizer is selected because it reduces the burden of se-
lection of default learning rate 7.

Cross-entropy loss function is used as default loss function.

The batch-size of 2 is selected experiencing better accuracy and
requiring less computational resources as opposed to batch sizes of 4
and more.

We have found that training time is the least for MobileNets-SegNet i.e.,
an average of 42.2 s per epoch, whereas the most for VGG-UNet i.e., an
average of 465 s per epoch. The best training performance for VB
extraction is achieved by ResNet-UNet as depicted in Fig. 9, where the
loss value is consistent as compared to other models.

7. Automated Extraction of Spinal Measurements

To evaluate the spinal misalignment disorders (Sections 2.2.1, 2.2.2),
we present a fully automated scheme that quantitatively calculates the
lumbar spine deformity, which serves as a handy aid for spinal surgeons
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to make certain decisions regarding the adoption of suitable surgical
procedure. Here, we perform automated measurements two times
involving the same steps as shown in the measurement acquisition
scheme presented as Algorithm 2. In the first measurement process,
ground truth labels which we manually created as described in Section 5
are used in order to complement the images with quantitative attributes,
forming part of composite dataset. While in the second measurement
sequence, the automated segmented images with best quantitative re-
sults, in our case ResNet-UNet, are used to perform spinal measurements
to establish correlation with the measurements obtained on the ground
truth labels.

Algorithm 2: Spinal Measurements Extraction Scheme

1 Input: Extracted Image (Iyp)
2 Output(s):
LH.,,LH ., 1VB, 1 VBf , VBf ,VB{,LLA,LS A
for Y VBs do
cen; < ComputeCenter(/yp)
cpf”:}"’ « CornerPoint(cen;)[d = Ty, Ty, Bg, B ]
CPid — CorrectionCP(cpf"l’i“’)[Edge, NN]
end
LH., < LumbarHeight(cp;r,) < [L17,,S 17, ]
LH,., < LumbarHeight(cen;) < [L1,S 1]
10 VB! « Distance(cp;,.r,) < [L;‘BL - L% ]

E= - R - TV I

i+lTL
P : P P
11 [VB; « Distance(cp; g, 1) < [L’,BR - Li+er]
12 VB} « Distance(cp;r, 5,) < [Lf —L{ ]
TL.ByL - is,

13 VB! « Distance(cp; r,.5;) < [Lf’TR - LZ; RJ

14 LLA « ComputeAngle(cen;, cpiq) < [L17, 1, S 17,71
15 LS A « ComputeAngle(cen;, cpiq) < [L5p, By S 11, 14]

7.1. Identification and Labelling of VB

As a first step, we perform region segmentation in order to isolate the
individual VB and extract respective centroid. A subsample of result
comprising of 4-images is showcased in Fig. 10. Labels are assigned from
L1-L5 for lumbar VBs and S1 to the first sacrum VB and * represents the
centroids.

7.2. Computation of Corner Points
After identifying the individual VB, respective corner-points are

computed. Due to the variation in orientation and end-plate de-
formations (osteophytes), the computation of corner-points is done in a

&

(b) Measured between L1-S1 Centroids.

D

Fig. 11. Calculation of Lumbar Height in mm.
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Fig. 12. Calculation of Intervertebral body (IVB) distances and VB Dimensions
in mm.

(b) Lumbosacral Angle (LSA).

Fig. 13. Spinal Angular Measurements measured in Degrees (o).

sequential manner. Initially, raw corner-points are assigned based on the
corners of smallest possible bounding-box drawn around the individual
VB, followed by correction sequence involving, image skeletonization
and nearest-neighbor calculation. The distance is computed for each
corner-point, say superior-left, superior-right, inferior-right, inferior-
left, from the non-zero list of coordinates from skeletonized image. The
lowest distance pixel-coordinate is assigned to the respective corner-
point. The expression is given as follows:

dei =[P} =P} ¢

where, p, represents the raw corner-points assigned by the corners of
bounding box and the sub-script 7 depicts the four-corner points namely
superior-left, superior-right, inferior-right, inferior-left, p; shows all the
non-zero pixels of a particular VB, d,; shows the distance matrix for all
four corner points. Finally, the minimum distance pixel index as given in
Eq. 2 is stored and the coordinate corresponding to the index (idx) is
assigned to the respective corner-point p;.

idx = min(d;;), prply, @

Fig. 14. Estimation of Spinal Curve.
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7.3. Distance Related Measurements

After calculation of 4 corner points, lumbar height is computed based
on the Euclidean 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
Fig. 11 (a). 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 Fig. 11 (b).

Intervertebral body distances (IVB) i.e., distance between consecutive
VB at anterior and posterior sides is also measured. While computing the
distances at anterior side of the spine, the distance between anterior-
inferior corner point and anterior—superior corner point of consecutive
VB is measured. Similar measurement is performed for posterior sides as
shown in Fig. 12 (a). Here, the measurements 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 Fig. 11 (b). A failure
case (2" sub-image from right) is also showcased in Fig. 11 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 Eq. 3 for Euclidean distance given below

d:\/(xfxl)zﬂyryl)z 3
In both cases, the lumbar height(s), IVB distances and VB dimensions are
measured in millimeters mm.

7.4. Angular Measurements

After computing the distance related measurements, angular mea-
surements 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 Fig. 13 (a). The expres-
sion is given as

JLIS1_ st
st _ Y2 T
m ST _ s 4

2 1

where in Eq. 4, m"1S? depict slopes of two line segments i.e., L1 superior-
endplate and S1 superior-endplate. The angle @ is calculated using the
expression given in Eq. 5 below

mL

1+ mttms!

| s1
_ —m
6 =tan"'

()

In the similar manner, LSA, angle subtended by the L5 inferior end-plate
and S1 superior end-plate is also measured as shown in Fig. 13 (b) where
the green lines depict the L5 inferior-endplate and S1 superior-endplate.
The measured angles are also labelled in both cases for LLA and LSA.

7.5. Spinal Curve Estimation

Lumbar spinal curve is also plotted to differentiate between the
symmetrical and asymmetrical spinal curves and to support the subse-
quent spinal disorder diseases classification methodologies. Here, cubic
spline interpolation is used instead of polynomial piecewise interpola-
tion 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
result of curve estimation is shown in Fig. 14 (2" sub-image from left), 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.

10
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Fig. 15. Angular Deviation Metric for Assessment of Spondylolisthesis.

Since, all these distance related measurements are in pixels which are
made meaningful 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.

8. Spinal Misalignment Disease(s) Classification

After extracting the spinal profiles, including spinal measurements
(7.3, 7.4) and spinal curve estimation(7.5), we propose novel method-
ologies for spinal misalignment(s) classification.

8.1. Automated Spondylolisthesis Classification

As already covered in the Section 2.2.1, for grading of severity and
determining etiological type of spondylolisthesis, Meyerding classifica-
tion grading system is commonly 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
paper, we introduce a novel technique to identify and classify spinal
misalignment i.e., spondylolisthesis by using an improvised angular
deviation metric. The algorithmic representation is given as Algorithm
3, where the segmented VB image serves as input image (Iyg) and a class
label i.e., (w;) for respective VB is the output. The value of w; ranges from
normal to presence of spondylolisthesis in either anterior or posterior
direction.

Algorithm 3: Spondylolisthesis Classification

Input: Extracted Image (Iyvp)
Output: Classification (w;)
cen; «— ComputeCentroids(lyp) [i = nyz]
0;—1 < ComputeAngle(cen;)
0,y < ComputeMean(6;_;)
oy «— ComputeSD(6;_;)
for V¥ cen; do
if Z; > 6,, + o then
‘ w[{mtermr — IVB,-
else

O 0 N N R W N =

—
-2

if Z,‘ <6,—0y then
‘ posterior
i

o
[

— IVB,»
else
if@m — 0y < 4,‘ < 6, +a'9then
‘ w;wrmal — IVB,
end
end

— e
S AW

—
2

end

—
e

end

anterior
W; < (,4)1.
posterior
i

w; — w;wr‘mal

N
o —

W < W

154
N

In our proposed method, instead of the original method used by
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(a) Region Plot

(c) Area Computation

(b) Segmentation

Fig. 16. Proposed AUC Method for LL Assessment.

Algorithm 4: Hyper/Hypo/Normal Lordosis Classification

Input: Extracted Image Iyp
Output: Classification w
cen; «— ComputeCentroids(/yp) [i = nVB]
Curve « SpinalCurve(cen;)
R «— MakeRegion(Curve)
Ag « Area(R)
¢ «— Range(A,)[a, b]
if A, > ¢ then
| Wnyper < Ivg
else

a W N =

=R R B Y

11
12
13
14
15
16
17
18
19
20
21

if A, < ¢ then
‘ Whypo < IVB
else
if A, = ¢ then
‘ Whormal < IVB
end
end

end

W < Whyper
W < Whypo
W <= Wpormal

clinicians to measure spondylolisthesis which is based on corner-points
and related to end-plate structure; evaluation for presence of spondy-
lolisthesis through centroids (cen;) is performed, thus harnessing the
potential of automated measurements and the previously computed
centroids (7.1) and corner-points(7.2).

As shown in Fig. 15, initially beginning from L1 VB (left), the angle
(0;-1) 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 Fig. 15left to right). Intuitively, it can be seen that if the
angle of respective VB is found deviating beyond the standard deviation
(o) of the mean of angles (6,,) of all VBs, the VB is classified to have
dislocation i.e., spondylolisthesis or mathematically as shown in Eq. 6
given below:

|
-:—§ i+
; ",-:19’ Oy (6)

where, 6; is the angular deviation measured between the yellow and
green lines as shown in Fig. 15 (left to right), n = 5 i.e., the number of
VBs segments and oy is the measure of standard deviation. The dis-
located VB is then assigned with the label w;.

A noticeable advantage in proposed angular deviation classification
metric, is the ability to handle displacement of VB in both posterior and

11
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anterior directions. The present-day method used by clinicians to eval-
uate spondylolisthesis is based on posterior-inferior corner-points [32]
as already referred and shown in Fig. 1. In this proposed algorithm, the
posterior or backwards displacement (w/*™™") is quantified, if the
angular deviation is less than the standard deviation of mean of all de-
viation 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.

8.2. Automated Lumbar Lordosis Assessment

For assessment of LL, modified Cobb method is used by the clinicians
which is related to the superior and inferior VB end-plates, hence, in case
of deformation or fracture correct lordosis assessment may not be
possible. Exploiting the potential of reliable methods [124] for lumbar
spine lordosis evaluation, not involving the end-plate structures, our
proposed method is a combination of Chen [23] centroid method and
Yang et al. [126] AUC method.

In our proposed method (Algorithm 4), spinal curve is plotted
(Fig. 16 (a)) through the centroids (cen;) instead of posterior corner-
points in the original Yang et al. [126] method. Afterwards, the supe-
rior VB centroid is connected directly to inferior VB centroid and area
enclosed in the region (Ag) is computed (Fig. 16 (a), (b)) in the similar
pattern as suggested in Yang method. Clinically, it is established that
normal lordosis ranges from 39° - 53° [92], where the curvature is
termed as hyper-lordosis if the angle exceeds 53° and hypo-lordosis if
the angle is less than 39°. The same is empirically evaluated and a
correlation is established for area of region (Ag), hence defining a range
(¢) for normal-lordosis.

The expression is given as Eq. 7, which is the summation of all non-
zero pixels (p; # 0) within the region r as shown in Fig. 16 (c), where
the total number of non-zero pixels are m and Ap is the interval i.e.,
equal to one pixel.
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(b) Ground Truth Images.

(c) Result of VBSeg (Proposed Conventional Algorithm).

(e) VGG-SegNet Architecture.

(f) MobileNets-SegNet Architecture.

Fig. 17. Qualitative Comparison of VB Segmentation Results.

Table 1
Comparative Quantitative Analysis of Methods/Models used for Semantic
Segmentation.

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
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m

A, = Zp,» x Ap )]
=1

For assessment of lordosis, the proposed method, based on AUC
computation is independent of corner-points hence, is more robust to the
end-plate deformities.

9. Results and discussion

In this section, first we present the metrics which are used to validate
the performance of the automated VB extraction i.e., segmentation,
automated spinal measurements and spinal diseases classification. The
same are extensively used by the research community
[13,30,41,52,48,81,117,82,131] Afterwards, category wise detailed
experimental results with qualitative and quantitative analysis are
highlighted in subSections 9.1, 9.2 and 9.3.

To evaluate the performance of semantic segmentation, mean pixel
accuracy (MPA) and mean pixel precision (MPP) metrics as given in Egs. 8
and 9 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.

Tp+ Ty

MPA = ——————— 8
Tp+Ty+Fp+Fy ®
T,
MpPP=_—-"__ ©
Tp + Fp

where, Tp denotes the pixel-level true positives indicating the correct
extraction of VBs, Ty relates to pixel-level true negatives showing cor-
rect assignment of pixels as background, Fp signifies the pixel-level false
positives indicating incorrect extraction of background pixels as VB and
Fy specifies the false negatives i.e., incorrect extraction of VB pixel la-
bels.

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 Eq. 10.

Tr

IoU = ———
Tp+ Fp+Fy

(10$)
Additionally, dice similarity coefficient (DSC) score is also computed

which computes the IoU/Jaccard metric with the only difference that it
doubles the true-positives Tp, expression is given as Eq. 11.

ResNet-UNet Testing Performance
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loU Score
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~
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.
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Fig. 18. ResNet-UNet Testing Performance.



R.F. Masood et al.

Table 2
Comparison of Segmentation Results with related Researchers’ Work.
Method M MPA MPP IoU DSC
Adopted Method ResNet- MR 99.12 98.31 0.86 0.97
UNet
Suzani et al. [116] 6-FFN CT 96 94.4 - -
Lu et al. [68] UNet MR 94 - 0.91 0.93
Janssens and FCN-UNet CT - - - 0.95
Zheng [54]
Lessmann et al. FCN MR/ - - - 0.94/
[61] CT 0.96
Rak et al. [96] UNet MR - - - 0.94
Huang et al. [52] UNet MR - - 0.94 -
Tang et al. [118] DDUNet CT 90.1 - 0.83 -
pSC——r an
2Tp + Fp+ Fy

Furthermore, to measure of closeness of the automated measured
value with the manual measurement performed by spinal surgeons,
Pearson correlation coefficient is used as given in Eq. 12,

(12)

where, R is the correlation coefficient, N is the total number of obser-
vations, m; is the automated calculated measurement taken for a specific
sample i, m is the mean value of automated computed measurement, n; is
manual computer assisted measurement performed by the spinal sur-
geon for a specific sample i, 1 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 considering the direction of error mean absolute error metric
(MAE) is computed. The expression given in Eq. 13:

1 & _
MAE = ;pﬁ — x| 13)

which shows that x; is the computer assisted measurement performed by
the spinal surgeon and X; is the automated measurement. The average
value gives the estimate of error value giving individual difference equal
weight.

9.1. Segmentation of VBs

The qualitative results are shown in Fig. 17, followed by detailed
quantitative assessment as given in Table 1. In the figure, the sub-
captions are also mentioned below each row showcasing the type of
images. Here, we present a selected pictorial comparison of results ob-
tained by our proposed VBSeg algorithm with the segmentation results
obtained through various deep learning networks. A row represents
results of a single scheme on various samples whereas a column
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represents the results with different model/methods for a specific sam-
ple. 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 seen that ResNet-
UNet conveniently outperforms the results obtained by other deep
learning networks including original proposed VBSeg, despite the fact
VBSeg is a customized thoroughly worked-out algorithm to perform VB
segmentation task.

Similarly, while analyzing the quantitative aspects in Table 1, it is
quite evident that, the validation sequence used in VBSeg (VBSeg')
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 Mobile-
Nets-UNet! with respect to achieved IoU and DSGC scores. In Table 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

(a) No Dislocation (b) Dislocation at L3 (¢) No Dislocation

Fig. 19. Results of Spondylolisthesis Classification.

(a) No Dislocation (b) Dislocation at L3 (c) No Dislocation

Fig. 20. Automated LL Assessment Result.

Table 3
Spinal Measurements Quantitative Comparison.
LLA LSA LHCP LHC
R MAE R MAE R MAE R MAE
% o % o % 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. [73] 0.932 - - - - - - -
Pang et al. [89] - - - - - 1.23 - -
Cho et al. [24] - 8.05 - - - - - -
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whereas the worst result in the deep learning category are given by | as
marked with MobileNets-UNet. Here, it is also important 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. The IoU score of ResNet-UNet
model for 10 iterations depicting the testing performance as showcased
in Fig. 18. Here the red line is highlighting the mean value of 0.86 with a
standard deviation of 0.04.

In Table 2, we present a comparison of results obtained with our
adopted method i.e., ResNet-UNet architecture with the results of
various researchers using deep learning models on different datasets.
The image modality (IM) and the method or technique adopted by
respective researcher is also mentioned. The significance of this table is
to enable the reader in establishing confidence in adoption of ResNet-
UNet architecture to perform semantic segmentation task for extrac-
tion of lumbar VBs. Clearly, the results obtained by the adopted method
are comparable with the results achieved by other researchers in accu-
racy, precision, IoU and DSC. In literature, the reported range for MPA
and MPP is also from O 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 O 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.

9.2. Spinal measurements

The qualitative aspects of spinal measurements are amply covered
and elaborated in Section 7 as shown in Figs. 10-13. 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 [76].

The results are reported in Table 3, where, R is the correlation co-
efficient 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 measurements of ground truth images and mea-
surements of automated segmented out image using deep learning
method (ResNet-UNet) and finally, SS-DL means establishing relation-
ship between the measurements of spinal surgeon and automated
segmented out image using deep learning model (ResNet-UNet).

It can be seen that the proposed scheme achieves a correlation co-
efficient 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 significanti.e. (p < 0.05) with the expert clinicians as
evident through R and MAE scores. Moreover, unlike its competitors, the
proposed framework is also capable to measure LSA, and lumbar heights
as evident from Table 3.

9.3. Spinal disorders classification
In this subsection, the results of two-proposed spinal disorder dis-

eases classification methods including spondylolisthesis and classifica-
tion for hyper/hypo/normal lordosis cases are presented.
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9.3.1. 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 8.1. A few
selected results are displayed as sub-images in Fig. 19, 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
Fig. 19 (b). The proposed Algorithm 3 also correctly categorized the
normal cases labelled as 'No-Dislocation’ as shown in Fig. 19 (a), (c).

9.3.2. Lumbar lordosis assessment

As already emphasized in Section 8.2, the proposed method har-
nessed the accuracy of computed centroids as advocated by Chen [23]
method, as evaluation with the help of corner-points is subjective to
errors in measurement, and made use of technique of computing area in
an enclosed region (A;) in a similar way as suggested in Yang et al. [126]
method.

Through meticulous experimentation, it is found that area of region
(A;) for hypo lordosis/ straight-back/ flat-back cases is smaller once
compared to normal lordosis. Similarly, the area of region (A,) for hyper
lordosis/ sway-back is greater than a normal lordosis curve, the same
result were presented in the original AUC method[126]. 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 Fig. 20.
Here, a sub-sample of results (6-images) is displayed where the normal
lordosis are shown in sub-Fig. 20 (a), sway-back or hyper lordosis cases
in sub-Fig. 20 (b) and flat-back or hypo lordosis cases in sub-Fig. 20 (c).

The clinicians, at present, use Meyerding classification to grade the
severity of spondylolisthesis, which is certainly subjective. Our proposed
method uses an improvised angular deviation metric to identify the
presence of this disorder. Likewise, the clinicians identify adequacy/
inadequacy of LL through modified Cobb angle, which is dependent on
the structure of superior and inferior VB end-plates. The method pro-
posed in this thesis is based on area calculation by creating a region
through centroids instead of corner-points.

10. Conclusion

To conclude, in this paper, we have presented a composite dataset
comprising of highly detailed annotations of mid-sagittal views of
lumbar spine MR images coupled with spinal measurements, rendering
quantitative assessment of lumbar spine misalignments. Furthermore,
we presented an autonomous framework capable of extracting the spinal
measurements on-the-fly which can aid the clinicians in objectively
assessing the spinal pathology of the candidate subject. Additionally,
this paper also introduced fully automated classification of spinal dis-
orders 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 our toolkit, clinicians may enable themselves with reliable quantita-
tive metrics thereby adding precision to the selected/shortlisted surgical
intervention procedure. 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. Another direction which may be explored
is determining of the efficacy of automated spinal toolkit in aiding the
spinal surgeons to choose less invasive method over extensive invasive
methods.
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encoding-based water-fat MRI: the reference database MyoSegmenTUM spine,
BMC Musculoskeletal Disorders 20 (2019) 152, https://doi.org/10.1186/s12891-
019-2528-x.
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