
 
 

  

        UTOMATIC ASSESSMENT 

OF SCOLIOSIS USING 3D 

ULTRASOUND IMAGING AND 

CONVOLUTIONAL NEURAL 

NETWORK 
 

by Sunetra Banerjee 
 

Thesis submitted in fulfilment of the requirements for  
the degree of  

Doctor of Philosophy 

Under the supervision of  
 
Dr. Steve Ling (Supervisor) 
Dr. Steven Su (Co-Supervisor) 
Professor Yong-Ping Zheng (External Supervisor) 

University of Technology Sydney 
Faculty of Engineering and Information Technology 
 
March 2022, Sydney 

 

A     



i 

CERTIFICATE OF ORIGINAL AUTHORSHIP 

I, Sunetra Banerjee, declare that this thesis, is submitted in fulfilment of the requirements 

for the award of Doctor of Philosophy, in the Faculty of Engineering at the University of 

Technology Sydney. 

This thesis is wholly my own work unless otherwise reference or acknowledged. In 

addition, I certify that all information sources and literature used are indicated in the 

thesis. 

This document has not been submitted for qualifications at any other academic institution. 

This research is supported by the Australian Government Research Training Program. 

Sunetra Banerjee 

18 March 2022 

Production Note:

Signature removed 
prior to publication.



 

ii 
 

 

 

DEDICATION 

 
 

 

 

 

This thesis is dedicated to my parents 

and my husband. 

Their selfless love, support and care 

makes me and my life complete. 

 

 

 

 

 

 

 

 

 

 



 

iii 
 

ACKNOWLEDGMENTS 

 

First, I would like to express my sincere gratitude to my supervisor Dr. Steve Ling for 

his invaluable supervision, support, and tutelage in all the time of my academic research. 

His mentorship and guidance made my research experience more enriching. His 

bottomless patience and immense understanding have kept me motivated throughout my 

Ph.D. 

I am extremely thankful to the extremely knowledgeable and kind-hearted Dr. Steven 

Su, my co-supervisor, for his valuable suggestions, thoughtful guidance, and support 

throughout my Ph.D. studies.  

This research work would not be possible without the mentorship of Prof. Yongping 

Zheng, my external supervisor. Throughout my research, I was able to continuously draw 

from his vast ocean of knowledge. His guidance at every step of my research, from 

inception, data collection, and publication, was truly inspirational and I wish to express 

my deepest gratitude to him.  

My earnest appreciation goes to Dr. Frank H.F. Leung for his valuable feedback in 

improving and structuring my research and publications. I wish to extend my heartfelt 

gratitude to my dear friends and colleagues, Ms. Juan Lyu and Mr. Zixun Huang. Their 

support and collaboration made my research work more complete. I wish to thank all the 

team members of the biomedical lab at Hong Kong Polytechnic University who 

contributed to this research. 

Financially and facility-wise, the support I got from UTS was instrumental. I wish to 

express my profound gratitude to UTS for awarding me the Research Training Program 

Scholarship (RTPS) for the duration of my Ph.D.  I also like to extend my appreciation to 

all the faculty members and fellow research scholars of the School of Biomedical 

Engineering, UTS.  

I am indebted to my parents whose constant love, care, pain, and sacrifice make me 

who I am today. Their constant support keeps me motivated and confident. I owe a great 

deal to the wonderful person in my life, my husband, who lived by my side every moment 

गु�ब्र��ा गु�िव��ु गु��द�वो महे�रः | 

गु� सा�ात परब्र�ा त�ै श्रीगुरवे नमः || 

                                                          - Guru Mantra 

Guru creates, sustains knowledge and destroys the weeds of ignorance. I salute such a Guru. 



 

iv 
 

of my Ph.D. journey and without whom I would not have had the poise to walk through 

this path of Ph.D. I immensely respect his effort in editing and formatting my research 

papers as well as my thesis. He made me also realize that ‘behind every successful woman, 

there is a man’.  

My deepest reverence goes to my grandfather and parents-in-law for their moral 

encouragement and support, in any way they can do through this Ph.D. journey. 

Last, but not least, I express my deepest gratitude to all my family members for their 

endearing encouragement and love. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

v 
 

ABSTRACT 

Scoliosis is a 3D deformation of the spine categorized by a spine curvature angle larger 

than 10° in the coronal plane. During the adolescent period, as the skeletal structure of a 

child develops, a significant rate of curve progression may occur in the spine; sometimes 

can be as high as up to 10° per year. This medical condition is called idiopathic scoliosis 

and may originate from childhood i.e. the population from age 10 to 16 years. If left 

untreated, adolescence idiopathic scoliosis (AIS) can have a permanent damaging effect 

on the skeletal structure of adolescents and can aggravate chronic back pain and thoracic 

insufficiency syndrome. Severe scoliosis also may affect the heart, lungs, and nerve 

system. Therefore, early detection of scoliosis, through periodic monitoring of spine 

curve progression, until the complete maturity of skeletal structure, is necessary for AIS 

patients. During the whole course of scoliosis treatment, a patient may be exposed for up 

to 25 sessions.  

For monitoring the spine curve progression, a typical session involves scanning the 

patient in the standing posture by using a suitable imaging modality and estimating the 

spine curvature angle. The most widely used measurement to quantify the magnitude of 

spinal deformities on plain radiographs is known as the Cobb angle. The traditional Cobb 

angle measurement is manual and involves indicating the most tilted upper and lower end 

vertebrae and estimating the angle between intersecting lines drawn perpendicular to the 

top of the upper vertebrae and the bottom of the lower vertebrae. Several X-ray 

examinations are needed during the entire monitoring process. Frequent X-ray 

examinations pose a radiation threat and may increase the risk of breast cancer in girls, 

prostate cancer in boys, and the overall risk of leukemia for AIS patients. 

Ultrasound imaging is a real-time, inexpensive, radiation-free, and highly portable 

imaging modality which makes it more safe and accessible for AIS patients than other 

imaging modalities. This modality works on the principle of capturing the reflected 

ultrasound from the cortical surface of the internal organs and mapping their 

topographical information. A newly developed 3D ultrasound system called the 

Scolioscan system has been proven reliable for scoliosis diagnosis and as efficient as the 

conventional radiographic Cobb method. 

Adolescence idiopathic scoliosis (AIS) requires periodic monitoring of patients for 

continuous observation of small changes in spine curvature. The application of ultrasound 
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imaging in the assessment of scoliosis could reduce radiation exposure risk for young 

adults. Previously, spinous process angles (SPA) were measured from the Scolioscan 

ultrasound images, using the VPI-SP method, where the spinal column profile was taken 

as an anatomical reference. However, these measurement leads to an underestimation of 

the traditionally used Cobb angles. Ultrasound curve angle (UCA), on the other hand, is 

an alternative and reliable technique of scoliosis assessment, where more lateral features 

are used for angle measurement. The manual measurement of UCA is currently in practice 

which requires a lot of time and human judgment. The objective of this dissertation is to 

automate the UCA measurement and thereby reducing the human intervention and 

making the process faster.  

The Scolioscan system (Model SCN801, Telefield Medical Imaging Ltd), developed in 

Hong Kong, is used to generate 3D volume projection image (VPI) using the conventional 

3D ultrasound imaging technique. 109 images, collected from 109 patients using the 

Scolioscan system (82 females and 27 males), with an average age of 15.6 ± 2.7 years 

and different degrees of spine deformities, are used in this research retrospectively. 

The overall sequence of the proposed automatic UCA measurement process is as 

follows: (a) Collection of spine ultrasound images, (b) Segmentation of lateral bony 

features & (c) Key feature selection, and (d) Finding the most tilted upper and lower 

lateral features and calculation of UCA. The topic of this dissertation is covered by novel 

techniques for automatic scoliosis assessment.  

The main contributions of this research are: (a) Segmentation technique 1: Introduction 

of Light-Convolution Dense Selection U-Net (LDS U-Net) for ultrasound spine bony 

feature segmentation, (b) Segmentation technique 2: Introduction of multi-scale feature 

fusion Skip-Inception U-Net (SIU-Net) for ultrasound spine image segmentation, (c) 

Conversion of binary segmented images to RGB images with specific colour codes for 

key feature selection & (d) Development of Centroid Pairing and Inscribed rectangle 

Slope (CPI-SLO) method to find the most tilted bony features and thereby calculate the 

UCA.   

The performance evaluation of this research shows that this automatic method can 

produce results comparable to manual measurements of UCA. The advantage of the 

automatic method is that it overcomes subjective manual annotation, reduces the human 

error in measurements, and improves the scalability of the system. Also, frequent 

monitoring of curve progression for AIS patients is safely possible by this technique as 
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no harmful radiation is present in this imaging process. Hence, the automatic UCA 

measurement technique using 3D ultrasound imaging modality is robust, fast, economic, 

and suitable for mass diagnosis of scoliosis measurement in the adolescent population. 
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CHAPTER I: INTRODUCTION 

1.1 Background 
1.1.1 Scoliosis 

Scoliosis is a deformation of the spinal cord, usually S- or C-shaped, where a 

curvature, generally greater than 10°, occurs in the plane between the dorsal and ventral 

parts, i.e., coronal plane. In some cases, the degree of curvature is stable, while in others, 

it increases over time. It affects primarily during the adolescent period; as the skeletal 

structure of a child develops, a significant rate of curve progression may occur in the 

spine (Reamy & Slakey 2001). This medical condition is called idiopathic scoliosis and 

originates in children in the age range of 10–16 years (Cassella & Hall 1991). Adolescent 

idiopathic scoliosis (AIS) is found in 0.47–5.2% of the general population and is prevalent 

across the world, such as in Hong Kong (3.08%) (Fong et al. 2015), China (5%) (Cheng 

et al. 2015), USA (2–4%) (Horne, Flannery & Usman 2014) and Germany (5.2%) 

(Konieczny, Senyurt & Krauspe 2013). Further, it is found that girls are twice as 

susceptible to AIS compared to boys (Konieczny, Senyurt & Krauspe 2013). If left 

untreated, AIS can have a permanent damaging effect on the skeletal structure of 

adolescents and can aggravate chronic back pain and thoracic insufficiency syndrome 

(Campbell Jr et al. 2003). Severe scoliosis may also affect the heart, lungs, and nervous 

system (Li, Yang, et al. 2017; Liu et al. 2020; Ran, Zhi-hong & Jiang-na 2011). Therefore, 

early detection of scoliosis through periodic monitoring of spine curve progression until 

the complete maturity of skeletal structure is necessary for AIS patients (Schulte et al. 

2008; Yan et al. 2020). The complete course of scoliosis treatment may involve 25 

sessions (Reamy & Slakey 2001).  

The exact cause of scoliosis is unknown, but doctors theorize that it may happen during 

birth or may be the side effect of certain nerve or muscle problems such as cerebral palsy. 

The doctors also attribute it to genetic factors and hormonal problems. There are no early 

signs for this disease. As the disease matures, patients develop some symptoms such as 

uneven shoulders, inflated curvature of the spine, disproportional alignment of hips, back 

pain and discomfort. If not treated properly, progressive scoliosis may cause constant 

back pain, breathing problems, or even physical disability for life (Li, Yang, et al. 2017; 

Liu et al. 2020; Ran, Zhi-hong & Jiang-na 2011). So, the early detection of scoliosis is 

critical to the preventing aggravation during the later stage of life.  
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1.1.2 Conventional detection of scoliosis 
The conventional method of diagnosing scoliosis is using Cobb’s measurement 

technique to measure the curvature angle of the spine on a standing radiograph (Cobb 

1948). The traditional Cobb angle measurement is a manual method and involves 

indicating the most tilted upper and lower end vertebrae and estimating the angle between 

intersecting lines drawn perpendicular to the top of the upper vertebrae and the bottom of 

the lower vertebrae (shown in Fig 1.1). Depending on the value of Cobb angle, the 

severity of scoliosis can be predicted, as shown in Table 1.1. 

Several X-ray examinations are needed over the course of monitoring the scoliosis 

curve progression (Horne, Flannery & Usman 2014; Kim et al. 2010). However, frequent 

X-ray examinations pose a radiation threat. Moreover, it results in an increased risk of 

breast cancer among women, prostate cancer in men, and risk of leukemia in AIS patients 

(Doody et al. 2000; Hoffman et al. 1989; Schmitz-Feuerhake & Pflugbeil 2011; Simony 

et al. 2016). Levy et al. demonstrated that AIS patients who are exposed to X-rays 

multiple times have a 2.4% higher risk of developing cancer than normal young people 

(Levy et al. 1996). Therefore, new imaging modalities that emit limited ionizing radiation 

has become the need of the hour (Presciutti, Karukanda & Lee 2014). 

Other imaging modalities to detect scoliosis are summarized as follows:  

(a) An advanced low-dose bi-planar radiograph system called EOS was introduced for 

scoliosis detection (McKenna et al. 2012). It provides detailed and high-quality images 

useful for medical diagnosis. Though it reduced the required radiation dose by 8–10 times 

that of the conventional X-ray, the high operation and installation cost of EOS prevented 

it from becoming a useful option for mass scoliosis detection (Rehm et al. 2017; Vergari 

et al. 2019).  

Table 1.1 Relationship between Cobb 
angle and severity of scoliosis 

Cobb Angle Severity of scoliosis 

10°-30° Mild 

30°-45° Moderate 

>45° High 

Fig 1.1. Cobb Angle 
(Safari et al. 2019) 
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(b) Magnetic resonance imaging (MRI), a radiation-free technology, can also be used 

to identify the features of the bone in the spine for the detection of scoliosis. Though MRI 

offers advantages of high resolution with 3D information, the limitation of a traditional 

MRI setup is that a patient can be scanned only in the supine position. For accurate 

scoliosis assessment, the patient should be scanned in a standing position, but standing 

MRI setups needs a dedicated space for installation and significant operating time. 

Further, it is currently unavailable and expensive for large-scale access (Ungi et al. 2014). 

(c) Conventional ultrasound imaging is another popular technique owing to its cost-

effectiveness, almost real-time measurement, and radiation-free procedure and is one of 

the most suitable techniques for this purpose. However, a 2D ultrasound cannot facilitate 

the viewing of complex spinal cord structures due to its inherent lack of good resolution. 

In a recent development, by adding B-mode ultrasound using some position sensors, this 

problem of 2D viewing was eliminated, although the process is quite tedious because it 

requires dozens of images (Chen, Lou & Le 2011). 

A recent invention in this field is freehand 3D ultrasound in which the conventional 2D 

ultrasound is combined with a position sensor (Huang et al. 2005). Subsequently, Zheng 

et al. developed a 3D ultrasound system called Scolioscan (Zheng, Lee, et al. 2016) and 

demonstrated its reliability for scoliosis diagnosis (Zhou & Zheng 2015) and efficacy vis-

à-vis the conventional radiographic Cobb method (Zheng, Lee, et al. 2016). Scolioscan 

comprises an ultrasound scanner with a built-in linear probe, a frame structure, an 

electromagnetic spatial sensing device, and propriety software. The procedure involves 

freehand scanning using the probe from the bottom to the top of the patient’s back, 

covering the whole spine area, while the electromagnetic spatial sensing device 

continuously detects the probe’s position and orientation. The B-mode images, collected 

along with their corresponding position and orientation information, are used to 

reconstruct into a 3D image, thereby forming the coronal view of the spine, using the 

volume projection image (VPI) method (Cheung, Zhou, Law, Mak, et al. 2015).  

1.2 Motivation 
The research aims to introduce a novel technique to monitor scoliosis in a patient and 

can be applied in large scale. For doing so, it is worthwhile to update on the traditional 

and current methods of scoliosis angle detection using X-ray and 3D ultrasound VPI 

imaging.  
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1.2.1 Measurement of scoliosis progression using X-ray 
The measurement of Cobb angle using a radiograph involves imaging the anterior 

spinal column structures to describe the anterior spinal deformity. In this process, the 

measurement accuracy is largely dependent on the awareness and practice of the observer 

and the quality of images. It is difficult for experts to make accurate measurements 

because of the large anatomical variations among patients from different age groups and 

could result in a large number of inter- or intra-observer errors (Horng et al. 2019). 

1.2.2 Measurement of scoliosis progression using Scolioscan 
While the Cobb angle indicates the anterior spinal deformity, another index more 

suitable to ultrasound imaging, called spinous process angle (SPA), measures the 

posterior spinal deformity. In a nutshell, SPA is the angle formed between the lines drawn 

through the most tilted part of the spinous column profile of coronal ultrasound images. 

Several measurement techniques to calculate the SPA were developed and have been 

proven to be comparable to the earlier gold standard of Cobb angle obtained through the 

X-ray method:  

1.2.2.1 Spinous process angle 

a) Manual measurement of SPA: In the VPI-SP method, inflection points are derived 

to locate the spinous column profile in the VPI images, and then the 6th-order polynomial 

curve fitting technique is used to calculate the spine curvature, as shown in Fig 1.2a 

(Cheung, Zhou, Law, Mak, et al. 2015). Since the derivation of inflection points is done 

manually, this process is subject to the expertise of the observer and hence time-

consuming.  

b) Automatic measurement of SPA: In (Zhou et al. 2017), phase congruency and the 

novel two-fold threshold strategy were employed to measure spine curvature 

automatically. Though this method overcame the limitations of manual measurement, the 

computational time was long as the program spent most of the time computing the phase 

congruencies of the images.  

Also, in general, the SPA measurement approach has two limitations: (a) compared to 

Cobb angle measurement, the severity of curvature is underestimated, showing that it was 

less angulated compared to the corresponding Cobb angle (Brink et al. 2018; Zheng, Lee, 

et al. 2016); (b) the SPA measurement also uses more landmarks than the Cobb angle, 

which introduces more sources of variation for each measurement (Morrison et al. 2015).  
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1.2.2.2 Ultrasound curve angle 

An alternative indicator to assess scoliosis, a new measure called ultrasound curve 

angle (UCA) (Fig 1.2b), has been demonstrated to be comparable to radiographic Cobb 

angle (Lee et al. 2021). In SPA, the spinous column profile is the key anatomical reference 

for angle measurement, whereas in UCA, more lateral features of the spine are employed 

for this measurement. Therefore, for UCA measurement, an alternative VPI method was 

explored.  

Manual Measurement of UCA: A 3D coronal ultrasound image was split into nine 

2D images with different depth profiles. Two raters were then asked to select the 2D 

image with the most visible lateral features among those nine images. One such 2D 

ultrasound spine image is shown in Fig 1.3a. Fig 1.3b illustrates the various segments of 

the spine – the thoracic bony features, rib, T12 level, and lumbar bony features. Fig 1.3c 

outlines the current methodology used by a medical expert to calculate the UCA. The 

most tilted thoracic bony features (TBFs) and lumbar bony features (LBFs) are identified 

by evaluators. Further steps involve drawing lines through the centre of the identified 

TBF and LBF pairs and allocating lines to measure the UCA (Lee et al. 2021).  

The selection of the best image, clear detection of TBFs and LBFs, identification of 

most tilted thoracic and lumbar features, and finally calculation of angles play a vital role 

in UCA measurement. All the identification and calculation processes are manual, time-

consuming and fully dependent upon the expertise of the doctors and raters. 

Fig 1.2. Angle measurement 
techniques for ultrasound imaging 

modality- (a) SPA (b) UCA 

  

(a) (b) 

T12 
level 

Fig 1.3. Anatomy of an ultrasound spine image (a) Input 
image, (b) types of bony feature identified (c) angle 

measurement scheme 

  

(a) (c) (b) 

Rib 

Thoracic 
Transverse 
Process 

Lumbar 
Vertebrae 

Thoracic 
Region 

Lumbar 
Region 

T12 
level 
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To overcome the problem associated with manual UCA measurement, a novel 

automatic process for calculation of UCA for scoliosis assessment is developed through 

this research.  

1.3 Research questions 
There are five major questions guiding this research: 

 RQ1. Regular observation of scoliosis progression is necessary for proper treatment. 

But according to research, frequent X-ray examinations during the growth period 

increase the risk of cancer in AIS patients. Moreover, the diagnosis process should 

be affordable. Is there any imaging modality that is economic and has no side 

effects? 

 RQ2. The manual and semi-automatic method of scoliosis detection depends on the 

subjective experience of radiologists. Moreover, it is time-consuming. How can 

automatic detection of scoliosis be performed on a large-scale?  

 RQ3: For manual scoliosis assessment using ultrasound imaging modality, the bony 

feature is identified by medical experts. How to automatically identify the bony 

features for scoliosis detection? 

 RQ4: For manual scoliosis assessment using ultrasound imaging modality, the spine 

curvature angle is calculated through human intervention. How can the scoliosis 

curvature angle be measured automatically?  

 RQ5. So far, manual measurement of spine curvature is considered the best scoliosis 

assessment technique. How accurately can an automatic assessment system for 

scoliosis assessment correlate with the manual measurement system? 

1.4 Aim of the research  
Based on the research questions, the project’s aims were decided. This research aims 

to develop a radiation-free assessment of scoliosis using 3D ultrasound and convolutional 

neural network. The intent is to develop an innovative technique to automatically assess 

the spinal deformity, eliminate the need for manual intervention of physicians and provide 

output with a high level of precision and scalability. This work will provide accurate, fast, 

and comprehensive assessment to scoliosis curvature angle. 

1.5 Research objectives  
The main objectives of this research are as follows: 
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• To develop a radiation-free and economic scoliosis detection system 

• To segment the lateral bony features from noisy ultrasound spine images 

• To automatically calculate the ultrasound curvature angle (UCA) without any 

human intervention 

• To make the automatic scoliosis detection system comparable with the manual 

one 

1.6 Research contributions  
The automatic UCA measurement process (Fig 1.4) is designed and developed for 

early detection and mass screening of scoliosis. The contributions are as follows:  

1. Segmentation technique 1: Introduction of Light-Convolution Dense Selection 

U-Net (LDS U-Net) for ultrasound spine bony feature segmentation: 

Identification of bony features from ultrasound spine image is a very important 

step for the automatic angle calculation process for scoliosis assessment. To 

identify the bony features without any human intervention, segmentation of bony 

features is done in this research. To overcome the challenges associated with 

ultrasound spine imaging and clear segmentation of bony features, Light-

Convolution Dense Selection U-Net (LDS U-Net) is proposed. The proposed 

architecture has three main aspects: (a) the basic U-Net (Ronneberger, Fischer & 

Brox 2015) structure is adopted as the network architecture, but the conventional 

convolutional layers are replaced with dense depth-wise separable convolution 

layers to increase the computational efficiency; (b) selection gates (Oktay et al. 

2018) are deployed for a smarter identification of the target bony features; and (c) 

the encoders–decoders are connected using multi-scale skip-pathways (Ibtehaz & 

Rahman 2020) to enhance feature fusion. The proposed LDS U-Net can identify 

the thoracic and lumbar bony features more consistently when compared to other 

contemporary models. The result confirms that LDS U-Net can successfully 

segment lateral bony features and can be included as a step prior to the automatic 

angle calculation. 

2. Segmentation technique 2: Introduction of multi-scale feature fusion Skip-

Inception U-Net (SIU-Net) for ultrasound spine image segmentation: Two major 

concerns regarding bony features segmentation in ultrasound spine images are 

addressed in this research: 1) choosing the appropriate kernel size for the 

convolution operation which can handle the large variation in locations, shapes, 
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and sizes of the features; and 2) designing a suitable architecture that can extract 

semantically rich features and fuse multi-scale features for a better segmentation 

output. To solve these problems, a novel deep learning architecture, Skip-

Inception U-Net or SIU-Net, is proposed to suitably segment the thoracic and 

lumbar bony features in the ultrasound spine image dataset. The standard U-Net 

is adopted as the main network architecture, and the simple convolutional layers 

are replaced with inception blocks (Szegedy, Vanhoucke, et al. 2016). The 

encoders–decoders are bridged using newly designed decoder side skip-pathways 

(Zhou et al. 2018). The performance of the proposed network is evaluated in terms 

of both the pictorial quality and segmentation accuracy using ultrasound VPI 

images. The results show that this network gives an improved performance in both 

cases, which makes the network usable as a step prior to automatic angle 

measurement. 

3. Automatic angle calculation: Development of centroid pairing and inscribed 

rectangle slope (CPI-SLO) method to find the most tilted bony features to calculate 

the UCA: Manual ultrasound curve angle (UCA) measurement has been 

established to have a good agreement with the traditional radiographic Cobb angle 

method (Lee et al. 2021). Therefore, the sequence of the manual UCA 

measurement process is encompassed in this work for automatic angle 

measurement. Three algorithms are proposed in this work to select key features 

from segmented spine images and then calculate the main thoracic and thoraco-

lumbar angles separately. The proposed algorithms of automatic UCA 

measurement are constructed such that they can smartly adapt themselves 

depending on the quality of the bony feature information in the segmented 

outputs. The algorithms use centroid pairing and the largest inscribed rectangle to 

find the slope of thoracic and lumbar regions, respectively. This method is called 

the CPI-SLO method.  

1.7 Thesis framework 
The automatic UCA measurement technique comprises three steps:  

1. Manual selection of image with best lateral features from 2D volume projection 

ultrasound spine images 

2. Segmentation of lateral bony features (TBFs and LBFs) 

3. Calculation of automatic UCA 
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Fig 1.4. A complete flowchart for automatic UCA measurement  
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The thesis is structured into seven chapters:  

Chapter 1 provides a brief introduction, objectives, and contributions of this research 

followed by an outline of the thesis.  

Chapter 2 delivers a brief background of 2D and 3D ultrasound imaging techniques. 

This chapter also includes a detailed discussion on the various imaging modalities used 

for scoliosis assessment, manual, semi-automatic, and automatic scoliosis angle detection 

techniques using ultrasound imaging modality, baseline, and state-of-the-art image 

processing, and machine learning classification and segmentation techniques applied on 

ultrasound medical images. 

Chapter 3 details the generation and collection of the ultrasound spine image dataset.  

Chapter 4 focuses on the development of the first proposed segmentation technique, 

light-convolution dense selection U-Net (LDS U-Net) for ultrasound spine bony feature 

segmentation. 

Chapter 5 presents a detailed description of the second proposed segmentation 

technique, multi-scale feature fusion skip-inception U-Net (SIU-Net) for ultrasound spine 

image segmentation.  

Chapter 6 concentrates on the RGB conversion of segmented binary images for key 

feature selection for UCA calculation and introduces another proposed algorithm, 

centroid pairing and inscribed rectangle slope (CPI-SLO) method, to find the most tilted 

bony features to calculate UCA.   

Chapter 7 concludes the thesis and presents the scope of future works.  
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CHAPTER II: LITERATURE REVIEW
2.1 Introduction

Humankind has been battling scoliosis for thousands of years. The very first 

documentation of the detection and cure of scoliosis was in an ancient Indian manuscript, 

Shrimad Bhagavatam, written around 3102 BCE. According to the text, the Hindu god 

Krishna corrected the scoliosis of a woman whose spine was deformed in three different 

places (Kumar 1996).

Scoliosis comes from the Greek word ‘skoliosis’, which means crooked. It is an 

ailment in which the spinal cord deforms progressively with time. Depending on the 

patient’s age, cause, type of curve, and severity of the disease, scoliosis can be classified 

into two categories (Fig 2.1): idiopathic and non-idiopathic (Konieczny, Senyurt & 

Krauspe 2013). Adolescent idiopathic scoliosis (AIS) is the most common type of 

scoliosis, with an annual prevalence of 0.47–5.2% and a female/male ratio of 1.5:1 to 3:1. 

Its severity increases with age (Jada et al. 2017).

The treatment options for scoliosis vary with the age of the patient, location, severity, 

and risk of progression of the curvature. According to the International Scientific Society 

on Scoliosis Orthopaedic and Rehabilitation Treatment (SOSORT), there are three basic 

treatment options for various stages of scoliosis based on the degree of curvature of the 

spine (Dunn et al. 2018). Figure 2.2 summarizes the relationship between the treatment 

options and curvature of the spine i.e. severity of scoliosis.  

Scoliosis

Non-idiopathic

Congenital 
(malformation of 

vertebrae)

Neuromuscular 
(insufficiency of 
active muscular 
stabilizers of the 

spine)

Mesenchymal 
(insufficiency of 

passive stabilizers of 
the spine)

Idiopathic

Infantile 
(0–3 years of age),

Juvenile 
(4–10 years of age)

Adolescent 
(11–18  years of age)

Adult 
(age > 18 years)

Fig 2.1. Categorization of Scoliosis 
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Patients with AIS undergo spinal surgery for correcting their deformity (Choudhry, 

Ahmad & Verma 2016). Early detection is the key to reducing the morbidity of AIS.  

The popular method of detection and diagnosis of scoliosis involves (a) multiple X-

ray scanning sessions and (b) measurement of Cobb angle, which is a gold standard to 

assess AIS (Cobb 1948). The main drawback of this method is the repeated exposure to 

ionizing radiation. Levy et al. established that an AIS patient undergoing frequent X-ray 

scans has a 2–4% higher chance of getting cancer than normal young people (Levy et al. 

1996). Further, other non-ionizing radiation modalities such as MRI are very expensive 

and not designed for scanning in standing position. 

2.2 Imaging modalities for scoliosis detection 
Scoliosis may have several causes; however, it is most commonly idiopathic. 

Radiography, magnetic resonance imaging (MRI), computed tomography (CT), and 

ultrasound are the imaging modalities used for assessment of scoliosis.  

2.2.1 Radiography 
Plain Radiography: Plain radiography remains the backbone of the assessment of 

scoliosis during initial, as well as preoperative and postoperative, stages to plan surgery 

and follow-up. Generally, standing posterior-anterior (PA), lateral, and side-bending X-

ray radiographs are the standard for scoliosis evaluation (Fig 2.3). Standing radiographs 

are ideal for diagnosis and periodic monitoring of patients because the spinal balance and 

curve magnitude change when a patient is in the supine position (Jada et al. 2017).  

0° 
 

20° 
 

40° 
 

10° 
 

30° 
 

50° 
 

Observation Observation 
or Bracing 

  

Bracing Bracing or 
Surgery 

 

Surgery 

  

Fig 2.2. Treatment of Scoliosis 
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The conventional method of diagnosis of scoliosis is using 

Cobb’s measurement technique to measure the curvature angle of 

the spine on a standing radiograph (Cobb 1948). If two lines are 

drawn such that one is perpendicular to the upper endplate of the 

most titled upper vertebra and another one is perpendicular to the 

lower endplate of the most tiled lower vertebra, then the angle 

between them is known as the Cobb angle (Cobb 1948). 

The Cobb angle method is the accepted standard for measuring 

scoliosis using radiographs. The Cobb angle varies in the same 

spine radiographed in the supine and upright positions (Cassar-

Pullicino & Eisenstein 2002). The clinical impression of scoliosis 

requires radiographic confirmation; a 10° deformity is the 

minimum measurement that establishes true scoliosis. In practical 

terms, this means that most children with scoliosis require regular review combined with 

radiographic assessment and measurement of the angle of curvature (Cobb angle) (Wright 

2000). 

There are obvious concerns that repeated radiographs result in an excessive radiation 

burden, especially concerning the developing breast tissue in girls. Nash Jr et al. estimated 

that 22 radiographic examinations are performed in the course of scoliosis management 

(Nash Jr et al. 1979). According to research, excessive radiation exposure can cause breast 

cancer in girls and may result in leukemia and prostate cancer in general (Levy et al. 

1996). 

 

EOS: Georges Charpak won the Nobel Prize in Physics, 1992, for his study involving 

multi-wire proportional chamber systems allowing accurate elementary particle 

detection. From a diagnostic perspective, Charpak’s technique could be combined with 

vertical bi-planar slot-scanning technology (EOS) to produce high-quality diagnostic 

radiographic images using 50–80% less radiation than required for conventional 

radiography (McKenna et al. 2012), (Morvan et al. 2011), (Melhem et al. 2016). EOS 

imaging is capable of scanning the spine in 8–15 seconds (Deschênes et al. 2010), and 

using the anteroposterior and lateral image captured using the EOS technology, its 

software system can reconstruct a highly accurate 3D model of the spine (Le Bras et al. 

2003). One of the primary advantages of the EOS imaging system over CT is that it can 

Fig 2.3. X-ray spine 
image (Imran et al. 

2020) 
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capture images with the patient in an upright standing or seated position (Dubousset et al. 

2005).  

Although when compared to traditional radiography, the radiation dosage of the EOS 

is much lower, it is still not negligible. Therefore, an X-ray shielding room should be used 

as the installation space for the EOS system. Moreover, if the EOS system is used for 

scoliosis longitudinal follow-up, the amount of diagnostic radiation absorbed could result 

in adverse effects. Further, the cost of the machine and its maintenance are exorbitant, 

which makes it practically impossible to adopt it in regular settings (Lai et al. 2021). 

2.2.2 Magnetic Resonance Imaging (MRI) 
Magnetic resonance imaging (MRI) is one of the most preferred techniques for 

viewing the spine curvature, and it has a revolutionary impact on imaging the neural axis 

(Fig 2.4). It is a clinical tool that does not use ionizing radiation and provides excellent 

delineation of the contents of the spinal canal, including the 

spinal cord. Its ability to produce detailed images with 

excellent tissue contrast in any plane, without the use of 

ionizing radiation, makes it a promising method of 

assessing the scoliotic spine. One of the chief advantages of 

this technique is that it can provide the spine’s anatomical, 

muscular, and neurological information (Jada et al. 2017). 

The nature of scoliosis, with different areas of the spine 

moving in and out of the plane of imaging, means that 

interpretation might be difficult. In addition, the 

examination is time-consuming, and once the surgery has been performed, the presence 

of metalwork can make further studies with MRI suboptimal, primarily because of the 

magnetic susceptibility artifacts that are generated from the internal fixation. Further, 

young children require sedation and occasionally general anaesthesia to comply with 

MRI-compatible equipment (Wright 2000).  

According to Musson et al., most MRIs performed for scoliosis are requested by 

orthopaedic surgeons before corrective surgery for AIS. MRI is indicated in several 

clinical circumstances and is being increasingly used by surgeons and paediatricians. The 

most common use is in the assessment of AIS, primarily to look for intraspinal 

abnormalities. MRI is also used for assessment and follow-up of congenital scoliosis and 

the developmental causes of scoliosis (Musson et al. 2010). 

Fig 2.4. MRI spine image 
(Rajasekaran et al. 2010) 
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Compared to traditional imaging options, MRI incurs considerable costs, as well as 

scan time. The prolonged duration of the scan mandates the use of sedation in special 

cases such as paediatric patients. Moreover, the sequences that MRI uses are novel and 

experimental and are, thus, not compatible with standard scanners (Pasha et al. 2021). 

Generally, the aim of MRI in AIS is to detect clinically occult abnormalities that may 

affect the surgical technique, consent, and prognosis. This imaging technique is mostly 

used for all preoperative cases and those with vertebrae segmental deformity and 

neuraxial abnormalities (Lai et al. 2021). However, one of the primary differences 

between traditional MRI and standing MRI lies in the patient’s posture; while traditional 

MRI captures images with the patient in the supine position, standing MRI requires the 

patient to be in standing position. Moreover, it requires a dedicated space for its 

installation, as well as a significant amount of scanning time. Further, since it is a novel 

technique with considerably high demands, it is not widely accessible yet (Ungi et al. 

2014).  

2.2.3 Computed Tomography (CT) 
Children with underlying congenital skeletal malformations and 

segmentation abnormalities require a slightly divergent imaging 

approach. MRI provides excellent detail about the nature of the 

spinal canal and cord, but the detail of the bony anatomy can be 

evaluated further with localized CT and 3D reconstructed images of 

the area of interest (Fig 2.5). However, in practice, often plain 

radiography suffices. CT plays a role in postoperative patients who 

cannot be imaged appropriately in the MRI environment. Localized 

CT might help in identifying postoperative complications. Notably, 

considerable artifact is common because of the metalwork present, 

but the images might be interpretable (Wright 2000). 

The radiation dose remains approximately 12 times higher than 

low-dose radiography. The scans are not performed in natural standing position, thus 

limiting the assessment of the 3D spinal alignment (Pasha et al. 2021). 

2.2.4 Ultrasound  
Ultrasonography as a technique, for estimating the Cobb angles in patients with 

scoliosis, has been studied by several researchers in recent times. Notably, the ultrasound 

angles were 15–37% smaller in magnitude than standard Cobb angles. Nevertheless, 

Fig 2.5. CT spine image 
(Keenan et al. 2014) 
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excellent correlations between the ultrasound angles and Cobb angles were identified; the 

coefficient of determination was ≥ 0.970. Further, the ultrasound angles were reliable, 

with an intra-class correlation coefficient of ≥ 0.84 (Brink et al. 2018).  

2.2.4.1 3D Ultrasound for Scoliosis detection 

 The use of ultrasound imaging modality (Fig 2.6) for the assessment of spinal health 

has been a popular subject of research in recent times (Hwang et al. 2021). Tawfik et al. 

(Tawfik et al. 2020) established that, in the identification of main spinal abnormalities in 

infants, the diagnostic value of spinal ultrasonography is equivalent to 

that of MRI. In another research, Zhang et al. (Zhang et al. 2021) 

showed that, for long-term spinal deformity treatment, such as cases 

of severe scoliosis, ultrasound imaging is safe and gives patient 

comfort along with producing a clear intrathecal structure for guided 

treatment. Ultrasound is also applied in pre-procedural imaging of 

central neuraxial blockade of the spine to identify, in real-time, the 

ideal trajectory (best angle, direction of approach, and depth) and to 

optimize the subsequent invasive treatment with fewer needle passes 

and skin punctures (Kalagara et al. 2021).  

Ultrasound imaging is a radiation-free imaging modality that is 

used extensively in the medical field due to its low cost. However, 

visibility issues might be encountered when trying to detect bony structures from B-mode 

ultrasound images. Therefore, a 2D B-mode ultrasound image is not feasible to detect 

spine deformation. An invention in this field is freehand 3D ultrasound, in which the 

conventional 2D ultrasound is combined with position sensors to help the system 

overcome the drawbacks of normal 2D ultrasound imaging technique. However, 3D 

ultrasound imaging systems are generally experimental prototypes, and they are not ready 

enough to use for large clinical applications. Using this system, the measurement of spine 

curvature angle and scanning is done manually. Therefore, there are chances of human 

errors and variation in the measurement. So, more research is needed to make a 3D 

ultrasound system a perfect and reliable clinical diagnosis tool.  

 Among all available techniques, a 3D ultrasound volume projection image is the most 

suitable to visualize spine anatomy. Zheng et al. illustrated that Scolioscan is a reliable 

and radiation-free system to measure spine deformity using 3D ultrasound imaging for 

AIS patients (Zheng, Lee, et al. 2016). The result is very satisfactory when compared with 

the conventional radiographic Cobb method. Moderate to strong correlations were found 

Fig 2.6. 
Ultrasound spine 
image (Lee et al. 

2021) 
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between the Scolioscan angles and Cobb angles (r2 > 0.72). The intra- and inter-observer 

reliability were also very good, with an intra-class correlation of >0.87. Therefore, it can 

be concluded that Scolioscan is a promising 3D ultrasound imaging system for scoliosis 

screening and monitoring curve progression (Zheng, Lee, et al. 2016).  

Scolioscan, developed in Hong Kong, is used to generate 3D volume projection image 

(VPI) using conventional 3D ultrasound imaging techniques. The instrument has a rigid 

frame with two movable supporting boards and four supporters to support patients to 

maintain a stable standing posture during imaging. It also has two LCD screens and one 

touch screen that is used by the operator for uploading patient information, parameter 

setting during the scan, generating VPI images, conducting measurements, and producing 

reports.  

Ultrasound is one of the most easily accessible and applicable diagnostic techniques. 

It has thus become an important part of clinical practice. Its primary benefits and 

distinguishing features include a low cost and zero radiation emission. However, the 

chances of human error are high, while those of detection of low magnitude curves are 

low. Nevertheless, it must be preferred over repeated radiographic assessments to safely 

monitor curve progression over time (Girdler et al. 2020).  

In Table 2.1, a summary of all imaging modalities used for scoliosis assessment is 

given.  
Table 2.1 Summary of literature review 

Year & 

Author 
Study Radiography MRI CT Ultrasound 

(Wright 

2000) 

Imaging in 

scoliosis 

It confirms the diagnosis, 

identifies the underlying 

cause and monitors the 

degree of curvature. 

Any child for whom 

surgery is 

anticipated. 

CT is used in a 

postoperative 

patient who 

cannot be imaged 

appropriately in 

the MRI 

environment. 

N/A 

(Cassar-

Pullicino & 

Eisenstein 

2002) 

 

Imaging in 

scoliosis 

Plain radiography is the 

standard imaging modality 

for scoliosis diagnosis. 

1) MRI should be 

the first choice when 

further imaging is 

needed. 

2) Cost of ‘screening 

MRI’ is a matter of 

concern. 

 

N/A N/A 

(Inoue et al. 

2005) 

Pre-operative 

MRI study of 

AIS patients 

N/A 250 patients with 

AIS were examined 

N/A N/A 
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using MRI before 

spinal surgery 

(Musson et 

al. 2010) 

Imaging for 

childhood 

scoliosis 

Children with scoliosis 

routinely undergo a plain 

radiographic assessment of 

the spine, which allows 

quantification of scoliosis. 

MRI is mostly 

performed before 

corrective surgery 

for AIS. 

Though radiation 

is high, CT is 

most often used 

in complicated 

cases for 

preoperative 

planning. 

N/A 

(Shi et al. 

2015) 

Correlation 

between supine 

MRI and 

standing 

Radiograph 

Cobb angle measurement 

using X-ray is the standard 

method of scoliosis 

assessment. 

Supine MRI is a 

reliable alternative 

to radiographs when 

Cobb angle >40° 

N/A N/A 

(Cheung, 

Zhou, Law, 

Mak, et al. 

2015) 

Ultrasound 

volume 

projection 

imaging for 

assessment of 

scoliosis 

90% of AIS patients with 

progressing curves receive 

unnecessary radiographic 

intervention. 

1) Expensive and 

time-consuming. 

2) Scanning is done 

in supine position 

and spine angle 

calculation is less 

accurate. 

CT is usually 

utilized for 

assessing the 

vertebra rotation 

in the supine 

position, which is 

still disputable 

because of using 

supine position in 

scanning 

The 3D 

ultrasound 

imaging 

system can 

successfully 

assess 

scoliosis 

(Zheng, 

Lee, et al. 

2016) 

Validation study 

for a radiation-

free scoliosis 

assessment 

system 

1) Exposure to X-ray during 

childhood significantly 

increases the chances of 

leukemia and prostate 

cancer. 

2) EOS is costly and not 

portable.  

N/A N/A 3D ultrasound 

imaging is an 

affordable, 

radiation-free 

diagnostic 

method for 

assessing 

scoliosis. 

(Zhou et al. 

2017) 

Automatic 

measurement of 

spine curvature 

using 3D 

ultrasound 

Frequent X-ray 

examinations can have 

harmful effects on the 

human body, especially 

children. 

MRI examinations 

are performed in the 

supine position, as 

well as are time-

consuming and 

expensive. 

N/A US imaging is 

a real-time, 

cost-effective 

and radiation-

free technique 

and 

comparable to 

X-ray for 

scoliosis 

assessment. 

(Jada et al. 

2017) 

Evaluation and 

management of 

AIS 

Standing radiographs are 

used for observation and 

diagnosis of AIS because 

spinal balance and curve 

magnitude change when a 

patient is in supine position. 

MRI is done for 

patients who need 

further investigation 

and surgical 

treatment. 

CT imaging is 

used for patients 

with critical 

conditions. 

N/A 

(Brink et al. 

2018) 

Investigate the 

reliability and 

Involves ionizing radiation, 

and the radiation doses are 

MRI is non-ionizing 

but does not 

N/A Excellent 

correlations 
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the validity of 

different 

ultrasound 

measurement 

techniques for 

coronal curve 

severity 

cumulative, resulting in a 9–

10 times higher radiation 

exposure in these patients. 

visualize cortical 

bone very well, is 

time-consuming, 

expensive and 

cannot be performed 

in upright position. 

between the 

ultrasound and 

radiographic 

Cobb 

measurement 

(Vo, Le & 

Lou 2019) 

Semi-automatic 

3D ultrasound 

reconstruction 

for studying the 

severity of AIS 

X-ray Cobb angle method 

underestimates spinal 

deformity, as well as 

subjects patients to ionizing 

radiation, thereby making 

them susceptible to cancer 

Traditional MRI is 

prone to significant 

errors since it 

requires patients to 

be in the supine 

position which may 

change the spinal 

curvature. 

Exposure to 

ionizing radiation 

makes patients 

vulnerable to 

cancer. 

3D US can be 

used safely to 

detect 

scoliosis 

because it 

does not 

produce 

radiation, is 

affordable, 

portable and 

produces real-

time results 

(Girdler et 

al. 2020) 

Emerging 

imaging 

techniques for 

diagnosing AIS 

Although radiograph 

systems such as EOS 

imaging are expensive, they 

are safe to use because they 

emit low radiation doses. 

The image quality is 

comparable with that of 

conventional radiography. 

N/A CT has the 

disadvantage of 

greater radiation 

exposure, cost, 

and scanning in a 

supine position. 

US angles 

show excellent 

correlation 

with standard 

radiographic 

Cobb angles, 

as well as help 

in assessing 

curve growth 

(Yeung et 

al. 2020) 

Comparing 

scoliotic 

curvature 

between prone 

(CT) and 

upright 

positions (EOS) 

in preoperative 

AIS patients. 

EOS is compatible with CT 

in clinical settings and emits 

much less radiation. Thus, it 

can be safely used with 

young patients during 

puberty. 

N/A Although CT is 

an excellent tool 

for diagnosing 

adolescent 

idiopathic 

scoliosis (AIS) 

preoperatively, its 

chief 

disadvantage lies 

in its high 

radiation 

production and 

the need for 

scanning to be 

performed in the 

upright position. 

N/A 

(Pasha et al. 

2021) 

Quantitative 

imaging of the 

spine in AIS 

patients 

Multiple radiographic 

follow-ups increase the 

radiation dose. 

MRI’s scan time and 

costs are very high 

compared to other 

imaging modalities. 

1) Radiation dose 

is approximately 

12 times that 

needed for a low-

dose radiograph. 

1) Radiation-

free imaging 

technique in a 

weight-

bearing 

position. 
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2) Supine posture 

scanning limits 

3D spinal 

assessment. 

2) Future 

applications of 

AI to reduce 

the image 

processing 

time for 3D 

measurement 

can make 

ultrasound an 

affordable 

low-cost 

portable 

alternative for 

3D spinal 

imaging. 

(Lai et al. 

2021) 

3D ultrasound 

spine angle 

measurement 

Though an X-ray radiograph 

is a gold standard for 

scoliosis evaluation, it poses 

a radiation risk. 

Traditional MRI 

scanning is 

performed in supine 

position, and 

standing MRI 

scanning is not 

widely available. 

N/A US imaging is 

cheap, 

radiation-free, 

portable, and 

more 

accessible 

compared to 

other 

modalities for 

spine 

monitoring. 

 

2.2.4.2 Problems with Ultrasound imaging 

 There are a few problems associated with an ultrasound imaging modality:  

i. Speckle Noise: Ultrasound images are affected by speckle noise (Fig. 2.7), which 

decreases the quality of the image. The noise makes the image very difficult to be 

Fig 2.7. Speckle noise 
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analysed by doctors. As speckle noise behaves as information, it makes the clinical 

information hard to differentiate (Loupas, McDicken & Allan 1989). So, removal 

of speckle noise is necessary for better diagnosis of scoliosis.  

ii. The low contrast of ultrasound image: Ultrasound images are low contrast 

images because the speed of sound varies depending on the tissues; it becomes 

difficult to differentiate between fat- and water-based tissues on these images. 

Therefore, contrast enhancement is very important to extract clinical information 

from ultrasound images.  

Table 2.2 compares all the imaging modalities used for scoliosis assessment.  
Table 2.2 Features of various imaging modalities in scoliosis assessment 

Imaging 

Modality 

Exposure to 

Radiation 

Scanning 

posture 
Cost 

Image 

Quality 

Scan 

time 
Application 

Radiograph Yes Standing Moderate Good Fast 
Periodic assessment of 

scoliosis 

MRI No Supine High Good Slow 
Surgery cases of 

scoliosis 

CT Yes Supine High Good Slow 
Critical and surgery 

cases of scoliosis 

3D Ultrasound No Standing Low Moderate Fast 
Periodic assessment of 

scoliosis 

 

Key Takeaway:  

• MRI and CT imaging modalities are used for critical, pre- or post-operative spine 

deformation cases and are costly for periodic monitoring of AIS. Therefore, these 

two imaging modalities are not suitable for early scoliosis detection.  

• Radiographic Cobb angle measurement is the gold standard for scoliosis 

detection. But the ionizing radiation of radiographic imaging modality makes it 

unsafe for periodic assessment of curve progression in adolescents.  

• Ultrasound imaging modality is radiation-free, real-time, portable, and cost-

effective. It is suitable for early scoliosis detection, as the ultrasound and X-ray 

measurements of spine curvature angles show very good correlations and 

agreement. But ultrasound images are associated with low contrast and speckle 

noise, which make it challenging to be used for spine curvature assessment.  
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2.3 Scoliosis assessment parameters 

2.3.1 Cobb angle 
The standard clinical measurement for adolescent 

idiopathic scoliosis is the coronal Cobb angle (Cobb 

1948), measured from the end-plates of the end 

vertebral bodies in a standing radiograph (Fig. 2.9). 

This measurement of posterior-anterior (PA) column 

structures describes the PA spinal deformity 

(Herzenberg et al. 1990). A Cobb angle greater than 

10° indicates scoliosis, and the progression of a curve 

is indicated by an increase of at least 5° between 

radiographs from consecutive clinical visits indicates (Lonstein & Carlson 1984).  

Though the Cobb angle is the gold standard measurement technique for assessing 

spinal curvature on radiographs and is used as the basis for clinical treatment decisions, 

it has some major drawbacks. Firstly, the intra-observer and inter-observer errors in Cobb 

angle measurements are typically 3–5° and 5–7°, respectively (Morrissy et al. 1990), 

(Pruijs et al. 1994). Secondly, a relatively large difference in accuracy was found between 

the anterior and the posterior vertebral regions, since several anatomical landmarks on 

the posterior arch, such as the transverse and/or spinous processes, maybe barely visible 

on the X-ray images, which causes reconstruction error that leads to results discrepancies 

(Mitulescu et al. 2002). Thirdly, for the manual Cobb angle measurement process, the 

measurement accuracy is mostly dependent on the awareness and practice of the observer 

and the quality of images. 

Fig 2.8. Scoliosis Assessment Parameters 

 
 

Fig 2.9. X-ray Cobb angle 
measurement 

(https://radiopaedia.org/articles/cobb-
angle) 

Scoliosis Assessment 
Parameters  

Cobb angle Spinous process angle 
(SPA)

Ultrasound curve angle 
(UCA)
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2.3.2 Spinous Process Angle (SPA) 
The spinous process angle (SPA) (Herzenberg et al. 1990) is a 

spinal measurement technique that links the tips of the spinous 

processes to construct a continuous curve (Fig 2.10 (Zhou et al. 

2020)), which can be used to obtain a curvature measurement. The 

posterior deformity of the spine can be defined using this 

measurement. Some researchers have confirmed the high 

correlation between the SPA and the Cobb angle for moderate 

curves (20° to 40°) (Li et al. 2010), (Li et al. 2012).  

However, the severity of scoliosis with large curvatures can be 

underestimated by the SPA value as compared to traditional Cobb 

angles (Brink et al. 2018), (Zheng, Lee, et al. 2016). Also, SPA 

needs more landmarks than the Cobb angle for measurement and therefore introduces 

more sources of variation (Morrison et al. 2015).  

2.3.3 Ultrasound Curve Angle (UCA) 
Lee et al. proposed a new measurement parameter for 

scoliosis assessment using ultrasound imaging modality and 

named as ultrasound curve angle (UCA) (Fig. 2.11) (Lee et al. 

2021). Lateral bony features are used as the landmarks for UCA 

measurement. UCA was proved to be highly correlated with X-

ray Cobb angle and thus a reliable ultrasound parameter for 

scoliosis measurement.  

Key Takeaway:  

• Though X-ray Cobb angle is the traditional technique for 

scoliosis assessment, it has three major drawbacks, i.e. 

intra and inter-observer error, reconstruction error as 

transverse/spinous processes are hardly visible on X-ray 

images and human error in manual measurement.  

• SPA is highly correlated with Cobb angle but it has two major drawbacks, i.e. it 

underestimates the severity of scoliosis with large curvature compared to Cobb 

angle and it introduces more sources of variation, as it needs more landmarks for 

measurement. 

Fig 2.10. SPA 
measurement (Zhou et 

al. 2017) 

 

Fig 2.11. (a) UCA 
measurement with 

ultrasound image and (b) 
Cobb angle measurement 
with X-ray image (Lee et 

al. 2021) 

 

(a) (b) 
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• UCA is a newly developed scoliosis measurement parameter and establishes a 

good agreement with X-ray Cobb angle measurement. Unlike SPA, it uses lateral 

features as landmarks for measurement. UCA gives reliable spine curve 

measurements.   

2.4 Scoliosis assessment methods  
Scoliosis is assessed in two steps:  

1. Detection of spinous profile column or lateral bony features 

2. Calculation of spine curvature angle 

In the literature review, I have classified all the scoliosis assessment methods in three 

categories: (a) Manual method, where all the two steps of scoliosis assessment were done 

manually, (b) Semi-automatic method, where the land-marking on vertebrae for detection 

of the spinous profile was done manually and (c) Automatic method, where both the two 

steps of scoliosis assessment were done automatically without any observer intervention.  

The three methods are then further categorized in two sub-groups depending on the 

imaging modality used for scoliosis assessment: (a) Measurement using X-ray 

(Parameter: Cobb angle) & (b) Measurement using Ultrasound (Parameter: Cobb angle, 

Spinous Process Angle, Ultrasound Curve Angle).  

2.4.1 Manual method 

2.4.1.1 X-Ray Cobb angle 

 A methodological survey was carried out to determine the reliability of the Cobb angle 

measurement (Pruijs et al. 1994). In the first part of the research, the variation in 

radiograph image quality was calculated using Cobb angle measurements made by one 

investigator on serial radiographs of patients with a fixed spinal curvature following 

spinal fusion for scoliosis. The second part involved investigating the accuracy of Cobb 

angle measurement by comparing measurements on the same radiographs of 46 scoliosis 

patients obtained by three investigators, two orthopedic surgeons, and an orthopedic 

fellow who was assigned to a school screening project. The study showed that, although 

different investigators proved the reproducibility of the Cobb angle measurement, the 

variation in production of a spinal radiograph is an important source of error.  

Another study was done to determine the intra-observer and inter-observer reliability 

of end vertebra definition and Cobb angle measurement using printed and digital 

radiographs of 48 patients with scoliosis (Gstoettner et al. 2007). The result showed that 
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for the Cobb angle measurement the definition of end vertebrae introduced the main 

source of error. Therefore, digital radiography could not improve the measurement 

accuracy for the Cobb angle.  

A systemic review was done on measuring procedures to determine the Cobb angle in 

AIS (Langensiepen et al. 2013). The study showed that reproducibility of manual 

measurement of X-ray Cobb angle produced high variability in intra and inter-observer 

agreement. According to the study, automatic measurement procedures were better than 

manual ones.  

2.4.1.2 Ultrasound Spinous Process Angle (SPA) & Ultrasound Curve Angle (UCA) 

3D ultrasound is a valuable diagnostic method for scoliosis. Zheng et al. demonstrated 

that a radiation-free Scolioscan system is reliable for further research and clinical 

applications for scoliosis (Zheng, Lee, et al. 2016). Coronal plane image is formed by 

Volume projection images (VPI) method which gives volumetric image within 10 mm 

depth along the anteroposterior direction. The location of the spinal cord can be detected 

near the mid-line of VPI. Eventually, it helps to measure the spinal deformity angle, by 

calculating SPA. Though the angle measured is comparable to the Cobb angle, the 

feasibility of this method, when dealing with a larger number of scoliosis cases and with 

different curvatures, is still unknown. 

Wang et al. evaluated the reliability and validity of clinical 3D ultrasound imaging on 

lateral curvature measurement of AIS using the center of laminae (COL) method, with 

their corresponding MRI measurement using Cobb method (Wang et al. 2015). Though 

the result showed a good agreement between the angles generated in two imaging 

modalities, there was no experiment for the applicability of the COL method for a larger 

clinical trial.   

A freehand 3D ultrasound system was developed to eliminate three problems of X-ray 

imaging: (a) radiation hazard and (b) 2D viewing of 3D anatomy of spine & c) large inter-

observer variation (Cheung, Zhou, Law, Lai, et al. 2015). Though the result showed that 

the ultrasound volume projection imaging method can be a promising approach for the 

assessment of scoliosis, the manual bony landmark detection using 3D ultrasound 

underestimated the deformity of the spine compared to the traditional X-ray Cobb angle.  

Spinous process (SP) and transverse process (TP) ultrasound images were used to 

measure the spinal curvature angle and proved to be comparable with the traditional Cobb 

angle (Brink et al. 2018). The ultrasound angles were 15%–37% smaller as compared 
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with the Cobb angles and therefore, good linear correlations were seen between all 

ultrasound angles and the Cobb angle.  

Coronal 3D-ultrasound images with more lateral features for angle measurement were 

created using an alternate 3D ultrasound image reconstruction method (Lee et al. 2021). 

The angle was named ultrasound curve angle (UCA) and unlike using the spinous process 

as an anatomical reference, thoracic and lumbar bony features were used as a reference 

for angle measurement. The ultrasound and X-ray measurements of spine curvature 

showed good correlations and agreement. Though the outcome of this research was very 

promising, vertebrae structure selection for angle measurement was done by raters and 

prone to have manual error.  

2.4.2 Semi-automatic method 

2.4.2.1 X-Ray Cobb angle 

A mask-based segmentation algorithm was proposed for semi-automatic X-ray Cobb 

angle measurement to diagnose scoliosis without human error (Samuvel, Thomas & Mini 

2012). In this method, as a first step, the landmark on the centre of each vertebra was 

identified manually on the X-ray image. In the next step, segmentation of each vertebra 

was done by placing optimized masks of landmark points. Finally, the Cobb angle was 

calculated automatically from lower and upper-end vertebrae. As the landmarks were 

identified manually, this method could not fully eliminate the human factor for Cobb 

angle measurement.   

 Another semi-automatic Cobb angle measurement technique using frontal 

radiographic images demonstrated that this technique was more accurate than the manual 

technique (Sardjono et al. 2013). Three curve-fitting techniques, piece-wise linear, 

splines, and polynomials, each with three variants were used to calculate Cobb angle 

automatically, and the result was compared with manually measured Cobb angle.  

Safari et al. proposed a semi-automatic algorithm to measure X-ray Cobb angle to 

avoid operator-dependent errors (Safari et al. 2019). The semi-automatic algorithm 

determined the overall structural curvature of the spine, and the Cobb angle was assessed 

by calculating the angle between two normal lines to the spinal curve at the inflection 

points of the curve. Though this computer-assisted scoliosis assessment system is reliable 

and accurate, the imaging modality is not free of radiation and, therefore, not safe for 

periodic monitoring of AIS.  
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2.4.2.2 Ultrasound Spinous Process Angle (SPA) & Cobb Angle 

According to recent research, semi-automatic measurement of spine angle can be done 

using the image processing method. In the semi-automatic measurement of SPA, the 6th 

order polynomial curve fitting method was used to measure the spine curve equation. The 

main aim of the work was to determine the two main inflection points to determine SPA 

(Zhou et al. 2016). Since in this method the tangent lines were manually input, human 

errors were associated with it.  

To measure the severity of AIS, a semi-automatic, non-ionizing 3D ultrasound 

reconstruction method was proposed (Vo, Le & Lou 2019). This method uses 3D 

ultrasound using a voxel-based reconstruction technique with bilinear interpolation to 

reconstruct a 3D spinal image and assess the true spinal curvature on the plane of maximal 

curvature (PMC). The PMC Cobb angles were approximately greater than their 

corresponding posteroanterior X-ray Cobb angles by 7°. However, this method has some 

limitations due to ultrasound imaging characteristics. Firstly, the vertebral body could not 

be reconstructed due to the acquisition configuration and the lack of ultrasound energy 

penetrating through bone. This prevented the Cobb method from being applied to measure 

the traditional Cobb angle. Secondly, when the axial vertebral rotation for measuring 

PMC was large, the areas behind the spinal process did not receive an ultrasound signal 

and, therefore, could not be imaged.  

2.4.3 Automatic method  

2.4.3.1 X-Ray Cobb angle 

Manual or semi-automatic Cobb angle measurement is sensitive to observer expertise 

level or experience. A computer-aided semi-automatic Cobb angle measurement system 

was developed using X-ray imaging modality (Zhang et al. 2010). In this system, a fussy 

Hough transform technique was used to detect upper- and lower-end vertebrae 

automatically. The variability of Cobb angle measured by this technique was much less 

than observer-measured angles. The problem of inter- and intra-class observers is also 

mitigated in this technique.  

An automatic Cobb angle measurement technique was proposed to discard human 

intervention by automatic slope selection from vertebrae X-ray images (Kundu, 

Chakrabarti & Lenka 2012). Introduction of an improved version of Non-local Means for 

image denoisation and Otsu’s automatic threshold selection for canny edge detection in 
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this system reduced intra- (44.85%) and inter-observer (72.29%) variability for Cobb 

angle measurement.  

Measurement of Cobb angle from X-ray images using a deep neural network produced 

satisfactory results (Zhang et al. 2017). Deep neural networks trained by vertebral patches 

were able to determine the slopes of vertebrae automatically, and the Cobb angle was 

calculated from these slope values. The Cobb angles measured by this method were 

compared with those measured manually (≤3°). This system showed an intra-class 

correlation coefficient greater than 0.98, which indicates that it had high repeatability for 

measurements of Cobb angle. The vertebral patches were assigned by the user, which is 

the source of error in this research.   

Another deep learning-based X-ray Cobb angle measurement algorithm was proposed 

where the network segments the spine contour and discards unrelated regions. After that, 

the Cobb angle was measured from the segmented spine region by the curve fitting 

method (Tu et al. 2019).  

An automatic method was developed to calculate the Cobb angle and classify the type 

of deformation of the spine using X-ray imaging modality (Janumala & Ramesh 2020). 

In this method, segments of the spinal cord were detected using a novel speeded-up robust 

features algorithm, and support vector machine was used to identify the vertebrae for 

Cobb angle calculation.  

Convolutional neural network (CNN) showed a very promising outcome in the 

automatic calculation of Cobb angle from spine X-ray images (Pan et al. 2019). In the 

most recent and advanced work, the Cobb angle was measured using the minimum 

boundary rectangle method (Horng et al. 2019). In this work, vertebrae were segmented 

using three CNN architectures, i.e. U-Net, Residual U-Net and Dense U-Net, of which 

Residual U-net gave the best results. The accuracy of Residual U-net was as high as 97%, 

but this method is useful only with X-ray images. An efficient and accurate AIS detection 

system was proposed where multi-scale CNN (Deeplab V3+) was used to segment 

vertebrae and calculate Cobb angle successfully (Liu et al. 2021).  

2.4.3.2 Ultrasound Spinous Process Angle (SPA) 

Ultrasound and artificial intelligence were integrated to deliver a safer and more 

accessible alternative to X-ray imaging for scoliosis detection. Zhou et al. worked on 

automatic measurement of spine curvature using 3D ultrasound image pre-processing 

with phase congruency and newly developed two-fold threshold strategy (Zhou et al. 

2017). This method overcame the limitations of manual measurement of SPA. e.g. 
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variations in measurements. However, the computational time of this method is 

significant, as the program spends most of the time computing the phase congruencies of 

the images. In conclusion, it is robust enough to handle a large group of images, but it 

cannot help with faster processing and detection. 

Automatic detection of the location of vertebral landmarks is very crucial for the 

diagnosis and periodic monitoring of scoliosis. Deep learning-based end-to-end object 

detection algorithm, Single Shot MultiBox detector, was applied for vertebrae landmark 

detection using ultrasound images (Deng & Huang 2019). The preliminary experiment 

results on the phantom showed high accuracy in vertebra landmark detection. CNN has 

been applied to segment the spine from ultrasound scan images and calculate ultrasound-

based angles (Ungi et al. 2020). This method was efficient and accurate, as it could 

complete the measurement process in less than 1 minute with only 2.2° maximum error 

compared to X-ray-based measurement.  

The essential part of the calculation of SPA is detecting the spinous process (SP). Recent 

research has developed CNN-based stacked hourglass network for automatic 

segmentation of SP from coronal spine 

ultrasound images (Zeng, Ge, Gao, Zhou, 

Zhou, He & Zheng 2021). The measured 

SPA in this method was comparable to the 

gold standard radiographic Cobb angle. But 

there are a few factors, such as the different 

standing posture of patients and poor image quality of ultrasound, which affected the SPA 

measurement process.  

Table 2.3 shows a summary of various scoliosis measurement techniques with respect 

to the three measuring parameters.  

Key Takeaway:  

• The scoliosis assessment technique consists of two main parts: (a) detection of 

spinous profile column or lateral bony features and (b) calculation of spine 

curvature angle.  

• The manual method of scoliosis assessment has a few major disadvantages: (a) 

unable to deal with a large number of patients’ data, (b) intra- and inter-observer 

error in angle measurement, and (c) human error in vertebrae landmark detection.  

• The semi-automatic method of scoliosis detection is not free from human error in 

vertebrae landmark identification.  

Table 1.3 Summary of various scoliosis assessment 
methods 

 
Manual 

Semi-

automatic 
Automatic 

Cobb Angle    

SPA    

UCA    
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• Automatic scoliosis assessment is comparatively fast and free from human error, 

but this method is only available for X-ray Cobb angle and ultrasound SPA 

measurement. There is no evidence of research on automatic UCA measurement.  

2.5 Application of Convolutional Neural Network on 

ultrasound image 
 The biggest challenge in clinical diagnosis using ultrasound imaging is high inter- and 

intra-operator variability. As a result of high inter-operator variability, many cancer drug 

trials do not accept ultrasound-derived tumour measurements. Using machine learning 

techniques with the ultrasound imaging can help in successfully diagnosing several 

diseases. However, low resolution and speckle noise are the two major problems 

associated with ultrasound imaging. Thus, pre-processing should be done on the acquired 

ultrasound image. Recently, deep learning techniques have been used to extract numerical 

features from ultrasound images. Vedula et al proposed a convolutional neural network 

to transform speckled, blurry ultrasound images into better quality images (Vedula et al. 

2017). Automated ultrasound image analysis promises to play a crucial role in addressing 

some of these challenges. 

The 3D ultrasound images of different depths have different definitions, especially for 

the middle spine line. All the images with varying depths do not give useful and detailed 

information about the spinal cord. To select the best image, a convolutional neural 

network (CNN), a unique kind of deep neural network, is used. The use of a CNN for 

analysis of medical images is the recent trend. CNN architecture is the most commonly 

used deep learning technique for analysing medical images. Generally, a CNN consists 

of several convolutional layers (Zeiler & Fergus 2014), max-pooling layers (Szegedy et 

al. 2015) and fully connected layers (Krizhenvshky, Sutskever & Hinton). The activation 

methods used in a CNN include the rectified linear unit, sigmoid and tanh (Jarrett, 

Kavukcuoglu & LeCun 2009).  

In the past few years, deep learning, especially the CNNs (LeCun, Kavukcuoglu & 

Farabet 2010), has proven to be a reliable image classification technique. The CNN does 

not require the manual design of features because of its end-to-end characteristics. Its 

performance in terms of image feature extraction is excellent (Zeiler & Fergus 2014). It 

uses self-learning features of the convolution kernel to directly input the original image 

and obtain the classification result. Moreover, by increasing the number of layers, the 
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CNNs can extract considerably complex and detailed image features. Generally, the lower 

layers of the CNNs are found capable of extracting some general features of images, 

whereas the higher layers extract more specific features. Evan et al. demonstrated that the 

performance of the CNN can be significantly improved using cascading features of the 

different convolution layers in the CNN (Long, Shelhamer & Darrell 2015). Moreover, 

transfer learning and fine-tuning are used to train the CNN requiring large amounts of 

data, a technique lacking in the field of medical images (Phan et al. 2016). Now CNNs 

and transfer learning are being used for imaging breast cancer (Wahab, Khan & Lee 

2017), cancer recognition(Wahab, Khan & Lee 2017), and blood cell classification 

(Wahab, Khan & Lee 2017). Transfer learning involves pre-training the CNN on a large 

dataset to learn general weights, after which these weights are transferred by fine-tuning 

the learning rate from pre-trained CNN for training smaller data. CNNs perform well in 

terms of classification. Each of the three CNNs can outperform others or present defects 

under different cases. Moreover, a difference in their performance can be observed owing 

to the difference in the sizes of their convolutional kernels and network structures.  

CNNs have different architectures for various applications. Classic architectures – 

LeNet-5, AlexNet, VGG-16 – are made of simply weighted convolution layers, while the 

modern ones – ResNet, DenseNet – are more complicated and capable of efficient 

learning. The CNN models give remarkable enactment on ImageNet, a large visual 

database (Krizhenvshky, Sutskever & Hinton). Zeiler et al. highlighted that the ImageNet 

model works best when the softmax classifier is retrained (Zeiler & Fergus 2014).  

A few popular CNN architectures are as follows:  

1. AlexNet (Krizhenvshky, Sutskever & Hinton), a convolutional network, was 

introduced as a competitor in the ImageNet Large Scale Visual Recognition 

Challenge (ILSVRC) in 2012. It comprises eight layers that can extract numerous 

features, as well as five convolutional layers, some of which are followed by max-

pooling layers, and three fully connected layers with a final 1000-way softmax. 

The fully connected layer is used for mapping the extracted distributed feature 

representations to the sample space and weight features; these layers only have 

4096 neurons each.  

2. GoogleNet (Szegedy et al. 2015) won the 2014 ILSVRC challenge. It succeeded 

in reducing ImageNet’s top5-error rate to 6.67%. GooleNet employs an inception 

architecture to identify an optimal local sparse structure in a convolutional neural 
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network. An inception architecture can use different receptive fields of 

convolution kernel sizes of 1×1, 3×3 and 5×5 to capture scale-invariant features.  

3. ResNet50 (He et al. 2016) is another efficient CNN proposed for image 

recognition. ResNet50 uses residual blocks to realize deep residual learning 

through feed-forward neural networks with shortcut connections. Shortcut 

connections skip one or more layers, where the output of short connections is 

added to the output of stacked layers. Residual blocks deepen the number of 

network layers; this results in the stark distinction of the extracted features of each 

layer, which is especially helpful for capturing high-level details. 

The image features are extracted by different convolution kernels situated in various 

layers of the CNN; these differ in terms of their hierarchical nature. The convolution 

operation of the output of the previous layer and the specific convolution kernel obtained 

from learning generate each feature map. The featured activity in intermediate layers must 

be interpreted and the performance contributions of different layers must be understood 

in order to improve the CNN performance and adjust network parameters. However, 

training the CNNs on small quantities of data is extremely difficult. Bengio used weights 

to transfer knowledge in networks and improve performance (Bengio 2012). In general, 

the learning rate influences the speed of updating the CNN weights. Extremely high 

learning rate destabilizes the CNN weights, following which the loss function fails to 

converge. On the other hand, extremely low learning rate slows down the updating of 

weights, thereby reducing the efficiency.  

Litjens et al. observed that deep learning is being increasingly used in almost every 

aspect of medical image analysis and that the convolutional neural network is one of the 

most accurate and succinct among all the deep learning methods (Litjens et al. 2017). 

Many previous research works have been done on cardiovascular (Yu et al. 2017), thyroid 

nodule (Liu et al. 2017), kidney (Q Zheng October 2018), foetal skull segmentation 

(Cerrolaza et al. 2018) ultrasound image analysis using CNN. The application of CNN on 

spinal cord image analysis is a new approach.  

The inherent disadvantage of an ultrasound image is its high speckle noise and low 

contrast, making feature extraction from ultrasound images quite challenging. Deep 

learning methods, especially CNN, can extract underlying features from the images, but 

a large dataset is needed for the training process. Liu (2017) revealed that deep transfer 

learning features give very good results in thyroid nodule classification (93% accuracy). 

According to Zheng (2016), integrating deep learning techniques into kidney ultrasound 
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image data can increase the performance of image classification and, consequently, the 

detection of kidney diseases. It is quite ideal to apply deep learning to ultrasound medical 

imaging.   

A two-stage CNN was used to detect tumours from breast ultrasound images (Huang, 

Han, et al. 2019). The two-stage CNN and the refined process were robust enough to 

remove inherent speckle noise and low image contrast of ultrasound image. Refined 

region of interest (ROI)-CNN+Grading CNN gave 99% accuracy in the classification of 

Category 3 breast tumour, but again there is no such experiment with spine ultrasound 

images. 

Key Takeaway:  

• Automatic scoliosis assessment techniques can eliminate the measurement errors 

caused by human intervention.  

• Convolution neural network (CNN) has been proven superior in the field of 

biomedical image processing.  

• CNN can be applied for automatic feature extraction from ultrasound images with 

low contrast and speckle noise.  

• CNN showed successful outcomes in the segmentation and detection of various 

organs from noisy ultrasound images.  
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CHAPTER III: GENERATION AND COLLECTION 

OF ULTRASOUND SPINE IMAGES  
3.1 Introduction 

The overall objective of this research is to develop an automatic scoliosis assessment 

system using ultrasound spine images and artificial intelligence. The first step in the 

automatic diagnosis of scoliosis, as described in Fig 1.4 (Chapter I), is the generation and 

collection of ultrasound spine images. This chapter aims to describe in detail the 

generation and collection of ultrasound spine image dataset used for this research. 

Ultrasound is a cost-effective, radiation-free, and real-time imaging modality which 

better diagnoses scoliosis than X-ray or magnetic resonance imaging (MRI). Various 

modes of ultrasound are used in medical imaging (shown in Fig. 3.1).  

3.1.1 B-Mode ultrasound imaging  
B-mode ultrasound imaging is a popular diagnostic tool in the field of medicine. It is 

capable of obtaining images in real-time using non-ionizing radiation, poses no risk to 

patients, and is reasonable compared to other medical imaging modalities (Szabo 2004).  

Various physical occurrences can result in an ultrasound B-mode image. The most 

common cause of this is when the probe emits a short ultrasound pulse, some waves get 

1. A-Mode or 
amplitude mode

Therapeutic US

2. B-Mode or 
brightness mode

To view a plane 
of body as a 2D 

image

3. C-Mode

Sample 2D plane 
at fixed depth 

4. M-Mode or motion 
mode

To determine the 
velocity of 

specific organs

Fig 3.1. Types of Ultrasound Imaging 

Fig 3.2. B-Mode ultrasound foetus spine image 
(https://www.medison.ru/ultrasound/gal414.htm) 
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reflected to the transducer when a tissue with different acoustic impedance is 

encountered; the remaining waves penetrate into the tissue deeply. The probe then detects 

the backscattered ultrasound waves electronically, resulting in an image if the intensity is 

proportional to the strength of the return echo (Szabo 2004). In short, B-Mode is a two-

dimensional ultrasound image display in which the ultrasound echoes are represented by 

bright dots. The amplitude of the returned echo signal determines the brightness of each 

dot. Fig 3.2 shows a foetal spine image captured using B-mode ultrasound. 

Table 3.1 summarizes the various applications of ultrasound imaging in the diagnosis 

of spinal deformation. According to Hwang et al., the application of ultrasound imaging 

modality in the assessment of spinal health has been a popular subject of research in recent 

times (Hwang et al. 2021). Tawfik et al. established that, in identifying main spinal 

abnormalities in infants, the diagnostic value of spinal ultrasonography was equivalent to 

that of MRI (Tawfik et al. 2020). In another research, Zhang et al. showed that, for long-

term spinal deformity treatment, such as cases of severe scoliosis, ultrasound imaging is 

safe and gives patient comfort along with a clear intrathecal structure for guided treatment 

(Zhang et al. 2021). Ultrasound is also applied in pre-procedural imaging of central 

neuraxial blockade of the spine to identify, in real-time, the ideal trajectory (best angle, 

direction of approach, and depth) and to optimize the subsequent invasive treatment with 

fewer needle passes and skin punctures (Kalagara et al. 2021). 
Table 3.1 Application of ultrasound imaging in diagnosis of spinal deformities 

Author Field of work Region of interest (ROI) Comments 

Hwang et al. 

2021 

Application of ultrasound 

in traumatic spinal cord 

injury (SCI) 

Spinal cord Ultrasound imaging can serve as a powerful 

adjunct to various developing therapies for SCI 

Tawfik et al. 

2020 

Comparison of spinal 

ultrasound with MRI for 

the diagnosis of spinal 

deviation in infants 

Spinal cord and bony 

elements 

Spinal ultrasound can be used as a first-line 

screening investigation for infants with spinal 

deviation 

Zhang et al. 

2021 

Nusinersen through 

lumbar puncture with 

real-time ultrasound 

guidance in spinal 

muscular atrophy (SMA) 

patients with severe 

scoliosis. 

Lumbar area 100% success rate (no major complications) has 

been achieved in radiation-free and real-time 

ultrasound-guided lumbar intrathecal 

administration of nusinersen in SMA patients 

with severe scoliosis 

Kalagara et 

al.  2021 

Central neuraxial 

blockade using 

ultrasound imaging 

Mid-spine line, vertebral 

level, interlaminar space, 

epidural and intrathecal 

spaces 

1) Ultrasound increases the success rate and ease 

of neuraxial block performance. 

2) Ultrasound usage for neuraxial procedures 

reduces the risk of traumatic procedures and, 

thus, may increase safety 
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3.1.2 3D B-Mode ultrasound imaging  
A radiation-free, freehand 3D ultrasound system named Scolioscan was invented by 

Professor Zheng and their team to detect scoliosis using volume projection imaging (VPI) 

(Zhou & Zheng 2015); (Zhou et al. 2017). Scanning of patients is done using an 

ultrasound probe, and the B-mode images, as well as the information pertaining to their 

corresponding position and orientation, are collected. This information is used for 

reconstructing a 3D image. On the other hand, the images presenting the coronal view of 

the spine are recorded using volume projection imaging (Zheng, Lee, et al. 2016). 

For further processing, a single 3D VPI ultrasound image is sliced into nine 2D coronal 

images of different depths and qualities. Though the nine 2D images are of different 

qualities, they look very similar, especially the adjacent images. For further processing of 

the images for scoliosis assessment, selecting the best image among the lot is necessary.  

3.2 Manual assessment of scoliosis using Scolioscan  
Among all available techniques, the 3D ultrasound volume projection imaging is the 

best one to visualize spine anatomy. Zheng et al. illustrated that Scolioscan is a reliable 

and radiation-free system to measure spine deformity using 3D ultrasound imaging for 

adolescent idiopathic scoliosis patients (Zheng, Lee, et al. 2016). The result is very 

satisfactory when compared with the conventional radiographic Cobb method. Fig 3.3 

Scanning patients Collection of B-
mode images

Formation of 3D 
VPI images

Formation of 
coronal view 

images
Finding location 

of spinous process
Calculation of 

spinal deformity 
angle

Fig 3.3. Flowchart of current (manual) scoliosis assessment technique using 
Scolioscan system  
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presents a complete flowchart of the existing manual scoliosis assessment procedure 

using Scolioscan. 

3.2.1 The Scolioscan system 
The Scolioscan system (Model SCN801, Telefield Medical Imaging Ltd), shown in 

Fig 3.4, developed in Hong Kong, is used to generate 3D volume projection images (VPI) 

depending on conventional 3D ultrasound imaging technique. The frame of the 

instrument is rigid, but it has two movable supporting boards and four supporters to help 

Fig 3.5. Four supporters helping patient maintain a 
stable posture; the supports are adjusted against the chest 
and hip boards, and their lengths are adjusted accordingly 

(Zheng, Lee, et al. 2016)

Fig 3.6. Scanning procedure with the Scolioscan 
probe, Ultrasound gel is applied on the area to be 

screened (Zheng, Lee, et al. 2016)

Fig 3.4. A Scolioscan System (Zheng, Lee, et al. 2016)
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the patients maintain a stable standing posture during a diagnosis, as shown in Fig 3.5. 

The chest and hip boards are adjustable vertically to fit patients with various heights. The 

four supporters with adjustable lengths are fixed on the boards by implanting to the 

fixation holes and sealed by turning the supporter by 90°. For follow-up assessment of a 

single patient, the board location (vertical), support position (vertical and horizontal), and 

supporter length is recorded.  

3.2.1.1 Scanning procedure 

A custom-designed linear probe (frequency: 4–10 MHz), 10-cm wide, is used as the 

ultrasound probe for freehand scanning and generation of a 3D ultrasound image of the 

spine. Inside the ultrasound probe, an electromagnetic spatial sensor is fitted to sense the 

position and orientation of the probe. The electromagnetic transmitter is placed inside the 

transmitter box, as shown in Fig 3.4. Fig 3.6 shows the scanning procedure of a patient’s 

spine. During scanning, the probe is progressed from bottom to top of the patient’s back 

to scan the whole spine. The system also has two LCD screens and one touch screen that 

is used by the operator for uploading patient information, setting parameter during the 

scan, generating VPI images, conducting measurements and producing reports (Zheng, 

Lee, et al. 2016).  

There is another screen at the back to provide information to the patient. The screen 

also has a green eye spot with location set according to the height of the patient to assist 

the them to keep their head and neck stable during scanning. Not only that, the screen 

also provides information regarding the different steps of assessment procedures to keep 

the patient aware of the system, thereby making the whole system more accommodating. 

It is attached with the propriety software for scanning, VPI image analysis and angle 

measurement of the spine.  

The overall evaluation process involves the following:  

1. Patient information registration 

2. Adjusting supporters 

3. Setting up the ultrasound scanner  

4. Reporting   
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Before starting a scan, it is necessary to determine the upper and lower boundary of 

the scanning area. The ultrasound probe, therefore, is placed at the bottom and top of the 

scanning area to record the lower and upper boundaries of the scan, respectively. The 

location of the moving probe with respect to the upper and lower boundaries is shown in 

real-time on the interface to guide scanning.  

3.2.1.2 Image processing and manual assessment of scoliosis angle 

For collecting the B-mode images, the corresponding position and orientation 

information are used. All the images together construct 3D images, and volume projection 

imaging (VPI) is used to form coronal view images for further analysis of the spine 

(Cheung, Zhou, Law, Mak, et al. 2015). A volume projection image is a volumetric image 

that uses the average intensity of all voxels within a selected depth (approximately 10 

mm) along the anteroposterior direction to form an image in the coronal plane. Fig 3.7 

shows Scolioscan’s interfaces used for scanning, as well as the VPI image analysis and 

angle measurement, during measurement. The curve near the middle line of the 3D VPI 

image, which represents the location of the spinous process, is considered the spine. This 

spine curve is used to measure the spinal deformity, and the deformity angle is called the 

Fig 3.7. Software interfaces for (a) Scanning and (b) VPI image analysis and 
angle measurement of Scolioscan (Zheng, Lee, et al. 2016)  

 

(b) 
 

(a) 
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Scolioscan angle (Fig 3.8), which is similar to the Cobb angle of each patient. The two 

most skewed portions of the spine curve should be identified as the most tilted vertebrae 

for scoliotic angle measurement. The local slant of the spine curve is measured by 

drawing two small lines (blue lines in Fig 3.8) manually from the middle of the curve on 

the coronal image. The orientation of these two manually drawn lines is used to estimate 

the Scolioscan angle.  

3.3 Moving towards automatic assessment of scoliosis 
3.3.1 The ultrasound image dataset and pre-processing 

The 2D volume projection images were collected using Scolioscan. During the 

scanning, the frame rate of the system was 60 frames/sec and the average scanning speed 

of the ultrasound probe from the bottom to the top along the spine was 2.0 cm/sec. The 

experimental procedures involving human subjects were approved by the Institutional 

Review Board. The subjects gave informed consent for their inclusion in this study as 

required, and the work adheres to the Declaration of Helsinki.  

A total of 109 images collected from 109 patients (82 females and 27 males) with an 

age range of 15.6 ± 2.7 years and having different degrees of spine deformity were used 

retrospectively. The mean body mass index (BMI) of the subjects was 18.3 ± 2.1 𝑘𝑘𝑘𝑘/𝑚𝑚2. 

None of the patients had neuromuscular or congenital problems at the time and received 

standard diagnosis and treatment. Nine 2D coronal images of different depths were 

(c) 
Fig 3.8. (a) 4 spine VPI images showing the coronal plane with 

different levels of spine deformity with the two lines manually 
drawn (b,c,d) the three lines to form two pairs to measure the 

curvatures of spine in the thoracic and lumbar regions, 
respectively (Zheng, Lee, et al. 2016)  

 

(b) (a) (d) 



 

41 

extracted from a single 3D ultrasound VPI image (Cheung, Zhou, Law, Mak, et al. 2015). 

Since the quality of individual images greatly varies, human experts were employed to 

manually assess the clarity of the lateral bony features visible on an image and select the 

best image for each patient. Subsequently, 109 2D vertebral coronal images formed the 

input dataset for this work, and each 2D image was then resized uniformly to 2574 × 640-

pixel and converted to the ‘.png’ format. 

3.3.2 Generation of 2D VPI images 
A patient’s 3D volume image generated by Scolioscan is cut into nine 2D coronal 

images from different depths of the cut plane. As shown in Fig 3.9, though the 2D images 

are of different imaging qualities depending on the depth of the respective image, they 

look very similar, especially the adjacent images. Moreover, all nine images do not 

possess a good quality of information. So, for identification of bony features and 

assessment of the Scolioscan angles, good quality images should be selected from them. 

This image selection process is done manually by human experts.  

The 3D spine ultrasound image is sliced into nine 2D vertebral anatomical images 

based on imaging depths (Fig 3.9). The images of different depths are of different imaging 

qualities. Cheung et al. introduced the method of generation of 2D coronal projection 

images from Scolioscan, using a narrow-band, non-planar volume rendering algorithm 

and is known as volume projection imaging (VPI) (Cheung, Zhou, Law, Mak, et al. 2015) 

(Fig 3.10). The 3D ultrasound images have different sizes according to the patients. The 

details of the dataset used for this research are summarized in Table 3.2. 

An experienced operator from the Hong Kong Polytechnic University marks the best 

images manually. The best images (first 3 images from left, in Fig 3.9) are selected based 

on the criteria of a clear, dark line in the middle representing the spine profile, as well as 

Fig 3.9. The sample of nine 2D ultrasound images in different depths of a 3D spine image 

 



 

42 

other spinal features, as clearly as possible in the image, including transverse processes 

and ribs.  
Table 3.2 Summary of the data set used in the research 

Particulars Details 

Medical device Scolioscan system which gives 3D ultrasound 

images as output 

Patient profile 109 patients (82 females and 27 males) with an 

age range of 15.6 ± 2.7 years 

Pre-processing Conversion process of 3D to 2D image using 

Volume projection imaging technique 

Image profile used as input for the research 

Number of images 109 

Size in pixel 2574 × 640 

Image file format *.png (portable graphics format) 

3.4 Challenges in processing spine ultrasound image 
The popularly used imaging modalities for scoliosis detection are CT, MRI, X-ray and 

ultrasound. Among them, CT, MRI and X-ray give high-quality outputs that are easier to 

process. Though ultrasound imaging modality has its advantages (safe, scalable and 

economic), it has some drawbacks associated. These drawbacks are compounded when 

the spine is to be imaged.  

3.4.1 Scan noise 
During the acquisition of ultrasound VPI images, mostly, the operator moves the 

ultrasound probe on the back of the patients efficiently and gradually at a constant speed. 

As discussed in Section 3.2.1.1, the probe scans from bottom to top, touching the skin 

along the spine. The ultrasound gel acts as a lubricant between the probe and skin surface. 

The probe resistance at certain parts of the spine, such as protruded spinous process, 

abruptly change due to several reasons. The reasons may include the resistance and 

Fig 3.10. Narrow-band, non-planar volume rendering algorithm for 2D 
image generation   
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fluidity of the skin. Because of this resistance change, the speed of the probe might rise 

suddenly and generate fewer ultrasound frames in some particular areas.  

 

As a result, the recreated 2D coronal images face strong scan noise, as shown in Fig 

3.12a. Nevertheless, scan noise in VPI images may be caused by various factors such as 

ultrasound operators, probing and VPI settings. Fig 3.11 demonstrates the generation of 

the noise. The scan noise makes scoliosis assessment further challenging. Some steps 

were undertaken to mitigate the impact of ultrasound scan noise. However, they had 

certain drawbacks, as enumerated in Table 3.3. 
Table 3.3: Steps to mitigate scan noise and their drawbacks 

Steps taken to mitigate US scan noise impact Drawbacks 

Increasing the sampling frequency during 

scanning 

High sampling frequency causes a higher requirement of scanners and 

thereby increases the budget in clinical applications 

Algorithm-based approach to recover the VPI 

image from scan noise 

High computational complexity makes this approach unfeasible in real-

time diagnosis 

Therefore, the more efficient and effective way to deal with the noise in 2D VPI images 

is not during the scanning process but through applying effective segmentation 

techniques. 

3.4.2 Variability of bony features 
The locations, shapes, and sizes of the bony features are different (Fig 3.13a, b & c) as 

are the UCA (Fig 3.13d, e & f). The slopes between two endpoints of two adjacent bony 

Fig 3.11. Example of US Scan noise. (a) 3D VPI image 
acquired from manual scan. The red frames shows 

multiple B-mode images, who piled up to form 3D image, 
the blue and yellow frames show the coronal and sagittal 

images respectively. (b) green dotted lines shows the 
missing B-mode image, which results the scan noise, (c) 
coronal projected image with scan noise (noisy area in 

green box) (Huang et al. 2022) 

  

Fig 3.12. An example of ultrasound scan noise. 
Generation of VPI image by non-planar volume 

rendering from 3D US volume data (Cheung, Zhou, 
Law, Mak, et al. 2015). (a) original VPI image with 

scan noise, (b) VPI image without scan noise, (c) Scan 
noise and corresponding clear areas in blue and grey 

boxes (Huang et al. 2022) 
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features are also different (Fig. 3.13d, e, & f). The variability of LBFs and TBFs presents 

a unique challenge.  

3.5 Identifying ROIs from ultrasound spine image 
The overall flowchart for the automatic assessment of scoliosis is illustrated in Fig. 1.4 

in Chapter I. The next step in the process is to identify suitable ROIs from the ultrasound 

spine image dataset. Image segmentation using deep learning is researched to help 

demarcate the regions of interest. 

Ultrasound imaging continues to grow, and advances are continuously being made to 

the transducer design, digital systems, spatial/temporal resolution and portability. 

Alongside these developments, ultrasound image processing and segmentation also 

continue to find their place in providing an important tool in computer-aided diagnosis, 

therapy and image-guided interventions (Meiburger, Acharya & Molinari 2018). More 

recently, the importance of providing fully automated localization and segmentation 

techniques has become a hot topic in the field of research as the amount of data to be 

analysed continues to grow, and the capability of processing large multi-institutional 

databases proves to be an asset for large projects and studies. Clinically, these techniques 

can also aid in the diagnosis and treatment of patients, providing both a tool for locating 

potential areas of interest and for quantitatively measuring important clinical information. 

Automated localization techniques refer to those methods that provide an initial 

segmentation and localization of an object of interest within which a fine segmentation 

technique is used to obtain the final quantitative information. Depending on the specific 

application, fine segmentation techniques can be employed within a determined region of 

interest or on the entire ultrasound frame without the use of a localization method to first 

isolate the general area (Meiburger, Acharya & Molinari 2018). 

(a) 

 
(e) 

 Fig 3.13. (a), (b), and (c): Lateral bony Features are of different 
shapes, sizes, and locations, (d), (e), and (f): Slopes between two 

adjacent bony features (thoracic) are different. 

 

(b) 

 
(c) 

 
(d) 

 
(f) 
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In this research, a 3D volume projection image is sliced into nine 2D coronal plane 

images of different depths for scoliosis detection. One such 2D ultrasound spine image is 

shown in Fig. 3.14a. Fig. 3.14b illustrates the various segments of the spine – the thoracic 

bony features, rib, T12 level, and lumbar bony features. Figs. 3.14c and 3.14d outline the 

current methodology used by a medical expert to calculate the ultrasound curve angle 

(UCA). The most tilted thoracic bony features (TBFs) and lumbar bony features (LBFs) 

are identified by experts. Further steps involve drawing lines through the centre of the 

identified TBF and LBF pairs (Fig 3.14c) and allocating lines to measure the UCA (Fig 

3.14d) (Lee et al. 2021). Hence, the clear segmentation of bony features is an important 

step for UCA measurement. 

3.5.1 Need for a suitable segmentation architecture 
Since ultrasound spine images suffer from low contrast, high scan noise and a high 

degree of variability, conventional segmentation architectures such as U-Net, Attention 

U-Net, MultiResUNet are not specialized to deal with the inherent drawbacks or to 

successfully segment these images. Hence, as a part of the research, two new 

segmentation algorithms were developed and are detailed in Chapter IV and Chapter V.  

  

Angle 1 
 

Angle 2 
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(b) 
 

(c) 
 

(d) 

Line 1 
 

Line 2 
 Line 3 
 

Fig 3.14. Ultrasound curve angle (UCA) measurement (a) 
original ultrasound spine image, (b) marked lateral bony features 

with three types of anatomical features, (c) & (d) Illustration of 
methodology  
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CHAPTER IV: LIGHT-CONVOLUTION DENSE 

SELECTION U-NET (LDS U-NET) FOR 

ULTRASOUND LATERAL BONY FEATURE 

SEGMENTATION
4.1 Introduction

As described in Chapter III, there are two serious challenges associated with any 

ultrasound image that degrade the quality of output images. They are (i) speckle noise, 

which is caused by reasons such as air gap between the device and patient’s body (Fig 

4.1b), inconsistencies of ultrasound gel layer during scanning, improper scanning speed 

(Fig 4.1c), or other system losses; and (ii) low image contrast produced because the speed 

of sound varies for various tissues, and it is often difficult to separate fat and water-based 

tissues. As speckle noise appears as information, it makes the clinical data hard to 

differentiate (Loupas, McDicken & Allan 1989), and the low contrast of the image brings 

unnecessary distractions for medical practitioners. 

4.1.1 Medical image segmentation using CNN
Machine learning techniques have been successfully applied in the field of medical 

diagnosis using ultrasound. Vedula et al proposed the transformation of speckled, blurry 

ultrasound images into better quality images using a convolutional neural network (CNN) 

(Vedula et al. 2017). In the past few years, CNNs have been successfully used in various 

biomedical image processing tasks, including image classification (Krizhevsky, 

Sutskever & Hinton 2012),(Szegedy et al. 2015),(Simonyan & Zisserman 2014), feature 

extraction (Zeiler & Fergus 2014), and segmentation (Ronneberger, Fischer & Brox 

Fig 4.1. Various noise in ultrasound spine image (a) raw 
image, (b) and (c) types of speckle noises
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2015), (Long, Shelhamer & Darrell 2015), (Badrinarayanan, Kendall & Cipolla 2017), 

(Hu et al. 2017). Semantic segmentation has become the prior interest area in medical 

imaging (Long, Shelhamer & Darrell 2015),(Badrinarayanan, Kendall & Cipolla 

2017),(Girshick et al. 2014),(Li, Wu, et al. 2017),(Sun & Wang 2018). However, 

automatic semantic segmentation of biomedical images could be difficult when there is 

the variability of shapes and sizes of the anatomy between patients as well as low contrast 

of surrounding tissues (Roth et al. 2018).  

Among many machine learning techniques, the U-Net architecture was particularly 

successful in biomedical image segmentation (Ronneberger, Fischer & Brox 2015). U-

Net can efficiently segment images with a very limited number of the annotated training 

dataset. A U-Net consists of a multi-layer deep encoder network that extracts spatial 

features from the image, and a corresponding multi-layer deep decoder network that up-

samples the feature maps to predict the segmentation masks. It uses the self-learning 

property of the convolution kernel to input the original image and obtain the classification 

result. By increasing the number of layers, the U-Net can extract considerably complex 

and detailed image features. Generally, the shallower layers of U-Net were found capable 

of extracting some general features of images, whereas the deeper layers could extract 

more specific features. U-Net and U-Net like models have been used successfully in 

segmenting 2D or 3D ultrasound images of breast lesion (Amiri et al. 2020), human 

placenta (Han et al. 2019), liver (Thomson et al. 2019), spine anatomy (Banerjee et al. 

2020; Huang et al. 2020; Lyu et al. 2021), kidney (Ravishankar et al. 2017), etc.  

MultiResUNet (Ibtehaz & Rahman 2020), as an improved version of U-Net, was 

introduced to segment very challenging images that are not possibly done by basic U-Net, 

such as images having irregular shapes with multi-scaled features. In its architecture, 

Inception blocks (Szegedy et al. 2015) were introduced, in place of the conventional 

convolution layers of U-Net, to help with multilayer feature extraction. Also, to reduce 

the semantic gap between encoder-decoder features, the normal convolution layers were 

replaced with residual connections that made training easier (Szegedy, Ioffe, et al. 2016).  

Attention U-Net (Oktay et al. 2018) improves the conventional U-Net with an attention 

gate for medical imaging that automatically learns to focus on target structures of varying 

shapes and sizes. Because of the small number of training data, dense connectivity is 

needed in biomedical image processing. Dense connectivity can be successfully 

incorporated within the encoder and decoder path (Guan et al. 2019),(Jin et al. 2017). 

Another semantic segmentation using Atrous convolutions was introduced using the 
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DeepLab family for better segmentation (Chen, Papandreou, Kokkinos, et al. 

2017),(Chen, Papandreou, Schroff, et al. 2017),(Chen, Zhu, et al. 2018). 

Recently, there is an increasing need for implementing deep learning techniques for 

medical problems on mobile phones, embedded systems, or any PC with high diagnostic 

accuracy and with a low computational requirement. Most of the CNN models are over-

parameterized and need high computing power and memory for training and inferencing 

(Denil et al. 2013). Depthwise separable convolution layers are the solution for this 

problem (Sifre & Mallat 2014). Depthwise separable convolution layers are successful in 

forming the image classification models in two ways: (a) They give better models (e.g., 

Xception model (Chollet 2017)) than conventional convolution layers, with a 

considerably smaller number of parameters, and (b) they reduce the memory space 

requirement when reducing the number of parameters (e.g., the MoblieNets family of 

architectures (Howard et al. 2017)). Also, it has been found that the regular convolution 

operations can be considered to be equivalent to the depthwise separable convolution 

operations (Guo et al. 2018). Hence, comparing to conventional convolutional layers, 

using depthwise convolution layers will have similar performance in terms of accuracy 

but require a smaller number of training parameters.  

4.1.2 Approach to designing a suitable architecture 
Inspired by the above work, we aim to develop a low-computation novel hybridized 

deep learning architecture to suitably segment the bony features in ultrasound spine 

images. The approach to designing the architecture is to focus on handling the drawbacks 

of ultrasound spine image as efficiently as possible. The proposed architecture has three 

main aspects:  

a) the basic U-Net structure is adopted as the network architecture, but the 

conventional convolutional layers are replaced with dense depthwise separable 

convolution layers to increase the computational efficiency 

b) selection gates (Oktay et al. 2018) are deployed for a smarter identification of 

the target bony features  

c) the encoders-decoders are connected using multi-scale skip-pathways (Ibtehaz 

& Rahman 2020) to enhance feature fusion.  

The segmentation result of the proposed architecture is compared quantitatively and 

qualitatively with the basic U-Net (Ronneberger, Fischer & Brox 2015), Attention U-Net 

(Oktay et al. 2018), and MultiResUNet (Ibtehaz & Rahman 2020) models. 
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4.2 Methodology of LDS U-Net 
Our objective is to automatically segment, using a suitable CNN architecture, the lateral 

bony features (LBFs and TBFs) in an ultrasound spine image, which is plagued with 

speckle noise and low contrast. This chapter has two main contributions: 

a) Development of a suitable architecture that can produce better segmentation

results vis-à-vis contemporary models while handling the inherent drawbacks of

ultrasound images.

b) Enhancement of the computational efficacy for a lightweight architecture.

In a nutshell, a lightweight version of U-Net that contains densely connected depthwise

separable convolution followed by pointwise convolution, multiscale skip connection, 

and selection gates is proposed. It is inspired by several salient features used in other 

models such as the U-Net, MultiResUNet, and Attention U-Net. Fig. 4.2 illustrates the 

architecture of the proposed network of Light-Convolution Dense Selection U-Net (LDS 

U-Net). This network model is built on the concept of depthwise separable convolution

and has three main features: (a) Novel Light Dense blocks, (b) improvised multi-scaled

skip connections, and (c) selection gates. The details of depthwise separable convolution

and the three features are given as follows.

Multiscale skip 
connection

LDB
2

LDB
3

LDB
4

LDB
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LDB
7

LDB
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LDB
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Segmented 
Output

Input 
Image

Light Dense 
Block (LDB)

Fig 4.2. Proposed Architecture of LDS U-Net
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4.2.1 Depthwise separable convolution  
Depthwise separable convolutions lessen the number of parameters and computation 

used in convolutional operations while increasing representational efficacy (Kaiser, 

Gomez & Chollet 2017). This kind of convolution can be applied to information such as 

spatial, depth dimensions, and the number of channels. While a normal convolution deals 

with a single convolution operation, a depthwise separable convolution separates a kernel 

into two different kernels that do two convolution operations, namely, the depthwise 

convolution and the pointwise convolution. In the depthwise convolution, a spatial 

convolution is done independently over each channel of the input. It is followed by a 

pointwise convolution, where a 1 × 1 convolution is done to map the depthwise channel 

output into a new channel space (Chollet 2017).  

A standard convolution layer works by applying a convolution kernel to all channels 

of the input image and takes a weighted sum of the input pixels covered by the kernel 

sliding across all input channels of the image. This means that for a standard convolution, 

no matter how many input channels are available, the number of output channel is one.  

However, in depthwise separable convolutions, features are only learned from the input 

channels.  So, the output layer has the same number of channels as the input.  

Suppose in a convolution operation, the input is of size 𝑃𝑃𝑓𝑓 × 𝑃𝑃𝑓𝑓 × 𝐾𝐾 with the feature 

map 𝑓𝑓 and generates an output of size 𝑃𝑃𝑔𝑔 × 𝑃𝑃𝑔𝑔 × 𝐿𝐿 with the feature map g, where 𝑃𝑃𝑓𝑓 is the 

spatial width and height of the input feature map, K is the number of input channels, 𝑃𝑃𝑔𝑔 

is the spatial width and height of the output feature map, L is the number of output 

channels. Then, for a conventional convolution operation (Fig. 4.3a.) with the convolution 
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Fig 4.3. Schematic representation of Conventional vs. Depthwise Separable Convolution 
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kernel N of size 𝑃𝑃𝑛𝑛 × 𝑃𝑃𝑛𝑛 × 𝐾𝐾 × 𝐿𝐿, where 𝑃𝑃𝑛𝑛 is the spatial dimension of the kernel, the 

computation cost is given by the equation: 

             𝐺𝐺𝑐𝑐 = 𝑃𝑃𝑛𝑛 .  𝑃𝑃𝑛𝑛 .  𝐾𝐾 . 𝐿𝐿 .𝑃𝑃𝑓𝑓 .𝑃𝑃𝑓𝑓                      

On using the depthwise separable convolution (Fig. 4.3b.) the computation cost will 

be the aggregation of depthwise and pointwise convolutions and is given by the equation: 

            𝐺𝐺𝑑𝑑 = 𝑃𝑃𝑛𝑛 .  𝑃𝑃𝑛𝑛 .  𝐾𝐾 .𝑃𝑃𝑓𝑓 .𝑃𝑃𝑓𝑓 +   𝐾𝐾 . 𝐿𝐿 .𝑃𝑃𝑓𝑓 .𝑃𝑃𝑓𝑓  

Combining equations (4.1) and (4.2), the reduction of computation can be represented 

by the equation:  

𝐺𝐺 =  
𝐺𝐺𝑑𝑑
𝐺𝐺𝑐𝑐

 =
𝑃𝑃𝑛𝑛 .  𝑃𝑃𝑛𝑛 .  𝐾𝐾 .𝑃𝑃𝑓𝑓 .𝑃𝑃𝑓𝑓 +   𝐾𝐾 . 𝐿𝐿 .𝑃𝑃𝑓𝑓.𝑃𝑃𝑓𝑓   

𝑃𝑃𝑛𝑛 .  𝑃𝑃𝑛𝑛 .  𝐾𝐾 . 𝐿𝐿 .𝑃𝑃𝑓𝑓 .𝑃𝑃𝑓𝑓
                 

            =
1
𝐿𝐿

+
1
𝑃𝑃𝑛𝑛2

                                                                

Equation 4.3 represents the reduction in computation requirements of the depthwise 

separable convolution compared to the conventional convolution; resulting in 

considerably lower computing and parameter cost of the network.  

As conventional U-Net, with its few layers, is not deep enough to perform this 

particular segmentation task, adding more layers directly and making it deeper, may solve 

the segmentation problem. But deeper neural network tends to develop gradient vanishing 

and redundant computation in network training (Bi et al. 2017). To overcome those 

associated problems, few modifications are required to enhance the learning process of 

the network. 
 

4.2.2 Light dense block 
The first modification is related to the conventional Dense network which uses regular 

convolutional layers and has the advantage of parameter simplicity, vanishing-gradient 

minimization, and feature reuse (Pleiss et al. 2017). In this chapter, a proposed Light 

Dense block is designed as the main building block of Light-Convolution Dense Selection 

U-Net (LDS U-Net). The basic structure of the Light Dense block is shown in Fig.4.4 and 

Fig 4.4. Proposed Light Dense 
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here, unlike a conventional Dense network, all the convolutional layers are depthwise 

separable convolution layers.  

The first layer of the Light Dense block is a depthwise convolution unit which consists 

of a depthwise convolution block followed by a pointwise convolution block. The next 

layers are the batch normalization, Rectified linear unit (ReLU) activation function, 

another depthwise convolution unit, and a dropout layer. The first depthwise convolution 

unit is also connected densely to the dropout layer, as shown by the green dotted arrow 

in Fig.4.4. Through this new design, the Light Dense block delivers the same advantages 

as a conventional Dense block but with a smaller number of parameters.  

4.2.3 Multi-scale path 
In the basic U-Net architecture, there are skip pathways between the respective layers 

of the encoding and decoding side, and shortcut paths before the max-pooling layers in 

the encoder side and after the deconvolution layers in the decoder side. Often spatial 

information gets lost during the max-pooling operation, and the skip connections help the 

network to propagate information from the encoder side to the decoder side. However, 

the skip pathways often come up with a problem of the semantic gap during the feature 

fusion because the first layer of the encoder, which extracts the low-level features, is 

connected to the terminal layer of the decoder, which deals with more high-level features. 

Also, because of the added complexities of variabilities in sizes, shapes, and positions of 

bony features, both the low and high level features would have to be retained for detailed 

segmentation.  

To reduce the discrepancy between the encoder-decoder features and to enhance the 

feature fusion, a multi-scale skip path is proposed in this chapter. Multi-scale inception 

(Ibtehaz & Rahman 2020) module is incorporated between the encoder and decoder layers 

to enhance the low-level features extracted in the encoder side. By this connection, the 

low-level features will undergo further processing before merging with the high-level 

features on the decoder side. Moreover, instead of the usual convolutional layers, multi-

scale inception layers are used. They improve the utilization rate of computing resources 

by increasing the depth and width of the network while keeping the computational budget 

constant (Chen, Bentley, et al. 2018).  

Inception modules have been proved to be very promising in enlarging receptive fields 

and capturing more context information (Liu & Huang 2018). It enhances the depiction 

capability of low-level features. The inception module adopts multiple branches with 
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different kernel sizes to capture multi-scale information. This methodology is key to deal 

with the problem of handling the high variability of shapes, sizes, and positions of bony 

features in the spine ultrasound images. However, as the inception module is very 

computationally demanding, the normal convolution operation in the traditional inception 

module is replaced by the depthwise convolution in this proposed model. 

In the proposed Light Dense block, a sequence of two 3 × 3 depthwise convolutional 

layers is used for doing feature extraction. In the skip path, a sequence of 3 × 3  

convolution blocks is used, as shown in Fig 4.5, instead of bigger 5 × 5 and 7 × 7 blocks. 

Therefore, the outputs from the three 3 × 3 convolution blocks are concatenated to 

enhance the receptive field and reduce the semantic gap between the encoder and the 

decoder.  A residual connection of 1 × 1 convolution block is also presented in the skip 

path to make the learning procedure stable.  

In the proposed inception module, the technique to control the number of filters of the 

convolution layers inside the block was adapted (Ibtehaz & Rahman 2020). A parameter 

𝑃𝑃 is assigned to control the number of filters as given by equation (4.4),  

                                𝑃𝑃 =  𝜆𝜆 × 𝐹𝐹                                

where, 𝐹𝐹 is the number of filters in the corresponding layers like the basic U-Net, and 

λ is a scaler coefficient. The numbers of filters are set to 𝐹𝐹 = [32, 64, 128, 256, 512] along 

with the 5 layers of the LDS U-Net architecture respectively, and λ is chosen as 1.67 to 

ensure that the model structure is similar to the basic U-Net. The numbers of filters are 

set to 𝑃𝑃
6
,  𝑃𝑃
3
, and 𝑃𝑃

2
 in the three corresponding convolutional layers for extracting multiscale 

features. 

4.2.4 Selection gate 
In an ultrasound spine image, the noise in the extraneous regions can appear as 

information and can hinder the segmentation process. To tackle this problem smartly and 

Fig 4.5. Multi-scale inception module  
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efficiently, selection gates are applied in the proposed network. The selection gate (Oktay 

et al. 2018) discards extraneous regions in the input spine ultrasound image to ignore the 

associated noise and allows for preferential attention to the target bony features to select 

the relevant features of importance. A conventional selection gate, improvised with 

depthwise separable convolution layers, is integrated into the proposed architecture as 

shown in Fig 4.6. It aims to reduce the computational overhead while increasing the 

segmentation accuracy.

The Light Dense convolutional layers extract more deep features when it processes 

more deep layers gradually. Suppose after processing the n-th layer, the generated feature 

map is 𝑥𝑥𝑛𝑛. As shown in Fig. 4.6, 𝑎𝑎 is the attention coefficient that identifies and extracts 

only the desired parts of the image for better segmentation, 𝐹𝐹𝑛𝑛 is the number of feature 

maps in layer n; 𝐻𝐻𝑥𝑥,𝑊𝑊𝑥𝑥,𝐷𝐷𝑥𝑥 are the height, width, and dimension of the n-th layer 

respectively; 𝑘𝑘 is a gating vector which is booked from the preceding layer of the network, 

which is a coarser layer; 𝐹𝐹𝑔𝑔 is the number of feature maps in the layer 𝑘𝑘; 𝐻𝐻𝑔𝑔,𝑊𝑊𝑔𝑔,𝐷𝐷𝑔𝑔 are 

the height, width, and dimension of 𝑘𝑘 respectively.

The selection gate works with two input vectors: 𝑥𝑥𝑛𝑛 and 𝑘𝑘. 𝑘𝑘 has a lower dimension 

and better feature representation as it comes from a deeper layer compared to 𝑥𝑥𝑛𝑛. 𝑥𝑥𝑛𝑛 , 

after processing by a stride convolution, and 𝑘𝑘, after processing through a 1 × 1 ×

1 convolution, merge elementwise. After that, a ReLU activation layer 𝜎𝜎1 and a 1 × 1 ×

1 convolution operation take place that reduces the dimension of the resultant vector. 

Also, 𝜎𝜎1�𝑥𝑥𝑖𝑖,𝑐𝑐𝑛𝑛 � = max�0, 𝑥𝑥𝑖𝑖,𝑐𝑐𝑛𝑛 �, where i and c stand for the spatial and channel dimensions 

respectively. Then, a sigmoid layer 𝜎𝜎2 scales the vector to the range [0, 1] to generate the 

attention coefficient a, where 𝜎𝜎2�𝑥𝑥𝑖𝑖,𝑐𝑐� = 1
1+exp(−𝑥𝑥𝑖𝑖,𝑐𝑐)

is the sigmoid activation function. 

Grid resampling of attention coefficients is done using trilinear interpolation. A value of 

Fig 4.6. Selection GateFig 4.6. Selection Gate
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near to 1 indicates more significant features. The attention coefficient is multiplied 

element-wise to 𝑥𝑥𝑛𝑛 after resampling. The output of the selection gate is  𝑥𝑥′𝑖𝑖,𝑐𝑐𝑛𝑛 =  𝑥𝑥𝑖𝑖,𝑐𝑐𝑛𝑛  .𝑎𝑎𝑖𝑖𝑛𝑛.  

4.2.5 Ablation study 
Ablation experiments were carried out to gauge the contribution of each feature of the 

LDS U-Net. Three models were successively developed before arriving at the final 

segmentation architecture. These intermittent models were independently evaluated using 

the available dataset. 

The first intermitted model was a modified U-Net with light dense block and named as 

Light Dense (LD) model. In this model, the basic convolution layers of U-Net were 

replaced by the newly developed light-dense blocks. In the second intermitted model, 

trainable selection gates were introduced, which was trained to isolate the relevant areas 

of interest, amidst noisy areas and facilitated flow of only the relevant information within 

the network. This is named as Light Convolution Selection (LCS) model. The third 

intermitted model was developed from the LD model by introducing multiscale skip-

paths which would allow seamless propagation of richer information through the network. 

This model is named as Light-Dense Inception (LDI) model. In the final version, i.e. LDS 

model, both the selection gate and multi-scale path are included for the segmentation of 

bony features with various shapes and sizes. 

4.3 Experimental setup 
4.3.1 Dataset 

The input images used in this research are collected using the Scolioscan system (Model 

SCN801, Telefield Medical Imaging Ltd, developed in Hong Kong) and is described in 

Chapter III in detail.  

The truth mask for each 2D coronal image is made by experts from Hong Kong 

Polytechnic University. Some sample input 2D coronal images along with their expert 

generated truth masks are shown in Fig 4.7.  The labelling of the truth mask is done based 

on some key features. 1) There should be six lumbar bony features (LBF). 2) The thoracic 

bony features (TBFs) in the lumbar region are not labelled as they are not generally visible 

in ultrasound images. 3) If the last pair TBFs i.e. the T12 levels is not visible, it is labelled 

according to the judgment of the experts. The input raw datasets of 109 spine ultrasound 

images are randomly split into one training set of 79 images and one testing set of 30 

images.  
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4.3.2 Pre- and post-processing & data augmentation 
The size of each raw ultrasound image is 2574 × 640 pixels and is resized to 256 × 64 

pixels through image pre-processing, maintaining the aspect ratio of the original image. 

The resized ultrasound images are randomly flipped and rotated for data augmentation. 

The objective of the experiment is to develop a segmentation architecture and to 

benchmark its performance against the original U-Net, Attention U-Net, and 

MultiResUNet. This requires no specific pre-processing except that the input images are 

resized to fit into the GPU memory, and the pixel values are divided by 255 to bring them 

into the [0,1] range. During post-processing, the image is resized back to the original size 

of the raw images to ensure that the image size does not impact the ultrasound curve angle 

(UCA) calculation for scoliosis.  

4.3.3 Implementation details  
Anaconda, or more specifically, Spyder software, is used to conduct the experiments. 

The network models are implemented using Keras (Chollet 2015) with Tensorflow 

backend (Abadi et al. 2016). The experiments are conducted in a GPU laptop with 

NVIDIA GeForce RTX 2060.  

The general working principle of any semantic segmentation algorithm is to investigate 

each pixel and anticipate whether it represents a point of interest or merely a part of the 

background. Alternatively, this principle can also be treated as a pixel-wise binary 

classification problem with the objective of the segmentation algorithm to minimize the 

binary cross-entropy loss function. 

For an image A, let the corresponding Truth Mask (TM) be B, and the predicted 

segmentation output be B'. For a pixel ma, the TM value is bma and the network predicted 

output is b'ma. The binary cross-entropy loss for that image is defined as:  

Fig 4.7. Four Image sets with each having a raw image plus a 
Truth Mask 

 

(a) (b) (c) (d) 
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𝐶𝐶𝑟𝑟𝑜𝑜𝑜𝑜𝑜𝑜 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 (𝐴𝐴,𝐵𝐵,𝐵𝐵′) =  � (−(𝑏𝑏𝑚𝑚𝑚𝑚) log(𝑏𝑏′𝑚𝑚𝑚𝑚) + (1 − 𝑏𝑏𝑚𝑚𝑚𝑚) log(1 − 𝑏𝑏′𝑚𝑚𝑚𝑚)
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

)   

For a batch containing p images, the loss function L becomes,  

𝐿𝐿 = 1
𝑝𝑝
∑ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 (𝐴𝐴𝑖𝑖 ,𝐵𝐵𝑖𝑖 ,𝐵𝐵′𝑖𝑖)
𝑝𝑝
𝑖𝑖=1                     

The goal of the model is to minimize the binary cross-entropy loss and the model is 

trained using the Adam optimizer (Kingma & Ba 2014). The Adam optimizer adaptively 

computes different learning rates for different parameters from estimates of the first and 

second moments of the gradients. All the models, used in this research, are trained up to 

120 epochs since 120 epochs are found to be the saturation point for model accuracy, and 

no further progress is observed beyond this point. Finally, 3-fold cross-validation of the 

dataset is used to validate the consistency of the model.  

4.3.4 Evaluation metrics  
For quantitative performance evaluation, four very popular evaluation indices are 

employed - Jaccard similarity (JS) (Jaccard 1912), DICE coefficient (DC) (Dice 1945), 

F1 Score (Huang et al. 2015), and Pixel Accuracy: 

𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 𝐽𝐽∩Ĵ
𝐽𝐽∪Ĵ

                                    

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 2 �𝐽𝐽∩Ĵ
𝐽𝐽+Ĵ
�                                        

𝐹𝐹1 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  
2𝑇𝑇𝑇𝑇

2𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹 
  

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
  

 

where Ĵ is the predicted segmentation output from the method to be evaluated, and J is 

the expert suggested Truth Mask. The J contours are references for further segmentation 

analysis (Abbasian Ardakani et al. 2019). TP, TN, FP, and FN are truly positive, true 

negative, false positive, and false negative, respectively. True positive denotes the pixels 

present in both truth mask and predicted segmented region. True negative denotes the 

pixels present in neither segmented truth mask nor predicted segmented region. False-

positive signifies the pixels present only in the predicted segmented region. False-

negative signifies the pixels present in the suggested truth mask only.  

4.4 Analysis of performance of LDS U-Net  
This section is presented in two parts. In the first part, quantitative and qualitative 

comparisons of the LD model (Light Dense model), LDI model (Light-Dense Inception 
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model), and LCS model (Light Convolution Selection model) are shown together with 

Light-Convolution Dense Selection U-Net (LDS U-Net) model to evaluate the 

importance of key features used in the segmentation of spine ultrasound images with 

variable shapes and sizes of bony features and to assess the overall effectiveness of the 

proposed network. In the second part, an extensive analysis for the newly proposed model 

and comparisons with basic U-Net, Attention U-Net, and MultiResUNet are made to 

evaluate the performance of LDS U-Net to other contemporary models. 

4.4.1 Evaluation of performance of key features 
Three key features are used in the proposed LDS U-Net model – Light Dense blocks, 

multi-scale paths, and selection gates. At the onset, it is important to assess if these 

features play an important role in achieving the objectives. Hence, during the ablation 

study, models are made by isolating the desired key features and comparing the semantic 

segmentation performance. At first, both the multi-scale paths and selection gates are 

removed from the main model. The model is named as Light Dense (LD) model and it 

successfully segments the thoracic and lumbar bony features. Next, the selection gates 

are added with the LD model, and it is named as Light Convolution Selection (LCS) 

model. As an alternate improvement of the LD model, the conventional shortcut 

connection is replaced with the inception skip path to form the Light Dense Inception 

(LDI) model. Finally, all the above models are implemented together as the Light Dense 

Selection U-Net (LDS U-Net) model. 
Table 4.1: Quantitative evaluation of ablation study 

Method 
Avg. Jaccard 

Index (Std dev) 

Avg. Dice Score 

(Std dev) 

Avg. F1 Score 

(Std dev) 

Avg. Accuracy 

(Std dev) 

LD 0.7123 (±0.039) 0.8204 (±0.036) 0.8412 (±0.030) 0.9108 (±0.025) 

LCS 0.7280 (±0.037) 0.8292 (±0.033) 0.8532 (±0.031) 0.9203 (±0.021) 

LDI 0.7339 (±0.034) 0.8419 (±0.032) 0.8704 (±0.029) 0.9367 (±0.020) 

Proposed LDS U-Net 0.7415 (±0.03) 0.8694 (±0.028) 0.8885 (±0.025) 0.9592 (±0.020) 

4.4.1.1 Quantitative Evaluation (Ablation Study) 

Table 4.1 outlines the segmentation performances for the ablation study. The LCS 

model generates better segmentation than the LD model (1.07% better Dice Score). It 

implies that the model with a selection gate can detect the target lateral bony features 

better than the LD model. The LDI model further improves the performance by 

introducing the multi-scale path with a 1.53% higher Dice Score than the LCS model. 

Finally, both the selection gate and multi-scale paths are included in the LDS U-Net 

model, and it generates a Dice Score of 3.26% higher than that of the LDI model. In terms 
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of Jaccard Index, F1 score, and accuracy, the proposed LDS U-Net performs the best. 

Hence, the LDS U-Net model is chosen as the proposed model. This model also gives the 

smallest standard deviations in the four evaluation indices.  

4.4.1.2 Qualitative Evaluation (Ablation Study) 

The aim is to segment and identify the bony features from the ultrasound spine image 

for automatic scoliosis detection. The LD model successfully segments the thoracic and 

lumbar bony features as shown in Fig. 4.8c. Fig 4.8d shows the LCS model that gives 

better results in the segmentation of the left thoracic bony features (Nos. 5, 6, 7, 8 & 9) 

as compared to Fig. 4.8c. It implies that the model with a selection gate detects the target 

bony features better than the LD model. To further improve the LCS model, the 

conventional shortcut connection is replaced with the inception skip path to form the LDI 

model. From Fig. 4.8e, it is clear that the LDI model produces better segmentation of the 

left thoracic bony features as compared to the LD and LDC models. Finally, the proposed 

LDS U-Net model, as shown in Fig 4.8f, generates more accurate boundary segmentation 

of the left thoracic bony features than the LD, LCS, or LDI models. Fig. 4.9 shows several 

more qualitative visual comparisons of bony feature segmentation using the LD, LCS, 

LDI, and proposed LDS U-Net models.  

4.4.2 Comparison of LDS U-Net with other contemporary models 
The LDS U-Net is compared with three architectures, namely U-Net, Attention U-Net 

and MultiResUNet. Each of these models has its unique advantages. However, when it 

Fig 4.8. Individual segmentation result of ultrasound 
spine image: (a) Raw image, (b) Truth mask, (c) LD 

model, (d) LCS model, (e) LDI Model, and (f) proposed 
LDS U-Net model.  
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comes to the segmentation of a noisy ultrasound image, these architectures might not 

support deep-level data extraction and high image variability. 

4.4.2.1 LDS U-Net outperforms U-Net, Attention U-Net and MultiResUNet in the 

segmentation of ultrasound spine image dataset 
Table 4.2: Quantitative performance evaluation of various architectures 

Method 
Avg. Jaccard Index 

(Std dev) 

Avg. Dice Score  

(Std dev) 

Avg. F1 Score  

(Std dev) 

Avg. Accuracy  

(Std dev) 

U-Net 0.7015 (±0.035) 0.8133 (±0.039) 0.8327 (±0.0296) 0.8919 (±0.0271) 

Attention U-Net 0.7189 (±0.033) 0.8297 (±0.037) 0.8401 (±0.0296) 0.9195 (±0.0269) 

MultiResUNet 0.7264 (±0.032) 0.8458 (±0.033) 0.8658 (±0.0289) 0.9398 (±0.0258) 

Proposed LDS U-Net 0.7415 (±0.03) 0.8694 (±0.0285) 0.8885 (±0.0256) 0.9592 (±0.020) 

 

In Table 4.2, the segmentation output of the proposed LDS U-Net is compared with 

other models using four segmentation evaluation indices, i.e., Jaccard index, Dice score, 

(a) (b) 

(c) (d) 

(e) (f) 

Fig 4.9. Qualitative comparison of 6 different case models: (a) Raw image (b) Truth mask, (c) LD model, (d) LCS model, 
(e) LDI Model, and (f) proposed LDS U-Net model 
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F1 score, and pixel accuracy. Dice Score is the most direct evaluation index. The average 

dice score of LDS U-Net is 0.8964, which is 2.79%, 4.57% and 6.89%, higher than 

MultiResUNet, Attention U-Net, and U-Net, respectively. In terms of the Jaccard index, 

F1-score, and pixel accuracy, the results of LDS U-Net are much better than the other 

mentioned networks. The standard deviations of the results of the proposed LDS U-Net 

also show a smaller spread. The proposed LDS U-Net is more capable of learning almost 

all the features from the training dataset.  

4.4.2.2 LDS U-net gives the best identification of bony features 

The detection of exact locations of lateral bony features (thoracic and lumbar) is very 

crucial for UCA calculation. However, the associated speckle noise makes the 

identification process more challenging because it suppresses many important features. 

Four sets of images are shown in Fig. 4.10. Each set consists of an input image, a truth 

mask, and the segmentation results using U-Net, Attention U-Net and MultiResUNet and 

the proposed LDS U-Net model. 

From the set shown in Fig. 4.10a, it is clear that the right side upper TBFs of the spine 

image are missing in the U-Net segmentation. For Attention U-Net, these are just visible, 

and for MultiResUNet, and LDS U-Net, they are more prominent. In the case of LBFs, 

identification is not so straightforward. The T12 region and six LBFs are visible in the 

truth mask. U-Net can identify the T12 region and five LBFs. The Attention U-Net and 

MultiResUNet can identify only four of the LBFs. The proposed LDS U-Net can identify 

all LBFs and the T12 region, which indicates that this model is capable in segmenting 

LBFs correctly.  

From Fig 4.10b, it is clear that U-Net is not capable of segmenting all the bony features 

in the six different segments of LBFs. Attention U-Net and MultiResUNet are somehow 

able to distinguish the six features, but some features are unclear and give misleading 

information. On the other hand, LDS U-Net gives clearer identification of the T12 region 

and six LBFs, although the last two features are still conjoined.  

Similar observations about TBFs and LBFs can be made in Fig. 4.10c. In U-Net, the 

two uppermost LBFs are not segmented correctly but appear to be fragmented, while in 

Attention U-Net and MultiResUNet, they appear to be elongated. LDS U-Net clearly 

distinguishes all the thoracic and lumbar bony features. 
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Fig. 4.10d shows that U-Net and MultiResUNet are unable to segment the T12 region 

and all LBFs from the ultrasound spine image. On the other hand, Attention U-Net can 

identify all the six LBFs. However, in both cases, the T12 region is conjoined with the 

uppermost lumber bony feature. The proposed LDS U-Net can segment the T12 region 

and all the lumbar bony features consistently.  

4.4.2.3 Evaluation of the number of bony features identified  

Identification of distinct bony features is a key criterion for evaluating the performance 

of various segmentation models. In a truth mask of an ultrasound spine, depending on the 

scanning coverage area, there are 9 pairs of TBFs, a T12 region (one pair of bones), and 

6 LBFs, making a total of 26 bony features. The total number of distinguishable bony 

features in the outputs of each model is manually recorded. In many cases, the bony 

features are either conjoined or fragmented and they are not recorded as meaningful 

features. Table 4.3 shows that LDS U-Net provides a larger number of meaningful bony 

features when compared to other models. The proposed LDS U-Net can give the highest 

percentage of segmented images with all 26 features fully detected (76.59%).  

4.4.2.4. Evaluation of computational requirement 

In Table 4.4, the computational requirement of the contemporary models and the 
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Fig 4.10. Four Spine images sets (a, b, c, d) consisting of the input image, truth mask, and segmentation results 

using U-Net, Attention U-Net, MultiResUNet, and the proposed LDS U-Net model 
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proposed model are compared in terms of a total number of parameters and program 

storage requirements. LDS U-Net architecture offers advantages such as (i) low 

computational requirements due to the usage of depthwise separable convolution layers, 

(ii) feature reuse enabled through the application of novel Light Dense block 
Table 4.3: Comparison of number of bony features identified (avg.) 

TRUTH MASK U-NET 
ATTENTION U-

NET 
MULTIRESUNET LDS U-NET 

9 pairs of TBF, T12 

region, and 6 LBFS – 

Total: 26 bony features 

25.11 25.23 25.30 25.45 

% of Images where all 

26 features were fully 

detected 

69.72 % 71.56 % 73.23 % 76.59 % 

 
Table 4.4: Evaluation of computational requirement 

Method 
Total Number of 

Parameters 
SIZE IN MEGABYTES (MB) 

U-Net 31 Million 355 MB 

Attention U-Net 37.1 Million 433.49 MB 

MultiResUNet 7.2 Million 146.01 MB 

Proposed LDS U-Net 9.1 Million 127.5 MB 

, and (iii) enhancement of the depth and width of the network, with no incremental 

computational budget, through the redesigned multi-scale inception layer. As shown in 

Table 4.4, these advantages of the proposed model translate to a lower parameter 

requirement and smaller memory footprint when compared to U-Net and Attention U-

Net. Although MultiResUNet requires a bit lesser number of parameters than LDS U-Net, 

the overall segmentation performance of MultiResUNet is lower as discussed in the 

previous sections.  

4.5 Discussion on LDS U-Net 
Being a radiation-free and economic imaging modality, the 3D ultrasound imaging 

system has the potential to become a very popular diagnosis technique to detect scoliosis 

(Zhou & Zheng 2015). However, this necessitated the establishment of new measurement 

indices as, in the X-ray and Cobb Angle method, scanning is done to assess anterior spinal 

deformity. A new index called Spinous Process Angle (SPA) was developed exclusively 

for ultrasound scanning to measure the posterior spinal deformity. In a nutshell, if lines 

are drawn through the most tilted parts of the spinous column profile of coronal 

ultrasound images, then the angle that is formed is known as SPA. SPA measurement 

focuses on the middle dark line of spine ultrasound image as the main region of interest. 
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Subsequently, several scoliosis assessment techniques, both manual and automatic, were 

researched to measure SPA and to demonstrate its equivalence to the gold-standard Cobb 

angle (Cheung, Zhou, Law, Mak, et al. 2015; Zhou et al. 2017). But there was an overall 

drawback in the SPA measurement approach that there was a high inherent tendency of 

the technique to underestimate the severity of curvature of scoliosis compared to Cobb 

angle (Zheng, Lee, et al. 2016; Zhou & Zheng 2015). Subsequently, an alternate index 

was developed called Ultrasound Curvature Angle (UCA). Unlike SPA, in UCA 

technique, the lateral bony features are the main regions of interest and further research 

was undertaken to demonstrate that it is equivalent to X-ray Cobb angle (Lee et al. 2021). 

Though manual method of UCA measurement is established (Lee et al. 2021), there is a 

need to find out a suitable method to automate the UCA measurement so that the 

technique can be made fast and scalable. 

Clear demarcation of lateral bony features is a vital step in UCA measurement. In 

traditional X-Ray, the images are relatively noise-free and clear features can be identified 

easily. However, in case of ultrasound modality, scanned images have low contrast and 

are often plagued by speckle noise. This makes the differentiation of the bony features 

challenging. Also the fact, that the lateral bony features are numerous and can 

significantly vary in shape, size and location, adds to the overall complexity of the 

problem. The first step of automatic UCA measurement is clear segmentation of the 

lateral bony features and this chapter attempts to tackle this problem using deep learning. 

U-Net is one of the most successful architectures for biomedical image processing. As 

a starting point, the ultrasound spine images were segmented using basic U-Net 

(Ronneberger, Fischer & Brox 2015). But, the segmentation output was not satisfactory 

(Avg. Dice Score: 0.8133) as the output images had a lot of missed or conjoint bony 

features and the architecture required a large number of parameters which directly 

increased the computation cost and memory size (Gadosey et al. 2020). As the first 

modification, the conventional convolution layers of U-Net were replaced with proposed 

light dense block and depthwise convolutional operations replaced the conventional 

convolution operations. The new architecture was called Light Dense (LD) model. In LD 

model, each depthwise convolution unit is densely connected with another depthwise 

convolution unit within the same light dense block (shown in Fig 6). This architecture 

incorporates feature propagation and boost feature reuse while effectively reducing the 

number of parameters. Though the LD model gave better segmentation accuracy (Avg. 

Dice Score: 0.8204) with less number of parameters, it was still unable to adequately 
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distinguish the TBFs and LBFs and generated conjoint bony features in the output as the 

input images were noisy. The two issues, high noise in images and variability of bony 

features, were tackled separately as follows: 

a) To improve the segmentation clarity and tackle the ‘noisy’ information, trainable 

selection gates were employed in the LD model as the next modification and the new 

architecture was called Light Convolution Dense Selection (LCS) model. By this 

modification, it was anticipated that the gating mechanism (Oktay et al. 2018) would 

smartly suppress irrelevant information, such as noise, from the feature maps and be 

able to identify more number of bony features from the useful information in the 

image. Past research shows that the gating mechanism can be effectively used to 

extract the selective features from the noisy ultrasound images as it suppresses noise 

and enables the network to make segmentation predictions based on class-specific 

features (Schlemper et al. 2019). In effect, the selection gate blocked extraneous 

information from information-rich feature maps and thereby improved the 

segmentation output for noisy ultrasound images (Avg. Dice Score: 0.8292). 

b) To handle the problem of large variabilities of shape, size, and locations of the 

TBFs and LBFs, the conventional skip-pathways were replaced by multi-scale (Ibtehaz 

& Rahman 2020) skip-paths and the architecture was named as Light-Dense Inception 

(LDI) model. Feature fusion was enhanced by using this skip-path as the 

inconsistencies between encoder-decoder features were bridged. This path solves the 

problem of the semantic gap between the encoder and decoder side and enhances the 

feature fusion and improves the segmentation output (Ibtehaz & Rahman 2020). By 

this modification, the low-level features underwent additional processing and the 

multi-scale inception layers, adapted in this skip-path, enabled the network to extract 

more features from different scales. This gave a significant boost to the segmentation 

performance (Avg. Dice Score: 0.8419) compared to the initial LD model. 

As a final step, the two sub-models were combined into the final architecture and is 

called Light-Convolution Dense Selection U-Net (LDS U-Net) model. As anticipated, the 

combination of selection gates and multi-scale skip pathway gave a much improved 

segmentation accuracy (Avg. Dice Score: 0.8694) compared to both LD model and basic 

U-Net model. 

4.6 Key takeaways from LDS U-Net 
In a nutshell, the proposed LDS U-Net has 3 main elements:  
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a. Light Dense blocks that reduce the number of parameters used in the architecture 

and thereby reduce the computation time,  

b. Selection gates that smartly discards the extraneous regions and ensure explicit flow 

of only the relevant information within the network and,  

c. Multi-scale paths that help with clearer identification of lateral bony features 

through improved feature propagation. 

To understand performance of LDS U-Net vis-a-vie other contemporary models, the 

proposed model is compared with the basic U-Net, MultiResUNet, and Attention U-Net 

using the same 109 volume projection ultrasound spine image datasets. Firstly, LDS U-

Net quantitatively outperforms the other models with 0.7415 Jaccard index, 0.8694 Dice 

coefficient, 0.8885 F1 score, and 0.9592 pixel accuracy. Secondly, it is able to better 

identify the thoracic and lumbar bony features most consistently when qualitatively 

compared to other models. The segmentation outcomes of LDS U-Net, through manual 

observation and measurement of distinguishable bony features, are also very promising. 

Thirdly, as it is constructed using light dense block, LDS U-Net is also found to be 

computationally efficient with least number of parameters and smallest program memory 

size. Finally, in handling noisy ultrasound images with high variability, the LDS U-Net 

is successful in correctly segmenting 76.59% of total images (shown in Table 4.3) with 

complete identification of all the 26 bony features, which is more consistent than any of 

the other models. 

4.7 Areas of improvement of LDS U-Net 
The objective of segmentation is to clearly identify the bony features through an 

adequate segmentation technique. This would form the input for further automatic angle 

calculation. Upon scrutiny of this research, it is observed that there are few cases where 

Fig 4.11. LDS U-Net is unable to distinguish T12 level and 1
st
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the LDS U-Net did not perform well. For instance, in Fig 4.12, the demarcation between 

T12 level and 1st LBF is obscure.  
Table 4.5: LDS U-Net Detection Rate 

Index LDS U-NET 

% TBF Accuracy 79.7% 

% LBF Accuracy 72.3% 

Average % BF Accuracy 76.6% 

 

Further, the detection rate of LDS U-Net is summarized in table 4.5. The bony features 

of about 23% of images are not detected clearly. It is postulated that there may be two 

main causes of this sub-optimal performance: 

(a) Propagation of noise through the network: The information at the encoder side is 

more contextual and that at the decoder side is more localized. In LDS U-Net, the skip 

connections originate at the encoder side and, despite the selection gates, can result in 

speckle noises being transferred to the decoder.  

(b) Filter sizes are fixed for a given level: During the convolution operation, LDS U-

Net is not designed to choose the appropriate kernel size to handle the large variation in 

the locations, shapes, and sizes of the features. The variability of bony features is only 

handled through the multi-scale skip pathway. This resulted in loss of information of 

TBFs for about 20% of images and of LBFs for about 23% of images, as shown in the 

table 4.5. 

As an improvement and for a clearer demarcation of bony features, a new approach is 

taken to better handle the noise and variabilities in bony features by making the 

architecture denser and adaptable. This forms the basis of the second approach to 

designing a novel architecture (SIU-Net) described in Chapter V. 

  



 

68 

CHAPTER V: ULTRASOUND SPINE IMAGE 

SEGMENTATION USING MULTI-SCALE 

FEATURE FUSION SKIP-INCEPTION U-NET (SIU-

NET) 
5.1 Introduction 

As highlighted in Chapter 1, Figure 1.4, segmentation forms the basis of identifying 

the key feature points for further automatic angle measurement. After the evaluation of 

LDS U-Net’s performance (described in Chapter IV), it is thought that the overall 

segmentation performance could be improved by focusing on the drawbacks through an 

alternate architecture design. 

5.1.1 Re-visiting the capabilities of contemporary CNN architectures to 

handle variations 
Usage of Convolutional Neural Network (CNN) for the analysis of medical images is 

a recent trend (Zhang et al. 2017) and has become the most used deep learning technique 

in this field (Krizhenvshky, Sutskever & Hinton), (Thong et al. 2015), (Liu et al. 2019), 

(Hong et al. 2018). Because CNN has an end-to-end characteristic, it does not require a 

manual design of features and has been proven excellent in image feature extraction 

(Zeiler & Fergus 2014). Kokabu et al. applied a basic CNN architecture to assess the 

performance of a 3D depth sensor imaging system in predicting the Cobb angle (Kokabu 

et al. 2021). However, due to the inherent process of depth scanning, the research faced 

a limitation in predicting the Cobb Angle with high accuracy. Also, no external validation 

dataset was considered, and the CNN architecture applied was computationally very 

expensive Also, in general, CNN’s usefulness and accuracy are hampered by their need 

for large quantities of training data. In the case of medical images, getting hold of an 

adequate image can often be expensive, complicated and the prerequisite of accurate 

annotations adds to the complexity (Litjens et al. 2017). 

In biomedical image segmentation, enormous success was achieved by using the U-

Net architecture (Ronneberger, Fischer & Brox 2015). A U-Net is made up of two main 

sections: (a) Multilayer deep encoder network which helps to extract spatial features from 

an image, and (b) corresponding multilayer deep decoder network that up-samples the 

extracted feature maps to predict the final segmentation output. It utilizes the self-learning 



 

69 

property of the convolution kernel to process the original image and delivers the 

classification result. Since its architecture is modular in construction, the U-Net can 

extract considerably complex and detailed image features just by increasing the depth or 

the number of layers in the architecture. Usually, the lower layers of U-Net are capable 

of extracting some common features of images, whereas the higher layers extract more 

targeted features (Liu, Li & Gong 2019). In a basic CNN model, the spatial information 

may get lost during the max-pooling and transposed convolution operation. To reduce 

this loss of information, U-Net employs skip pathways that connect the encoder to the 

corresponding decoder in the same layer.  

U-Net can achieve very good results with a small number of training datasets, which 

is very useful in the case of medical image segmentation, where a large number of training 

data is mostly unavailable. For instance, a two-stage U-Net was used for the segmentation 

and detection of breast lesions with various shapes and locations from ultrasound images 

with artifacts with high accuracy (Amiri et al. 2020). Also, a modified version of U-Net, 

Oct-U-Net was used successfully to diagnose fetal spina bifida from a 3D ultrasound 

image and gave better segmentation accuracy than Fully Convolutional Network (Chen, 

Tian & Deng 2021). Research has also been carried out on the application of U-Net in 

scoliosis detection such as the basic U-Net was employed to automatically segment the 

bony features from 2D ultrasound images for scoliosis measurement. However, as the 

segmentation technique was applied on sparse 2D images, the predicted segmentation 

accuracy was low (Ungi et al. 2020).  

An advanced version of U-Net, U-net with robustness to speckle and regular occlusion 

noise (RSN-U-net) was introduced to noise removal of spine ultrasound VPI images and 

segment the bony features. As the variability of shape and sizes of bony features was not 

addressed in that research, the segmentation accuracy was not high (Huang et al. 2020). 

Recently, dual-task ultrasound transverse vertebrae segmentation network (D-TVNet), 

another modified U-Net along with Atrous spatial pyramid pooling (ASPP) module was 

introduced to segment the ultrasound spine image (Lyu et al. 2021). The research aimed 

to clearly distinguish boundary edges of the bony features from noisy ultrasound scan 

images. Though it produces an overall promising segmentation output, the architecture 

was insufficient to segment the bony features properly when a larger area was occupied 

by noise. 

However, for the convolution operation, U-Net is not designed to choose the 

appropriate kernel size to handle the large variation in the locations, shapes, and sizes of 
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the features (Ibtehaz & Rahman 2020). Adding more layers to a conventional U-Net is 

not a good option as the network would become deeper and would produce redundant 

computation during training (Bi et al. 2017). Moreover, the skip-connections of U-Net 

impose a limiting fusion scheme, forcing combinations only at the same scale feature 

maps of the corresponding encoders and decoders (Zhou et al. 2018), (Zhou et al. 2019). 

A sequence of fixed multi-scale Gabor filters was used in biomedical image processing 

to handle the variations in an input image. In CNN, the concept of Inception architecture 

was introduced (Szegedy et al. 2015) to perform the same operation. Also, since Inception 

blocks utilize convolutional layers of varying kernel sizes in parallel, they can be used to 

assess the region of interest from diverse scales (Szegedy et al. 2015), (Szegedy, 

Vanhoucke, et al.), (Szegedy et al. 2017), and to combine and carry the outputs deeper 

into the network. 

5.1.2 Approach to re-designing a novel architecture to better handle 

variabilities and noise 
During this research, it is found that for dealing with the complexity of an ultrasound 

image, same-scale feature fusion skip pathways alone will not suffice. As an antidote to 

U-Net's restrictive same scale feature fusion problem, UNet++  aimed to improve 

segmentation accuracy by including (a) dense blocks (Huang et al. 2017) and (b) 

convolution layers between the encoder and decoder (Zhou et al. 2018), (Zhou et al. 

2019). Dense skip connections ensure that all prior feature maps are accumulated and 

transferred to the succeeding node along each skip pathway. This generates full resolution 

feature maps at multiple semantic levels and also the re-designed skip connections 

aggregates features of different semantic scales which produced highly flexible feature 

fusion schemes. However, the information at the encoder side is more contextual and that 

at the decoder side is more localized. In U-Net++, dense skip connections originate at the 

encoder side and can result in speckle noises getting transferred to the decoder during the 

concatenation operations. It may give a suboptimal performance while handling 

ultrasound images. 

There are two major problems to be addressed in this research: 

a) Choosing the appropriate kernel size for the convolution operation which can 

handle the large variation in locations, shapes, and sizes of the features. 

b) Designing a suitable architecture that can extract semantically rich features and 

fuse multi-scale features for a better segmentation output. 
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In this research, a novel deep learning architecture, Skip-Inception U-Net or SIU-Net, is 

developed to suitably segment the TBFs and LBFs in the ultrasound spine image dataset. 

The standard U-Net is adopted as the main network architecture, and the simple 

convolutional layers are replaced with Inception blocks (Szegedy, Vanhoucke, et al. 

2016). The encoders-decoders are bridged using newly designed decoder side skip-

pathways (Zhou et al. 2019). The segmentation result from the proposed architecture is 

compared with the basic U-Net, UNet++, and MultiResUNet (Ibtehaz & Rahman 2020)

models. The result shows that the new model outperforms the aforementioned models.

5.2 Methodology of SIU-Net
The architecture of the proposed Skip-Inception U-Net or SIU-Net is shown in Fig 5.1. 

This network model employs the basic U-Net structure as the base framework and 

contains the improvised Inception blocks, the re-designed Dense-skip connection feature 

fusion using concatenation and the Down-sample path, and the Up-sample path.

5.2.1 Inception block
To solve the issue of choosing an appropriate kernel size to handle large variability in 

the spine image dataset, the concept of Inception block (IB) is adopted to develop a high-

performance segmentation model (Szegedy et al. 2015). A modified IB (Fig. 5.2) of 

Fig 5.1. Overall architecture of proposed SIU-Net
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Inception V2 architecture (Szegedy, Vanhoucke, et al. 2016) is introduced to replace the 

traditional convolutional layers of basic U-Net. There are two advantages of IB: (a) it 

increases the depth and width of the model without any increase of computational 

requirement and (b) it allows the flexibility of using multiple filter sizes within the same 

level (Zhang et al. 2020).  

In the main U-Net architecture, a sequence of two 3×3 convolutional layers was used 

after each pooling layer and transposed convolutional layer. On the other hand, a basic 

Inception block involved the use of a 5×5 filter, which required high computation.  

According to (Szegedy, Vanhoucke, et al. 2016), factorizing one 5×5 convolution to two 

3×3 convolution operations can improve the computational speed since one 5×5 

convolution is 2.78 times more time consuming than one 3×3 convolution. 

In SIU-Net, the selection of the filter sizes of the modified IB is optimized to 3×3 and 

1×1 to make it computationally efficient. The modification enables better aggregation of 

feature maps from different branches of kernels of different sizes and makes the network 

wider and capable of learning more features (Badrinarayanan, Kendall & Cipolla 2017). 

Also, the residual connection makes the learning easier since a residual IB learns a 

function with reference to the input feature maps, instead of learning an unreferenced 

function (Szegedy et al. 2017). Unlike the original Inception V2 architecture, each 1×1 

convolutional layer is followed by a 3×3 convolution layer. The concatenated 3×3 layers 

are then followed by a batch normalization (BN) layer that avoids gradient vanishing 

while retaining the convolutional layers. 

In the modified Inception block, the technique is adapted from (Ibtehaz & Rahman 

2020) to control the number of filters of the convolution layers inside the block. A 

parameter 𝑃𝑃 is assigned to control the number of filters as given by equation -   

Concat
enation 

3x3 3x3 3x3 

1x1 1x1 Pooling 
Layer 

Input 
Layer 

1x1 

BN* 

Output 
Layer 

*BN - Batch 
Normalization 

Fig 5.2. Inception Block in proposed architecture  



 

73 

                                𝑃𝑃 =  𝜆𝜆 × 𝐹𝐹                                                  

where, 𝐹𝐹 is the number of filters in the corresponding layers similar to the basic U-Net, 

and λ is a scaler coefficient. Putrefying 𝑃𝑃 to 𝜆𝜆 and 𝐹𝐹 gives a suitable way to control the 

number of parameters as well as to keep them equivalent to basic U-Net. The number of 

filters is set to 𝐹𝐹 = [32, 64, 128, 256, 512] along with the layers respectively as these 

numbers are comparable to basic U-Net. λ is chosen as 1.67 to ensure that the model 

structure is similar to the basic U-Net. Instead of retaining the filters number same, it is 

useful to progressively increase the them in the consecutive convolution layers inside a 

MultiRes block  (Ibtehaz & Rahman 2020). The number of filters is set to (𝑃𝑃
6
, 𝑃𝑃
3
 ,𝑃𝑃
2
) in the 

three corresponding convolutional layers for extracting multiscale features as this 

combination achieved the best results in previous experiments  (Ibtehaz & Rahman 2020).  

Layer m Inception Blocks n 

1 0 (0,0) (0,1) (0,2) (0,3) (0,4) 3 

2 1  (1,0) (1,1) (1,2) (1,3)  2 

3 2  (2,0) (2,1) (2,2)  1 

4 3  (3,0) (3,1)  0 

5 4  (4,0)   

Fig 5.3. Feature fusion scheme using the dense convolution operation 

5.2.2 Dense-skip connection 
A multi-scale feature fusion scheme impacts segmentation accuracy more than a single-

scale (Zhou et al. 2019). In SIU-Net, the output of the previous IB of the decoder of the 

same dense block is merged with the corresponding up-sampled output of the lower dense 

block through dense skip connections (DSC) (Fig. 5.1). Through a dense convolution 

operation, each node in a decoder is presented with a final aggregated fused feature map 

containing: a) the feature from the previous decoder, b) intermediate block combined 

feature maps and c) the same-scale feature from the corresponding encoder. 

Let,(𝑓𝑓𝑚𝑚,𝑛𝑛) denote the output of node 𝐹𝐹𝑚𝑚,𝑛𝑛 where m is the down-sampling layer along 

the encoder side and n is the convolution layer of the dense block along with the skip 

connection. The whole feature fusion scheme is shown in Fig 5.3.  The fused feature maps 

𝑓𝑓𝑚𝑚,𝑛𝑛 is calculated as: 

𝑓𝑓𝑚𝑚,𝑛𝑛 =    �
Ė�(𝑓𝑓𝑚𝑚,𝑛𝑛), U(𝑓𝑓𝑚𝑚+1,𝑛𝑛−1)�,                                  𝑛𝑛 = 0

Ė(𝐶𝐶�(𝑓𝑓𝑚𝑚,𝑛𝑛),𝑈𝑈[𝑓𝑓𝑚𝑚+1,𝑝𝑝]𝑝𝑝=0𝑛𝑛−1, (𝑓𝑓𝑚𝑚+1,𝑛𝑛−1) �  )        𝑛𝑛 > 0           
               (5.2) 
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where Ė(. ) denotes a convolution operation followed by the activation function, 𝑈𝑈 (.) 

denotes an up-sampling layer and C[ ] denotes the concatenation operation. Node at level 

n=0 receives only one input from the previous layer of the encoder, the nodes at level n=1 

get features from the same level encoder, one encoder sub-network, and the previous layer 

decoder. Nodes at level n>1 get n+2 features, where the two features are from the same 

layer encoder and previous layer decoder respectively and the rest of the n features are 

from n encoder sub-networks of the same skip-connection. Encoder sub-networks are the 

up-sampled output from the lower level skip-connection.  

Therefore, the top layer of the proposed network (Fig. 5.1) is:  

 

𝐼𝐼𝐼𝐼9 =  Ė(𝐶𝐶[(𝐼𝐼𝐼𝐼1, 𝐼𝐼𝐼𝐼6𝑢𝑢𝑝𝑝3, 𝐼𝐼𝐼𝐼7𝑢𝑢𝑝𝑝2, 𝐼𝐼𝐼𝐼8𝑢𝑢𝑝𝑝1), 𝐼𝐼𝐼𝐼8] 

 

where Ė(. ) indicates a convolution operation followed by the activation function, C[ ]  

indicates the concatenation operation. Other layers follow similarly. 𝐼𝐼𝐼𝐼1, 𝐼𝐼𝐼𝐼8, 𝐼𝐼𝐼𝐼9 

indicates 1st , 8th and 9th inception blocks shown at Fig. 5.1. 𝐼𝐼𝐼𝐼6𝑢𝑢𝑝𝑝3 indicates the 6th 

inception block after three up convolution operations. Similarly, 𝐼𝐼𝐼𝐼7𝑢𝑢𝑝𝑝2 𝑎𝑎𝑎𝑎𝑎𝑎 𝐼𝐼𝐼𝐼8𝑢𝑢𝑝𝑝1 

stands for 7th inception block after two up convolution operations and 8th inception block 

after one up convolution operation respectively.  

By this, the advantage offered by the skip pathway is retained. Since the shallower 

layers of the decoder side are used to extract the information, more localized information 

is extracted by SIU-Net. Also, these DSCs generate full resolution feature maps at 

multiple semantic levels and help to improve segmentation accuracy and gradient flow. 

5.2.3 Ablation study 
During the initial stages of research to find the best segmentation method for 

segmenting the TBFs and LBFs in the ultrasound spine images, several models were 

designed and continuously improved from the basic U-Net structure. Notably, three 

models are highlighted below.  

In the first model, the improvised IB (Fig. 5.2) is employed within the basic U-Net 

architecture while the down-convolution, up-convolution, and skip pathways are 

unchanged. This network is named as IU model (Inception+ U-Net). The output is not 

satisfactory as the issue of the restrictive single-scale feature aggregation is not addressed. 

In the second model, the idea of the Residual path (Ibtehaz & Rahman 2020) of 

MultiResUNet is deployed by incorporating some convolution layers with residual 

(5.3) 
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connections along the traditional skip path. This is done to add some additional non-linear 

transformations on feature propagation from the corresponding encoder to the decoder. 

This new model is similar to the normal MultiResUNet except that the conventional IB 

is replaced with the modified Inception block. This network is named as IRs model 

(Inception + Res path). However, the performance of this model is found unsatisfactory 

because the residual paths do not extract features from deep layers and are inadequate to 

handle noisy ultrasound images. 

In the third model, along with the improvised IB, the encoder side skip-pathways 

(similar to UNet++) are introduced. It is named as ISP model (Inception + encoder skip 

path). Though this model gives better output than the previous two models, it is found 

that the absence of the skip pathways in the decoder side results in a lack of richness of 

information especially during edge detection of bony features amidst image noises. 

5.3 Experimental setup 
5.3.1 Dataset 

The dataset used for this approach is same as the LDS U-Net approach and mentioned 

in section 4.3.1 in Chapter IV. As in LDS U-Net approach, each input ultrasound image, 

of size 2574 × 640 pixels, is resized to 256 × 64 pixels through image pre-processing and 

maintaining the aspect ratio of the original image. However, this time, data augmentation 

is done to increase the size of the training dataset by randomly flipping and rotating the 

available images.  

5.3.2 Implementation details  
Software: Spyder, Anaconda.  

Libraries: Keras with Tensorflow backend (Abadi et al. 2016).  

Machine: GPU laptop having NVIDIA GeForce RTX 2060.  

The mode of operation of any semantic segmentation algorithm is to analyze each pixel 

and to predict whether they represent a point of interest, or are merely a part of the 

background. This means that the task can also be looked at as a pixel-wise binary 

classification problem where the objective of the segmentation algorithm would be to 

minimize the binary cross-entropy loss function.  

For an image X, let the corresponding Truth Mask (TM) be Y, and the predicted 

segmentation output be Y'. For a pixel px, the TM value is ypx and the network predicted 

output is y'px, The binary cross-entropy loss for that image is defined as: 
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𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 (𝑋𝑋,𝑌𝑌,𝑌𝑌′) =  ∑ 〖−�𝑦𝑦𝑝𝑝𝑝𝑝〗 log�𝑦𝑦′𝑝𝑝𝑝𝑝� + �1 − 𝑦𝑦𝑝𝑝𝑝𝑝� log�1 − 𝑦𝑦′𝑝𝑝𝑝𝑝��𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

For a batch containing n images, the loss function J becomes,  

𝐽𝐽 =
1
𝑛𝑛
�𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 (𝑋𝑋𝑖𝑖 ,𝑌𝑌𝑖𝑖 ,𝑌𝑌′𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

 

The binary cross-entropy loss is minimized, and the model is trained using Adam 

optimizer (Kingma & Ba 2014). Adam optimizer adaptively computes different learning 

rates for different parameters from estimates of the first and second moments of the 

gradients. All the models are trained up to 150 epochs since 150 epochs are found to be 

the saturation point for model accuracy, and no further improvement is observed beyond 

this point. Finally, for validating the reliability of the model, 5-fold cross-validation of 

the dataset is done.  

5.3.3 Evaluation metrics  
For quantitative performance evaluation, three very popular evaluation indices are 

employed – Jaccard similarity (JS) (Chapter IV, equation 4.7), Dice Coefficient (DC) 

(Chapter IV, equation 4.8), and Euclidean distance (d) is given by, 

𝐻𝐻𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑑𝑑 =  �� (ℎ𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖1) − ℎ𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖2))2
𝑖𝑖

 

ℎ𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖2) is the histogram of the predicted image and ℎ𝑖𝑖𝑖𝑖𝑖𝑖(𝑖𝑖1) is the histogram of the 

corresponding truth mask.  

5.4 Analysis of performance of SIU-Net 
A thorough analysis of the proposed model, SIU-Net, is undertaken and compared with 

basic U-Net, UNet++, and MultiResUNet. Also, the performances of the intermediary 

models, i.e. IU model, IRs model, and ISP model, are analyzed. All the architectures have 

the same settings as illustrated in section 5.3.2.  
Table 5.1: Quantitative evaluation 

Method 

Avg. Jaccard 

Index (Std. 

Dev.) 

Avg. Dice Score 

(Std. Dev.) 

U-Net 0.709 (0.034) 0.817 (0.037) 

MultiResUNet 0.732 (0.034) 0.853 (0.029) 

UNet++ 0.748 (0.035) 0.861 (0.034) 

Incep. + U-net  0.711 (0.035) 0.846 (0.033) 

Incep. + Res path 0.734 (0.035) 0.855 (0.029) 

Incep. + Encoder Skip Path 0.757 (0.036) 0.876 (0.026) 

Proposed SIU-Net 0.781 (0.033) 0.883 (0.025) 

(5.6) 
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5.4.1 SIU-Net outperforms U-Net, UNet++, and MultiResUNet in the 

segmentation of ultrasound spine image dataset 
Table 5.1 details the segmentation performance (JS and DC) of the SIU-Net, UNet++, 

MultiResUNet, U-Net, and other three intermediary models i.e. IU, IRs, and ISP. It can 

be observed that each intermediary model (i.e. IU, IRs, and ISP) has a significant 

improvement on segmentation performance over their corresponding basic methods. This 

is because an IB, by its nature of construction, is more adept in extracting features from 

different locations, shapes, and sizes than conventional convolution layers. Fig 5.4 

illustrates the performances of all the models in terms of the Jaccard index, Dice index, 

and Histogram Euclidean distance. The evaluation result shows that SIU-Net is deeper 

and more capable of learning features from datasets and achieves a better performance in 

terms of TBF and LBF segmentation.  

5.4.2 SIU-Net performs best for bony feature edge detection 
The main aim of this research is to appropriately locate LBFs and TBFs from the 

ultrasound spine images with a high degree of clarity for accurate scoliosis detection. This 

requires the segmentation of each bony feature with a proper edge boundary and location. 

Because of speckle noise, ultrasound images suffer from the lack of clear boundaries 

which complicates the segmentation process. Though U-Net and MultiResUNet can 

segment the bony features from the input images, UNet++ and SIU-Net perform better to 

clearly distinguish the edge boundaries (Fig. 5.5a). Further detailing suggests that 

UNet++ performs better than MultiResUNet, but it cannot outperform SIU-Net. The 

overall performance of a particular image is explained in Fig. 5.5a. The 8th, 9th and 10th 

0.62

0.67

0.72

0.77

0.82

0.87

M1 M2 M3 M4 M5 M6 M7

Ja
cc

ar
d 

In
de

x

Jaccard

0.72

0.77

0.82

0.87

0.92

M1 M2 M3 M4 M5 M6 M7

Di
ce

 S
co

re

Dice

0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

M1 M2 M3 M4 M5 M6 M7

Hi
st

og
ra

m
 E

uc
lid

ea
n 

Di
st

an
ce

Euclidean distance

Inception+Res path (M4) 
Inception+U-net (M6) U-Net++ (M5) SIU-Net (M7) 

Inception+U-net (M2) U-Net (M1) MultiResUNet (M3) 
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TBFs pair’s edge boundaries are not distinguishable using U-Net (JS: 0.7198, DC: 

0.8201) and MultiResUNet (JS: 0.7241, DC: 0.8367), but it is prominent using UNet++ 

(JS: 0.7322, DC: 0.8484) and SIU-Net (JS: 0.7415, DC: 0.8503).  

For more challenging images (Fig. 5.5b), the 10th right-side TBF and 1st LBF are 

indistinguishable in U-Net (JS: 0.7313, DC: 0.8393) but clearly distinguishable in 

MultiResUNet (JS: 0.751, DC: 0.8578), UNet++ (JS: 0.7649, DC: 0.8601) and SIU-Net 

(JS: 0.7723, DC: 0.8679).  

5.4.3 SIU-Net performs the best identification of LBF 
There are six lumbar bony features visible in an ultrasound spine image. Though basic 

U-Net and MultiResUNet give good Jaccard and Dice value, in some images, the LBFs 

are not segmented. In Fig. 5.6a, the two bottom LBFs are indistinguishable in U-Net 

segmentation (JS: 0.7677, DC: 0.8542), but they are segmented in MultiResUNet (JS: 

0.7801, DC: 0.8708), UNet++ (JS: 0.7953, DC: 0.8839) and SIU-Net (JS: 0.8001, DC:  

0.8973). With closer observation, it can be seen that in SIU-Net, the edge boundary is 

better than the other two.  

Again from Fig. 5.6b, it is clear that, in case of U-Net (JS: 0.7074, DC: 0.8158) and 

MultiResUNet (JS: 0.7179, DC: 0.82), many LBFs appear to be conjoined, whereas 

Input TM U-
 

MultiRes SIU  
Fig 5.5a. SIU-Net is able to distinguish TBF pairs   

UNet++ 

Input TM U-Net MultiRes SIU UNet++ 
Fig 5.5b. SIU-Net is able to distinguish TBF and 

LBF   

 

Fig 5.6a. SIU-Net is able to segment LBF 

Fig 5.6b. SIU-Net is able to identify six 
individual LBFs  

 

Input TM U-Net MultiRes SIU UNet++ 

Input TM U-Net MultiRes SIU  UNet++ 
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outputs of UNet++ (JS: 0.7265, DC: 0.834) and SIU-Net (JS: 0.7319, DC: 0.8418) are 

able to distinguish all the 6 LBFs properly. 

5.4.4 SIU-Net is most capable of identifying TBF 
Speckle noise poses considerable challenges, especially during identifying TBFs, 

which are more in number and smaller in size than LBFs. In Fig. 5.7a, as shown in the 

marked red area, the right TBFs are quite vague in the input image. While the other two 

methods (U-Net (JS: 0.6633, DC: 0.7976), UNet++ (JS: 0.6598, DC: 0.7936)) are able to 

identify one or two of those TBFs, MultiResUNet (JS: 0.6583, DC: 0.792) and SIU-Net 

(JS: 0.6494, DC: 0.7874) are better in differentiating all of them. Overall, SIU-Net 

performs better than MultiResUNet as the T12 level is fragmented in the case of the latter 

(shown in the yellow marked area). In fact, SIU-Net performs better than the manual 

segmentation process as those three TBFs are missing even in the truth mask. 

 In Fig. 5.7b, the 8th and 9th TBFs are conjoined in U-Net (left side) (JS: 0.7812, DC: 

0.8623), MultiResUNet (right 7th and 8th TBFs) (JS: 0.808, DC: 0.8801) and UNet++ 

(both sides) (JS: 0.8113, DC: 0.8867). SIU-Net (JS: 0.831, DC: 0.9056) can define both 

the pairs clearly and also gives the highest Dice and Jaccard score. It can be concluded 

that SIU-Net performs better identification of TBF pairs than the other three methods.  

Fig 5.7b. SIU-Net is able to detect the edges of 
TBFs that are indistinguishable in other two methods 

Fig 5.7a. SIU-Net is able to identify TBFs that are 
invisible in TM 

Input TM U-Net MultiRes SIU  UNet++ 

Input TM U-Net MultiRes SIU  UNet++ 

Input TM U-Net MultiRes SIU UNet++ 
Fig 5.8a. SIU-Net outperforms MultiResUNet in 

middle bony feature segmentation  

 

Fig 5.8.b. SIU-Net is able to distinguish both 
TBFs and LBFs clearly  

Input TM U-Net MultiRes SIU 
N  

UNet++ 
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5.4.5 SIU-Net is more consistent than MultiResUNet and UNet++ 
From the previous cases, it is ascertained that, while all of the three models (UNet++, 

MultiResUNet, and SIU-Net) outperform U-Net, the performance of SIU-Net is the best. 

Upon closer scrutiny of the last pair of TBFs in Fig. 5.8a, it is found that they are 

indiscernible in U-Net (JS: 0.7703, DC: 0.8588). But both are identified in MultiResUNet 

(JS: 0.7893, DC: 0.8607), UNet++ (JS: 0.7948, DC: 0.8798) and SIU-Net (JS: 0.8203, 

DC: 0.8974). However, the performances of the other methods with respect to the overall 

clarity of LBFs and TBFs are inconsistent. 
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Also, in Fig. 5.8b, U-Net (JS: 0.711, DC: 0.8375) is unable to identify 6 LBFs but able 

to segment all the TBFs clearly, whereas MultiResUNet (JS: 0.7509, DC: 0.8551) and 

UNet++ (JS: 0.7698, DC: 0.8698) identify 6 LBFs but fail to identify the 8th and 9th left 

TBFs. Unlike the other three methods, SIU-Net (JS: 0.7813, DC: 0.8916) identifies all 

the 6 LBFs clearly and segments all TBF pairs. However, the SIU-Net outperforms all 

the other models in the successful segmentation of both the TBFs and LBFs for its unique 

architecture. Hence, it can be concluded that SIU-Net gives the most consistent 

performance when compared to basic U-Net, UNet++, and MultiResUNet.  

5.4.6 Further examples of qualitative and quantitative comparison of 

SIU-Net with other models 
Fig. 5.9 shows a few more qualitative visual comparisons of bony feature segmentation 

results of the ultrasound spine image using SIU-Net and other methods: basic U-Net 

(Ronneberger, Fischer & Brox 2015), UNet++ (Zhou et al. 2019), MultiResUNet (Ibtehaz 

& Rahman 2020), IU, IRs model, and ISP model.  Table 5.2 summarizes the Jaccard and 

Dice values of each image. In each of these cases, SIU-Net also qualitatively outperforms 

all the other segmentation methods. 
Table 5.2: Quantitative evaluation of few selected individual images 

Ima

ge 

No. 

U-Net 
MultiResUN

et 

Inception + 

U-Net 

Inception + 

Res path 
Unet++ 

Incep. + 

Encoder Skip 

Path 

SIU-Net 

JAC. DICE JAC. DICE JAC. DICE JAC. DICE JAC. DICE JAC. DICE JAC. DICE 

5.9.1 0.702 0.825 0.689 0.836 0.679 0.829 0.685 0.838 0.729 0.847 0.741 0.850 0.758 0.853 

5.9.2 0.713 0.832 0.728 0.839 0.713 0.833 0.729 0.839 0.732 0.842 0.759 0.847 0.763 0.851 

5.9.3 0.707 0.828 0.731 0.844 0.722 0.830 0.738 0.845 0.747 0.861 0.758 0.869 0.767 0.873 

5.9.4 0.717 0.840 0.729 0.849 0.719 0.841 0.730 0.849 0.738 0.853 0.751 0.859 0.759 0.863 

5.9.5 0.735 0.847 0.760 0.863 0.750 0.849 0.763 0.860 0.789 0.871 0.801 0.879 0.820 0.883 

5.9.6 0.808 0.880 0.809 0.895 0.808 0.885 0.81 0.896 0.820 0.903 0.828 0.911 0.841 0.919 

5.9.7 0.760 0.863 0.775 0.873 0.764 0.867 0.77 0.870 0.786 0.887 0.791 0.893 0.803 0.901 

5.9.8 0.636 0.778 0.656 0.792 0.638 0.779 0.657 0.791 0.678 0.823 0.692 0.844 0.703 0.853 

 

5.4.7 Comparison of accuracy of bony feature detection  
The goal of a segmentation model is to accurately detect all the bony features which 

are present in their respective truth masks. A quantitative study is done to assess the 

accuracy in which the cases of the conjoint and broken features in an output segmentation 

image are considered to be failure cases. Also in this study, it is found that, in general, 

the chances of conjuncts are particularly high in the case of LBFs and the overall accuracy 



82

of detecting LBFs is lower than that of the TBFs. 

Fig. 5.10 depicts the comparison of all models in terms of percentage of images where 

all the bony features as well as individual thoracic and lumber bony features are detected 

clearly. From the figure, it is can be concluded that SIU-Net is the most accurate model, 

amongst the other models, to detect the bony features.

5.5 Discussion on SIU-Net
The quality of input images significantly impacts the quality of segmentation output. 

Among the imaging modalities used for scoliosis assessment, X-ray, MRI, and CT 

produce superior quality images while the non-radiating imaging modalities such as 

ultrasound are susceptible to noise and low contrast. U-Net is one of the most popular 

segmentation networks in deep learning. In previous work, U-Net performed very well in 

spine segmentation from X-ray images (Ronneberger, Fischer & Brox 2015). In a fully 

automated measurement of sagittal spinopelvic balance, U-net performed well in 

detecting anatomical landmark probability maps on the sacral endplate from sagittal X-

ray images (Korez, Putzier & Vrtovec 2020) because the X-ray image is more apparent 

than the ultrasound image and, therefore, access to segment. There are inherent limitations 

of ultrasound imaging compared to X-ray, due to which ultrasound cannot always 

compete with X-ray imaging. Acoustic shadowing hides all bone surfaces that are deeper 

than the posterior surface of vertebrae and ribs. Therefore, basic U-Net is unable to 

segment all relevant features and provide missing bony features in segmentation output 

consistently. Table 5.3 compares the Dice score of multiple segmentation methods, both 

automatic and manual, using X-Ray (Horng et al. 2019), CT, and MRI (Li et al. 2021)

with ultrasound. In the case of CT, the authors indicated that their method was not 

designed to tackle low-dose CT images and images with implants and only the medium 

Fig 5.10. Proportion (%) of Images where segmentation outputs can detect all Bony features from respective 
Truth masks

72.9

66.3

69.6

73.5

66.5

70.0

75.2

66.8

71.0

76.5

67.9

72.2

80.0

72.2

76.1

84.1

71.9

78.0

86.6

75.7

81.2

TBF Accuracy LBF Accuracy All Features Accuracy

%
 o

f B
on

y 
fe

at
ur

es
 d

et
ec

te
d

U-Net Inception+ U-net MultiResUNet Inception+ Res path U-Net++ Inception+encoder skip path SIU-Net



 

83 

to high-quality CT images was selected (dataset 3) for further segmentation (Khandelwal, 

Collins & Siddiqi 2021). The proposed method, SIU-Net, explicitly designed to manage 

the inherent drawbacks of ultrasound images, produces results comparable (by 93-95%) 

to other methods which used higher quality input images as input. Additionally, from the 

respective publications, it can be inferred that when compared to respective baseline U-

Net outputs, SIU-Net gives the highest improvement (0.883 vs 0.817 – 8%) when 

compared to Residual U-Net (0.951 Vs 0.9410 - 1%) and MANet (0.925 Vs 0.9008 – 

3%). 
Table 5.3: Comparison of segmentation performance of various architectures in spine images using various imaging 

modalities 

Author Objective 
Imaging 

Modality 
Method Method Description of dataset used 

Avg. Dice 

Score 

Horng et al. 

2019  

Segmentation of 

vertebrae for 

scoliosis 

assessment 

X-ray Residual U-Net Automatic 

595 vertebra images; Five-fold 

cross validation (each fold images 

augmented to 1000, 10% 

validation images) 

0.951 ± 0.03 

Khandelwal et 

al. 2021  

Segmentation of 

entire spine and 

individual vertebra 

to aid surgical 

planning 

Compute

d 

Tomogra

phy (CT) 

Region-based 

segmentation of 

spine 

Manual 

Dataset 1 (Lumbar vertebrae; 50 

vertebrae extracted from 10 

images) 

0.924 ± 

0.013 

Manual 

Dataset 2 (Thoracular-Lumbar 

Vertebrae; 120 thoracic and 50 

lumbar vertebrae across 10 

subjects) 

0.949 ± 

0.022 

Manual 

Dataset 4 (Cervical, thoracic and 

lumbar region; 43 medium-to-

high dose CT images) 

0.849 ± 

0.753 

Shape-prior 

based flows for 

individual 

vetrebra 

segmentation 

Automatic 

Dataset 3: (Lumbar vertebrae; 

lumbar region of 30 patients, no. 

of slice range 55-200) (25 for 

training, 5 for evaluation), six-

fold cross-validation 

0.838 ± 

0.031 

Li et al. 2021  

Segmentation of 

spine T2-weighted 

images to assess 

lumbar spinal 

stenosis 

Magnetic 

Resonanc

e Imaging 

(MRI) 

Dual branch 

multi-scale 

attention 

network 

(MANet) 

Automatic 

1080 images of 120 patients (70% 

training, 20% validation, 10% 

testing) 

0.925 

Proposed 

Method 

Segmentation of 

thoracic and lumbar 

bony features to 

assess Scoliosis 

Ultrasoun

d 

Skip-Inception 

U-Net (SIU-Net) Automatic 

109 images from 109 patients (79 

training, 30 testing), Five-fold 

cross validation 

0.883 ± 

0.024 

Ultrasound imaging modalities that are non-radiating, safe, portable, and capable of 

real-time operation are explored for scoliosis assessment (Zheng, Lee, et al. 2016). Table 

5.4 illustrates some popular ultrasound imaging techniques and the correlation of their 

respective measured scoliosis curvature angles to the radiographic Cobb angle method 

(Huang, Deng, et al. 2019), (Huang, Zeng & Li 2017), (Chen et al. 2021), (Brink et al. 

2018). Huang et al. introduced a double-sweep 2.5-dimensional extended field-of-view 
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(EFOV) method that showed a good correlation of 0.993 (Huang, Zeng & Li 2017). 

However, in their research, the authors deduced that the surfaces of the transverse process 

may not be consistently visualized when scanning patients with scoliosis. The 

reconstruction of the panorama images was more time-consuming than the original 

image-cutting method. Chen et al. worked on 3D ultrasound with a fast reconstruction 

algorithm and found that it is impossible to apply the conventional slicing technique to 

visualize the hidden bony features of each layer from reconstructed 3D images (Chen et 

al. 2021). Zheng and his team developed a dedicated system called Scolioscan which 

employs 3D ultrasound scanning using the volume projection imaging (VPI) technique 

(Jiang et al. 2019). A coronal view of the spine similar to a posterior-anterior radiograph 

can be obtained from the reconstructed volume data using a simple re-slicing or volume 

rendering technique. One 3D ultrasound image generated is then split into nine 2D VPI 

images of different depths (Zhou et al. 2017). The re-slicing process helps to make the 

hidden bony features inside the spine volume more visible. This makes images from 

Scolioscan better suited for automatic scoliosis curvature assessment. Further, using VPI 

images, Brink et al. demonstrated high correlations of scoliosis curvature angle with the 

traditional Cobb angle method (Brink et al. 2018), for both thoracic and lumbar regions 

as shown in table 5.4. 
Table 5.4: Comparison of scoliosis curvature angles measured using various types of ultrasound images with traditional 

Cobb angle 

Author Dimensions Type of ultrasound images 

Correlation (R²) with 

traditional radiographic cobb 

angle 

Huang et al. 

2017  
2.5D 2.5D extended field-of-view (EFOV) - 

Huang et al. 

2019  
2.5D 

Double-sweep 2.5-dimensional 

extended field-of-view (EFOV) 
0.993 

Chen et al. 

2021  

3D US with fast reconstruction 

algorithm 

Fast Dot-Projection algorithm- Voxel-

based Nearest Neighbour (FDP-VNN) 

Rater 1: 0.95 

Rater 2: 0.90 

Fast Dot-Projection algorithm- Multiple 

Plane Interpolation (FDP-MPI4) 

Rater 1:0.97 

Rater 2: 0.97 

Brink et al. 

2018  

3D 
Volume Projection Imaging- Spinous 

Process (VPI-SP) 

Automatic:  

0.991 (Thoracic), 0.983 

(lumbar) 

Manual:  

0.987 (Thoracic), 0.970 

(lumbar) 

3D 
Volume Projection Imaging- Transverse 

Process (VPI-TP) 

Manual:  

0.992 (Thoracic), 0.985 

(lumbar)  

Table 5.5 summarizes the research work on all the three indices that are used with 
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ultrasound imaging for scoliosis measurement, namely Cobb Angle (Zheng, Young, et al. 

2016), (Young et al. 2015); Spinous Process Angle (SPA) (Zhou et al. 2017), (Zheng, 

Lee, et al. 2016), (Brink et al. 2018), (Zeng et al. 2019), (Zeng, Ge, Gao, Zhou, Zhou, He, 

Lou, et al. 2021), (de Reuver et al. 2021), (Banerjee et al. 2020); and Transverse Process 

Angle (TPA) (Lee et al. 2021), (Ungi et al. 2020), (Brink et al. 2018). Due to the absence 

of vertebral bodies in ultrasound images, the angle between vertebra endplates of a 

scoliotic curve i.e. Cobb angle, cannot be sufficiently measured (Ungi et al. 2020) and the 

average correlation with radiographic Cobb Angle was 0.58 (blinded) and 0.85 (Aid Of 

previous Radiographs or AOR) (Zheng, Young, et al. 2016). Using  
Table 5.5: Comparison of performance of various ultrasound scoliosis measurement indices with radiographic Cobb 

angle 

Author 

Ultrasou

nd 

System 

No. of 

patien

ts 

Method 
Region of Interest 

(ROI) 

Outcome vs Radiographic Cobb Angle 

MAD Correlation (R2) 

ULTRASOUND COBB ANGLE 

Zheng et 

al.  2016  

SonixT

ABLET 
65 

Manual (Blinded & 

AOR) 
Coronal Curvature 

Rater 1: 4.9°± 3.8° 

Rater 2: 4.6°± 3.8° 

(Blinded) 

Rater 1: 2.8°± 2.2° 

Rater 2: 2.7°± 1.9° 

(AOR) 

Rater 1: 0.58  

Rater 2: 0.58 

(Blinded) 

Rater 1: 0.84 

Rater 2: 0.87 

(AOR) 

 Young et 

al.  2015  

SonixT

ABLET 

US 

system 

20 

Manual (centre of 

lamina (COL) 

method) 

Coronal Curvature 

Rater 1: 2.6°± 2.0° 

Rater 2: 4.1°± 2.6° 

Rater 3: 3.8°± 3.3° 

Rater 4: 3.7°± 3.5° 

  - 

SPINOUS PROCESS ANGLE (SPA) 

Zeng et al.  

2019  

SonixT

ABLET 
50 

Semi-Automatic 

(Using gradient 

vector flow (GVF) 

snake model)  

Spinous process 
Rater 1: 5.8° 

Rater 2: 6.6°  

Rater 1: 0.75 

Rater 2: 0.73 

Zeng et al. 

2021  

SonixO

NE 
92 

Semi-Automatic 

(Using Stacked 

Hourglass Network)  

vertebral spinous 

process (SP) & 

laminae 

Rater 1: 5.7°± 4.5° 

Rater 2: 6.1°± 4.8°  

Rater 1: 0.80 

Rater 2: 0.75 

S. Reuver 

et al. 2021  

Scoliosc

an 
70 Manual Spinous Process 

Thoracic: 6.5°± 

3.9° 

Lumbar: 7.3°± 

4.7° 

Thoracic: 0.968 

Lumbar: 0.923 

Banerjee 

et al. 2020  

Scoliosc

an 
109 

Automatic (U-Net 

segmentation) 
Spinous Process  -  - 

Brink et al. 

2018  

Scoliosc

an 
33 Manual 

Spinous column 

Profile 
4.5° ± 3.1° 

Thoracic: 0.987 

Lumbar: 0.970 

Brink et al. 

2018  

Scoliosc

an 
33 Automatic 

Spinous column 

Profile 
4.9°± 3.2° 

Thoracic: 0.991 

Lumbar: 0.983 
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Zhou et al. 

2017  

Scoliosc

an 
99 

Automatic (using 

Phase congruency 

method) 

Spinous column 

Profile 
 - 0.83 

Zheng et 

al.  2016  

Scoliosc

an 
49 

Manual (VPI-SP 

method) 

Spinous column 

Profile 
 - 

Thoracic: 0.784 

Lumbar: 0.727  

TRANSVERSE PROCESS ANGLE (TPA) 

Lee et al.  

2021  

Scoliosc

an 
164 Manual 

Thoracic and 

Lumbar 

Thoracic: 3.0° (0°-

9.9°) 

Lumbar: 2.8° (0°-

11.9°) 

Thoracic: 0.893  

Lumbar: 0.884 

Ungi et al. 

2020  

MicrUs 

EXT-1H 
8 

Automatic (U-Net 

segmentation) 

Thoracic and 

Lumbar 
2.2°  - 

Brink et al. 

2018  

Scoliosc

an 
33 Manual 

Thoracic and 

Lumbar 
4.7°± 3.6° 

Thoracic: 0.992 

Lumbar: 0.985 

 

posterior anatomical landmarks, alternate ways to measure scoliosis in ultrasound are 

being worked on. Two such measures are SPA and TPA. SPA is the angle formed between 

the lines drawn through the most tilted part of the spinous column profile of coronal 

ultrasound images while the TPA is measured from the lateral bony features of the spine. 

Both SPA and TPA have been proven comparable to traditional radiographic Cobb angle 

(Ungi et al. 2020), (Brink et al. 2018). However, the SPA measurement process has 

limitations in that the raters are disturbed by scattered and invalid points when manually 

tuning the inflection points of the spinous process curve, and thus the measurements of 

SPA were affected significantly in the lumbar area (Zheng, Lee, et al. 2016), (Brink et al. 

2018). In addition, SPA measurement uses different landmarks than the radiographic 

Cobb angle, introducing more variation sources for each measurement (Lee et al. 2021). 

The variation between SPA and traditional Cobb angle is more pronounced for greater 

curvature of the spine (Wu, Liu & Wong 2020). The transverse process is an alternative 

way to assess scoliosis and the measuring index is called the transverse process angle 

(TPA). TPA shows an excellent correlation with radiographic Cobb angle (Brink et al. 

2018). In (Ungi et al. 2020), the transverse process and ribs were segmented on 2-D 

transverse ultrasound images and reconstructed through 3D reconstruction on the coronal 

plane. Measured from a 3D reconstructed image, their research gave a mean average 

difference (MAD) of 2° between X-ray-based angle and ultrasound TP angle and this 

difference is within the clinically significant error range. Ultrasound curvature angle 

(UCA) is a type of TPA, which is measured on coronal curvature on the AIS spine and 

uses thoracic and lumbar bony features as regions of interest (Lee et al. 2021). Hence, 

given the advantages of TPA/UCA over SPA and ultrasound Cobb angle, this research is 
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focused on automation of the UCA measurement process.  
Table 5.6: Summary of segmentation architectures applied to ultrasound images of spine and other body parts 

Author 

Field 

of 

work 

Challenges 

Seg. 

Arch. 

used 

Special Features 
Summary of dataset 

used 

Dice 

Scor

e 

AU

C 

Jaccar

d/mI

OU 

OTHER BODY PARTS 

Amiri 

et al. 

2020  

Breast 

Lesion  

Complexity 

of lesion 

shape and 

location  

Two 

stage U-

Net 

one U-Net for ROI 

detection, one for 

segmentation 

Training - 1398, 

Testing - 1892, Total 

- 3290 

Cross Validation: 

Five Fold 

80.5 - - 

Chen et 

al. 2021  

Foetal 

spina 

bifida 

Large 

number of 

noise spot 

Oct-U-

Net 

Octave feature to 

reduce redundant 

information 

3,300 pregnant 

women’s foetus 

images 

- - 91.7 

SPINE 

Ungi et 

al. 2020  

Sagittal 

spine 

image 

Automatic 

segmentatio

n with a 

CNN and 

volume 

reconstructio

n 

Basic U-

Net 
Basic U-Net features 

No of Images: 

Training - 1398, 

Testing - 1892, Total 

- 3290 

Cross Validation: One 

Cross 

- 97 - 

Huang 

et al. 

2020  

Thoraci

c and 

lumbar 

bony 

feature

s 

Noise 
RSN-U-

net 

Total variance loss to 

improve the robustness 

against the speckle and 

regular occlusion noise 

No of Images: 109; 

Training - 80, Testing 

- 29 

78.3

8 
98 - 

Lyu et 

al. 2021  

Thoraci

c and 

lumbar 

bony 

feature

s 

Noise, 

Variability 

of ROIs 

D-TV 

Net 

Two branches to 

estimate semantic 

region and contour 

segmentation, ASPP 

module to concatenate 

different scales of 

features 

No of Images: 

109;Training - 80, 

Testing - 29, Cross 

Validation: 3 fold 

86.6

8 
- - 

Banerje

e et al. 

2021  

Thoraci

c and 

lumbar 

bony 

feature

s 

Noise, 

Variability 

of ROIs 

LDS U-

Net 

(Chapter 

IV) 

Light Dense Block to 

increase computation 

efficiency, 

Multiscale Skip-

pathway to enhance 

feature fusion & 

Selection Gates to 

identify target bony 

features. 

No of Images: 

109;Training - 79, 

Testing - 30, Cross 

Validation: 3 fold 

86.9

4 
- - 

Propose

d 

Method 

Thoraci

c and 

lumbar 

bony 

Noise, 

Variability 

of ROIs 

SIU-Net 

Improvised inception 

block to handle large 

variability in spine 

images & re-designed 

Dense-skip connection 

No of Images: 

109;Training - 79, 

Testing - 30, Cross 

Validation: 5 fold 

88.3 99 78.0 
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feature

s 

for multi-scale feature 

fusion 

 

 For automation of these measurement processes, research has been carried out to 

efficiently segment the relevant region of interest (ROI) from an ultrasound image as a 

step before the actual angle measurement. Ultrasound images have high speckle and scan 

noise which makes demarcation of necessary information challenging. For automatic 

SPA measurement, the segmentation was done for the mid spine line (single ROI) and its 

segmentation was done using a basic U-net (Banerjee et al. 2020). On the other hand, for 

automatic UCA measurement, the proper identification and segmentation of thoracic and 

lumbar bony features are of prime importance. Single ROI segmentation techniques such 

as basic U-Net will not handle the variability in locations, sizes, and shapes of multiple 

ROI (TBFs and LBFs) in a noisy ultrasound image. Table 5.6 summarizes the 

performance of various segmentation architectures applied to ultrasound images of a 

breast lesion, fetal spina bifida, and spine. 

In (Huang et al. 2020), an improvised version of U-Net i.e. U-Net with robustness to 

speckle and regular occlusion noise (RSN-U-Net) was introduced to segment lateral bony 

features from noisy ultrasound spine images. A new technique, i.e. total variance loss, 

was employed to improve the robustness against the speckle and regular occlusion noise. 

The research showed that RSN-U-Net only marginally outperformed basic U-Net with a 

segmentation result of 0.78 (Dice score) against the score of 0.76 by basic U-Net; 

indicating the variability of location, shape, and sizes of bony features was not specifically 

and fully addressed through the RSN-U-Net architecture. 

Lyu et al. employed a dual-task ultrasound transverse vertebrae segmentation network 

(D-TVNet) to segment lateral bony features from noisy ultrasound spine images (Lyu et 

al. 2021). The Atrous Spatial Pyramid Pooling (ASPP) (Lian et al. 2021) module was 

adopted to extract effective features from the spine images. An ASPP module is 

composed of four parallel atrous convolution layers with different dilated rates. Feature 

fusion was done by merging all the features extracted by each atrous convolution layer 

from different receptive fields. The four parallel atrous convolution layers in ASPP can 

achieve the effect equivalent to applying multiple filters with their different receptive 

fields on a given input image. In that work, the number of components in ASPP was 

increased by one by fusing another extra feature stream into ASPP concatenation. Three 

limitations could be observed: a) ASPP with limited sampling ranges will not be able to 
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comprehensively extract the features of the target entities with variable sizes, b) some 

entities are so far from the ranges enclosed by the convolution kernels of ASPP that the 

features they have cannot be sampled, and c) to reduce the computational burden, all the 

points, but for the operative sampling points, in the convolution kernels are filled with 

zeros. This may result in a situation wherein, for the final result, the convolution kernel 

samples the information surrounding a particular pixel and may disregard the delicate 

local features corresponding to the positions with zeroes (Lian et al. 2021). The sizes of 

the entities from which the ASPP module collect information, only vary within a limited 

range which, in the real scenario, will not suffice as the variability in location, shape, and 

sizes of entities would hinder the sampling of adequate information to generate the 

complete and precise features required for automatic UCA measurement. 

In Chapter IV, a novel hybridized lightweight convolutional neural network 

architecture is presented, called Light-Convolution Dense Selection U-Net or LDS U-

Net. This architecture had two main features – (a) Attention gates that improved the 

segmentation clarity by tackling the ‘noisy’ information and (b) Multi-scale skip-

pathways replaced the conventional skip-pathways so that the problem of large 

variabilities in shape, size, and locations of the TBFs and LBFs could be handled. 

However, the attention gate (Oktay et al. 2018) has a drawback, when used in basic U-

Net architecture, it requires a significantly more number of parameters but produces only 

marginal improvement in segmentation output. 

A novel hybridized CNN architecture, multi-scale feature fusion skip-inception U-Net 

or SIU-Net is introduced in this research for ultrasound spine segmentation. 109 2D 

ultrasound spine images and their expert suggested truth masks are used as the input 

image dataset. Basic U-Net was taken as the starting architecture (Ronneberger, Fischer 

& Brox 2015). Basic U-Net gave segmentation output with missed and conjoint bony 

features (Avg. Jaccard: 0.709 and avg. Dice Score: 0.817). After analyzing the output 

images, it was deduced that several bony features got missed out due to the lack of 

flexibility of U-Net to choose multiple sizes of filters. As the first modification to increase 

the segmentation performance, the option of selecting multiple sizes of filters was 

incorporated with the basic U-Net architecture and the network was called the 

Inception+U-Net (IU) model. Instead of unnecessarily adding more layers in the basic U-

Net, an improvised version of the inception block was used to replace the conventional 

convolution operation. As the inception model was equipped with convolutional layers 

of varying kernel sizes, it was anticipated that this concept would solve the variability 
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issues. However, after evaluation of the segmentation output, it was seen that the IU 

model did not perform satisfactorily, especially in and around the noisy areas (avg. 

Jaccard: 0.711 and avg. Dice Score: 0.846).  

Further analysis showed a high degree of inconsistency between the features passed 

from the encoder network and features transmitted through the decoder network. The 

combination of two inconsistent sets of features caused incongruity during the learning 

of the network and affected the segmentation result (Ibtehaz & Rahman 2020). The 

conventional skip path of the IU model was then replaced by the Residual path (Ibtehaz 

& Rahman 2020) to resolve the two incompatible sets of features in encoder and decoder 

sides and the model was named as Inception+Res path (IRs) model. This model 

performed better (avg. Jaccard: 0.734 and avg. Dice Score: 0.855) than the IU model as 

some further processing was incorporated in skip connections to make the feature maps 

from both sides more consistent. With this result, it was inferred that the IRs model could 

perform better in scenarios with less noise and clear visibility. However, as the input 

dataset is noisy ultrasound spine images, single-scale feature fusion was insufficient for 

this segmentation work. A dense network was needed to perform multi-scale feature 

fusion to extract deeper layer features and fuse with the features from shallower layers. 

Then, the residual skip paths were replaced with encoder side dense skip connection 

(Zhou et al. 2019) and it generated promising segmentation output. The new model was 

named as Inception + encoder skip path (ISP) model. As ultrasound image noise is the 

biggest challenge for this research, the ISP model, in many cases, failed to provide a clear 

segmentation edge boundary (avg. Jaccard: 0.757 and avg. Dice Score: 0.876). Therefore, 

for more semantically rich feature extraction and fusion, the ISP model skip connection 

was replaced with a decoder side dense skip connection. This model, SIU-Net, finally 

solved the problem of variability of bony features and speckle noise with better 

identification and segmentation of bony features with proper bone edge boundary 

detection (avg. Jaccard: 0.78 and avg. Dice Score: 0.883).  

The proposed network shows a promising segmentation output compared to baseline 

network U-Net and advanced networks, such as MultiResUNet and Unet++. The 

performance of SIU-Net is evaluated quantitatively using three popular indices, i.e. 

Jaccard index, Dice coefficient, and histogram Euclidean distance. Each time, SIU-Net 

outperforms all the other popular segmentation techniques giving the maximum Jaccard 

index (0.78) and Dice coefficient (0.883) and minimum histogram Euclidean distance 

(0.011) in comparison with baseline network U-Net, MultiResUNet, and Unet++. This is 



 

91 

because an inception block, by its nature of construction, is more adept in extracting 

features from different locations, shapes, and sizes than conventional convolution layers. 

Also, closer examination of the individual segmentation result, for some special cases, 

points to the fact that the SIU-Net does a superior job of identifying and segmenting the 

TBF and LBF pairs than the other networks (Fig 5.5, 5.6, 5.7 & 5.8). Finally, though 

MultiResUNet and Unet++ provide promising segmentation output in a few individual 

cases, the result demonstrates that the proposed network is more consistent in giving the 

adequate segmentation output for the overall range of input images. 

5.6 Key takeaways of SIU-Net 
In the manual UCA process, the evaluators must locate the proper points for line 

placements on the ultrasound images. Identifying the feature below and above the T12 

level depends on the expertise and judgment of the evaluators (Lee et al. 2021). The 

overall process flow of automatic UCA measurement is shown in Chapter I, figure 1.4. A 

key element in the automatic UCA measurement is identifying and segmentation of the 

lateral bony features (thoracic and lumbar) as they play a pivotal role in angle calculation. 

This can be measured using an index called the bony feature detection rate and a 

comparison of detection rates between other contemporary segmentation techniques is 

presented in Table 5.7.  
Table 5.7: Comparison of detection rates for various segmentation architectures in ultrasound scoliosis measurement 

Author Method Avg. Detection Rate (%) 

Huang et al. 2020  RSN-U-Net 69.34 

Lyu et al. 2021  D-TV Net 75.29 

Banerjee et al. 2021  LDS U-Net (Chapter IV) 76.59 

Proposed method SIU-Net 81.20 

It can be concluded that SIU-Net gives the best detection rate not only against general 

segmentation architectures such as U-Net, U-Net++, and MultiResUNet (Fig. 5.10) but 

also outperforms other architectures dedicated specifically to ultrasound spine images 

(Table 5.7). The future step of this research is to calculate the UCA angle automatically 

from segmented images and validate it against existing techniques and is detailed in 

Chapter VI.  
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CHAPTER VI: AUTOMATIC CALCULATION OF 

ULTRASOUND CURVE ANGLE 
6.1 Introduction 

In clinical AIS diagnosis with 3D ultrasound, experts need to observe hundreds of 

images of the whole spine region in a sequence. This process is tedious and time-

consuming. For faster diagnosis and better visualization of the spine structure, volume 

projection imaging (VPI) was proposed to project the voxels of 3D ultrasound volume 

data onto a sequence of 2D spine coronal planes (Cheung, Zhou, Law, Mak, et al. 2015). 

However, owing to the low quality (speckle noise and low saturation) of the ultrasound 

images and the acoustic shadow caused by the high acoustic impedance of the bones 

(Pandey et al. 2020), the experts conducting the examinations have to be highly qualified 

in sonographic assessments. Nevertheless, the subjective factors behind personal 

experience are inevitable in manual ultrasonic scoliosis diagnosis. Therefore, the current 

clinical workflow can benefit significantly from an automatic method for spine deformity 

measurement (Cheung, Zhou, Law, Mak, et al. 2015), (Brink et al. 2018).  

Automatic spine angle measurement would require pre-processing, namely image 

segmentation of the ultrasound spine image, so that the regions of interest (thoracic and 

lumbar regions) can be demarcated and the angle can be subsequently measured. The 

steps for automatic UCA measurement are as follows:  

1. Collection of data: A total of 109 2D spine ultrasound images of 109 patients 

with varying degrees of scoliosis are collected from Scolioscan (Hong Kong 

Polytechnic University) (discussed in Chapter III).  

2. Segmentation of bony features: All 109 spine ultrasound images are 

segmented using six contemporary and two proposed segmentation techniques 

for demarcation of the thoracic and lumbar bony features. Depending upon the 

segmentation accuracy and detection rate, the best segmentation technique is 

selected among the eight for automatic UCA calculation (discussed in Chapter 

IV and V).  

3. RGB conversion of segmented binary images (proposed Algorithm 1): In 

binary segmented images, isolation of ribs and thoracic bony features (TBFs) 

are difficult since they are connected. The binary segmented images are, 

therefore, converted to RGB images using specific colour codes for ribs and 
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TBFs and for LBFs (discussed in this chapter). 

4. Automatic UCA calculation by centroid pairing and inscribed rectangle 

slope (CPI-SLO) method: In this step, the key features needed for automatic 

UCA calculation, i.e. TBFs and LBFs, are identified and separated from RGB 

images. Then, the main thoracic and thoraco-lumbar angles are calculated 

separately as follows (discussed in this chapter): 

i. Calculation of main thoracic angles (proposed Algorithm 2): The main 

thoracic angles are calculated using the proposed slope calculation using 

the centroid pairing method.  

ii. Calculation of thoraco-lumbar angles (proposed Algorithm 3): The 

thoraco-lumbar angles are calculated using the proposed slope 

calculation involving the largest inscribed rectangle method.   

Fig 6.1 presents the complete flowchart for automatic UCA calculation using the 

centroid pairing and inscribed rectangle slope (CPI-SLO) method. 

6.2 Selection of the most suitable segmentation technique for 

subsequent angle calculation 
In an ideal case, the segmented output should be able to demarcate all the TBFs and 

LBFs. However, since the images are ultrasound noisy images, some segmentation 

outputs have multiple missing or conjoined bony features and are of little use for the 

calculation of UCA and cannot be taken into account for angle calculation. Also, the 

variability between thoracic and lumbar features add to the complexity, as both are 

necessary to estimate the main thoracic and thoraco-lumbar angles for a complete UCA 

estimation. 

6.2.1 Quantitative evaluation of various segmentation techniques 
One baseline segmentation technique, U-Net (Ronneberger, Fischer & Brox 2015), and 

seven state-of-the-art segmentation techniques, such as Attention U-Net (Oktay et al. 

2018), UNet++ (Zhou et al. 2019), MultiResUNet (Ibtehaz & Rahman 2020), RSN U-Net 

(Huang et al. 2020), D-TV Net (Lyu et al. 2021), LDS U-Net (Chapter IV) and SIU-Net 

(Chapter V), have been employed to segment the noisy ultrasound spine VPI images. 

These images were compared quantitatively using the Dice score and Jaccard Index, as 

shown in Table 6.1.  

The SIU-Net model outperformed the baseline model U-Net by a huge margin. When 
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compared with the two popular medical image segmentation models, MultiResUNet and 

Unet++, SIU Net showed a 4% and 2.5% improvement, respectively, on the averaged 

Dice score.  

Further, D-TV Net and LDS U-Net were developed specifically to handle ultrasound 

Fig 6.1. Process flow of Centroid Pairing and Inscribed rectangle Slope (CPI-SLO) method 
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noisy spine images; SIU-Net outperformed them approximately by 1.8% and 1.5% on the 

averaged Dice score, respectively. Hence, the SIU-Net model is superior in the 

segmentation of noisy ultrasound images. Therefore, it can be considered for automatic 

UCA calculation. 
Table 6.1: Comparison of quantitative segmentation results for various segmentation architectures 

METHOD DICE JACCARD 

U-Net (Ronneberger, Fischer & Brox 2015) 0.8133 0.7015 

Attention U-Net (Oktay et al. 2018) 0.8297 0.7189 

Unet++ (Zhou et al. 2019) 0.861 0.748 

MultiResUNet (Ibtehaz & Rahman 2020) 0.8458 0.7264 

RSN U-net (Huang et al. 2020) 0.7838 - 

D-TV Net (Lyu et al. 2021) 0.8668 - 

LDS U-Net (Chapter IV) 0.8694 0.7415 

SIU-Net (Chapter V) 0.883 0.781 

The key element in the automatic UCA measurement is identifying the lateral bony 

features (thoracic and lumbar) as they play a pivotal role in angle calculation. This can be 

measured using an index called the bony feature detection rate. A comparison of detection 

rates between baseline and other contemporary segmentation techniques is presented in 

Table 6.2. It can be concluded that SIU-Net gives the best detection rate (81.2%) not only 

against general segmentation architectures such as U-Net, Attention U-Net, U-Net++ and 

MultiResUNet but also outperforms other architectures dedicated specifically to 

ultrasound spine images. 
Table 6.2: Comparison of detection rates for various segmentation architectures 

METHOD AVG. DETECTION RATE (%) 

U-Net  69.6 

Attention U-Net 70.2 

Unet++ 76.1 

MultiResUNet 71.0 

RSN-U-net 69.34 

D-TV Net 75.29 

LDS U-Net (Chapter IV) 76.59 

SIU-Net (Chapter V) 81.20 

6.2.2 Evaluation of various segmentation techniques for usability 
It must be noted that between the two segmented sections of TBFs and LBFs if LBFs 

are not segmented satisfactorily, it is still possible to calculate the main thoracic angle. 

On the other hand, if TBFs are not segmented satisfactorily, both the main thoracic and 

thoraco-lumbar angles are impossible to measure. However, for understanding the 
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performance of CPI-SLO, both the cases are tackled separately as 

Set A: Images where only the main thoracic angles can be calculated and  

Set B: Images where both the main thoracic and thoraco-lumbar angles, i.e. complete 

UCA, can be calculated.  

Fig 6.2 outlines the comparison between the usability of output images from the three 

segmentation architectures for the two sets of images mentioned above. Out of the total 

109 images, SIU-Net produced the most usable images (86 images) for complete 

estimation of UCA compared to LDS U-Net (80 usable images) and U-Net (71 usable 

images). Also, SIU-Net generates the least loss during TBF segmentation (15 images) 

when compared to SIU-Net (20 images) and U-Net (27 images) for estimation of just the 

main thoracic angles.  

The outcome of the bony feature segmentation using SIU-Net showed that, unlike some 

baseline segmentation architecture results, the output segmented images using SIU-Net 

were not affected by the ultrasound scan noise. Moreover, SIU-Net demarcated the 

boundary areas of TBFs and LBFs more clearly than other contemporary segmentation 

techniques.  

6.3 Demarcation of Regions of Interest 
    The regions of interest for automatic UCA calculation are TBFs and LBFs. LBFs can 

be demarcated easily as they appear as distinct entities in the binary segmented images. 

However, the rib and thoracic bony features (TBF) appear as a single entity without any 

noticeable boundary separation, which makes their demarcation particularly challenging. 

To distinguish the TBFs from the ribs in binary segmented images, it is proposed to 

convert the binary images to RGB images using specific colour codes. However, there 

are two main challenges to this approach:  
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i. Simple binary to RGB conversion of the segmented image cannot determine the 

ribs, TBFs and the LBFs in three colours, rather it is open-ended and gives a multi-

coloured output.  

ii. A proper boundary condition between the connected ribs and TBFs must be 

defined to demarcate them using two distinct colours.  

Therefore, a novel algorithm for binary to RGB conversion with specific colour codes 

is proposed before automatic UCA calculation.  

6.3.1 Methodology: binary to RGB conversion of segmented images 
   For better identification of thoracic and lumbar bony features, the segmented binary 

outputs are converted to RGB images with three different colour codes: red for thoracic 

bony features, blue for ribs, and green for lumbar bony features.   

The steps are as follows: 

Let 𝐴𝐴𝐶𝐶 denote the total number of contours in binary spine images, where C represents 

the total number of bony features detected in a single segmented spine image. The 

procedure to convert the binary segmented images to RGB with specific colors in specific 

areas is described in the sequence of operations below:  

1. RGB Conversion without specific colour coding:  

The segmented binary images are converted to RGB images with no specific colour 

definition, i.e. TBF, LBF, and ribs are not in different colours (Fig 6.3b).  

2. Demarcating the LBFs:  

i. High dense and low orientation areas are selected [𝐴𝐴𝐿𝐿] and marked as class 3.  

(a) 
 

(b) 
 

(c) 
 Fig 6.3. RGB conversion of binary-segmented 

ultrasound spine images (a) segmented binary image 
(b) RGB conversion without specific colour code 
(without algorithm 1) & (c) RGB conversion with 
specific colour code (with proposed algorithm 1) 
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ii. All class 3 areas are converted to green colour.  

3. Demarcating the TBFs and ribs:  

i. The contours 𝐴𝐴𝑇𝑇+𝑅𝑅 =  [𝐴𝐴𝐶𝐶-𝐴𝐴𝐿𝐿] are separated as [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 ] 𝑎𝑎𝑎𝑎𝑎𝑎 [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡], 

respectively.  

ii. The horizontal profile, i.e. the height of the contours of each column are calculated as 

𝐻𝐻𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑚𝑚  𝑎𝑎𝑎𝑎𝑎𝑎 𝐻𝐻𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑛𝑛 ,  where m and n are the total numbers of contours in the left and right 

columns.  

iii. The narrowest part of each contour, i.e. valleys are calculated as 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑚𝑚  and 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑛𝑛 .  

iv. The left column contours are separated into two classes using the valley. The right part 

of the valleys [𝐴𝐴𝑇𝑇 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿] with height 𝐻𝐻𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑇𝑇
𝑚𝑚 = [𝐻𝐻𝑙𝑙𝑙𝑙𝑓𝑓𝑓𝑓𝑚𝑚 −  𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑚𝑚 ] are marked as class 2 and 

converted to the color red. The left part of the valleys [𝐴𝐴𝑅𝑅 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿] = [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 −

 𝐴𝐴𝑇𝑇 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿] are marked as class1 and converted to the color blue.  

v. The right column contours are separated into two classes using the valley. The left part 

of the valleys [𝐴𝐴𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡] with height 𝐻𝐻𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 𝑇𝑇
𝑛𝑛 = [𝐻𝐻𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑛𝑛 −  𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑛𝑛 ] are marked as class 

2 and converted to the color red. The right part of the valleys [𝐴𝐴𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡] = 

[𝐴𝐴(𝑇𝑇+𝑅𝑅)𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡 −  𝐴𝐴𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡 are marked as class1 and converted to color blue (Fig 6.3c).  

Algorithm 1: Proposed algorithm for binary to RGB conversion 
 

Initialization: 𝐴𝐴𝐶𝐶  denotes the total number of contours of segmented bony features in binary spine images.  𝑇𝑇𝑑𝑑 

and 𝑇𝑇𝐴𝐴 are the threshold values for density and orientation of contours and selected as 0.95 and 20 respectively. m 

and n are the total number of segmented bony features in left and right columns respectively.  

Output: The ribs, thoracic, and lumbar bony features will be separately marked in color blue, red, and green 

respectively.  

Convert the segmented binary images to RGB images with no specific color definition, i.e. TBF, LBF, and ribs 

are not in any specific colors.  

Calculate density and orientation for each segmented contours.  

for i = 1, . . . , 𝐴𝐴𝑐𝑐 

 if density> 𝑇𝑇𝑑𝑑 && orientation < 𝑇𝑇𝐴𝐴 

     Mark the contours [𝐴𝐴𝐿𝐿] as class 3 and colour them as green.  

 end if  

Separate 𝐴𝐴𝑇𝑇+𝑅𝑅 =  [𝐴𝐴𝐶𝐶-𝐴𝐴𝐿𝐿] contours in left and right columns as [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 ] 𝑎𝑎𝑎𝑎𝑎𝑎 [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡] respectively.  

for  𝐴𝐴(𝑇𝑇+𝑅𝑅)𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿= 1 ,…., m 

Calculate heights of contours [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿] as 𝐻𝐻𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑚𝑚 . 

Calculate the narrowest parts i.e. valleys of contours {𝐴𝐴(𝑇𝑇+𝑅𝑅)𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿} as 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑚𝑚 . 

Mark contours [𝐴𝐴𝑇𝑇 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿] with heights 𝐻𝐻𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑇𝑇
𝑚𝑚 = [𝐻𝐻𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑚𝑚 −  𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑚𝑚 ] as class 2 and colour them as red.  

Mark the rest of the contours [𝐴𝐴𝑅𝑅 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿] = [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 −  𝐴𝐴𝑇𝑇 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿] as class 1 and colour them as blue.  

end for  
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6.4 Automatic calculation of Scoliosis angle (UCA) 
Manual UCA measurement has been established to have a good agreement with the 

traditional radiographic Cobb angle method (Lee et al. 2021). Therefore, the sequence of 

the manual UCA measurement process is encompassed in this work for automatic angle 

measurement. Notably, in UCA measurement, unlike SPA, the main thoracic and thoraco-

lumbar angles are calculated separately. The steps for manual UCA angle calculation are 

as follows: 

1. The T12 pair ribs, generally the last pair of ribs from the bottom of the spine 

ultrasound image, are first identified to classify vertebrae levels.  

2. Among all the thoracic bony feature pairs above the T12 level, the most tilted 

pairs are identified manually, and lines are drawn through the centres of the most 

tilted pairs.  

3. For the region below the T12 level, the widest lump (lumbar feature) or the most 

tilted lump is selected manually, and a line is drawn through the centre of that 

lump. 

4. The most tilted lines in the main thoracic and thoraco-lumbar areas are selected 

for calculating the main thoracic and thoraco-lumbar angles.  

However, due to the intrinsic nature of noisy ultrasound imaging modality, inadequacy 

and ambiguity of bony feature information are an inevitable part of a segmented image. 

In the manual UCA technique, the experts make a judgment call when such cases are 

encountered. But for automatic measurement of UCA, the presence of all the bony 

features is essential for an accurate calculation. The need for the selection of the right 

image, which has adequate lateral feature information, makes the process of automatic 

calculation more complicated. The proposed algorithms of UCA measurement are 

constructed such that they can smartly adapt themselves depending on the quality of bony 

feature information in the segmented outputs. The algorithms use centroid pairing and the 

for  𝐴𝐴(𝑇𝑇+𝑅𝑅)𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡= 1 ,…., n 

Calculate heights of contours [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡] as 𝐻𝐻𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑛𝑛 . 

Calculate the narrowest parts i.e. valleys of contours {𝐴𝐴(𝑇𝑇+𝑅𝑅)𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡} as 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑛𝑛 . 

Mark contours [𝐴𝐴𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡] with heights 𝐻𝐻𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡 𝑇𝑇
𝑛𝑛 = [𝐻𝐻𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑛𝑛 −  𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑛𝑛 ] as class 2 and colour them as red.  

Mark the rest of the contours [𝐴𝐴𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡] = [𝐴𝐴(𝑇𝑇+𝑅𝑅)𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡 −  𝐴𝐴𝑇𝑇 𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑡𝑡] as class 1 and colour them as blue.  

end for  

end for  
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largest inscribed rectangle to find the slope of the thoracic and lumbar regions, 

respectively. This is called the CPI-SLO method. 

6.4.1 Identification of vertebrae features 
The RGB conversion of the segmented binary images enables the identification of the 

bony features with different colour provisions, as shown in Fig 6.4b. The image is then 

bifurcated using the bilateral features, along the medial dark line formed by spinous 

process shadow, into two separate images: one for the thoracic transverse process (Fig 

6.4c) and another for lumbar lumps (Fig 6.4d). Also, the rib regions (blue) are not required 

for the UCA calculation and are not included in any of the outputs.  

6.4.2 Measurement of main thoracic angle 
Let 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑇𝑇 denote the contours of the thoracic transverse processes detected on the 

segmented spine image, where T represents the total number of thoracic bony features 

detected in a single segmented spine image. The procedure to calculate the thoracic angle 

from the contours is described in the sequence of operations below:  

1. Centroid calculation and sorting: The centroid of each contour is calculated in a 

row-by-row manner and then sorted according to their positions in the left and right 

columns. {[𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑀𝑀 ], M = 1, . . . , 𝑃𝑃𝑚𝑚} determines the centroids of the left column 

contours, M denotes the number of contours present in the left column, and 𝑃𝑃𝑚𝑚 is the 

total number of contours present in the left column. {[𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑁𝑁 ], N = 1, . . . , 𝑃𝑃𝑛𝑛} 

determines the centroids of the right column contours, N denotes the number of 

T12 level 
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Fig 6.4. Identification of vertebrae features (a) Input image, 
(b) segmented bony feature (c) identified TBFs (d) identified 

LBFs 
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contours present in the right column, and 𝑃𝑃𝑛𝑛 is the total number of contours present in 

the right column, as shown in Fig 6.5.  

2. Ascertaining the T12 region: The traverse operation goes from bottom to top, as the 

lower-most two centroids (left and right) are the centroids of the T12 region. Let the 

two centroids of the T12 region be [𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙1 ] and [𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡1 ]; they are considered to be 

the reference regions for angle calculation.  

3. Identification of missing TBFs: Sometimes, the segmentation model fails to identify 

one or more thoracic bony features in either side or both sides of the spinous column 

profile; such special cases need to be considered for thoracic angle measurement.  

i) Case I - when no bony feature is missing in either side of the spinous 

column profile, i.e. 𝑷𝑷𝒎𝒎 =  𝑷𝑷𝒏𝒏 (Fig 6.6a) 

Slopes {[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑃𝑃𝑥𝑥 ], x = 2, . . . , 𝑃𝑃𝑚𝑚} are calculated for each corresponding centroid 

pair from {[𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑀𝑀 ] and [𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑁𝑁 ], where M= N} using the following equation:  

𝑚𝑚 =  
𝑦𝑦2 −  𝑦𝑦1
𝑥𝑥2 −  𝑥𝑥1

    

Where m is the calculated slope between two points, and (𝑥𝑥1,𝑦𝑦1) 𝑎𝑎𝑎𝑎𝑎𝑎 (𝑥𝑥2,𝑦𝑦2)  

are the coordinates of two points.  

ii) Case II - when one bony feature is missing in either side of the spinous 

column profile, i.e. 𝑷𝑷𝒎𝒎 ≠  𝑷𝑷𝒏𝒏 and|𝑷𝑷𝒎𝒎 −  𝑷𝑷𝒏𝒏| = 𝟏𝟏  

(a) Case 1:  
No bony 
feature is 
missing 

 

(b) Case 2a: 
Right 

 

(c) Case 2b: 
Left 

 

(d) Case 3: 
One 
missing 

 

(e) Case 4: 
More than 
one 
missing 

 

Fig 6.6. Different cases of measurement of main thoracic angle 
using Centroid pairing method   
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There are two possibilities of missing bony features: there may be one bony 

feature missing on the top of any column, or any bony feature missing from 

somewhere in the middle of any column. If the top bony feature in any of the 

columns is missing, then the corresponding bony feature of the other column is 

discarded since it cannot make a pair for angle measurement.  

a) If the bony feature in the right column is missing, i.e. 𝑷𝑷𝒎𝒎 − 𝑷𝑷𝒏𝒏 =

𝟏𝟏 (Fig 6.6b) 

To detect the missing top bony feature, the distance (𝑑𝑑12) between the 𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑃𝑃𝑚𝑚  

and 𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡
𝑃𝑃𝑛𝑛  and (𝑑𝑑32) between 𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝑃𝑃𝑚𝑚−1 and 𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡
𝑃𝑃𝑛𝑛  is calculated using 

the following equation:  

 𝑑𝑑 =  �(𝑥𝑥2 − 𝑥𝑥1)2 + (𝑦𝑦2 − 𝑦𝑦1)2     

  

where d is the calculated distance between two points and 

(𝑥𝑥1, 𝑦𝑦1) 𝑎𝑎𝑎𝑎𝑎𝑎 (𝑥𝑥2,𝑦𝑦2)  are the coordinates of two points.  

If 𝑑𝑑12 > 𝑑𝑑32, then the uppermost bony feature in the right column is missing. 

Then the slopes {[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑃𝑃𝑧𝑧 ], z = 2, . . . , 𝑃𝑃𝑚𝑚−1} are calculated for each 

corresponding centroid pair from {[𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑀𝑀 ] and [𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑁𝑁 ], where M= N = 

𝑃𝑃𝑚𝑚−1}, using equation (6.1).  

If 𝑑𝑑32 > 𝑑𝑑12, then the uppermost bony feature is present on either side and 

the bony feature is missing somewhere in the middle of the right column (Fig 

6.6d). In that case, a missing pair will be present in between the thoracic 

transverse process and will affect the angle calculation. So, the particular 

image cannot be used for angle calculation.   

b) If the bony feature in the left column is missing, i.e. 𝑷𝑷𝒏𝒏 − 𝑷𝑷𝒎𝒎 = 𝟏𝟏 (Fig 

6.6c) 

To detect the missing top bony feature, the distance (𝑑𝑑21) between the 

𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡
𝑃𝑃𝑛𝑛  and 𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝑃𝑃𝑚𝑚  and (𝑑𝑑23) between 𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡
𝑃𝑃𝑛𝑛−1  and 𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝑃𝑃𝑚𝑚  is calculated 

using equation (6.1).  

If 𝑑𝑑21 > 𝑑𝑑23, then the uppermost bony feature in the left column is missing. 

Then the slopes {[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑃𝑃𝑥𝑥 ], x = 2, . . . , 𝑃𝑃𝑛𝑛−1} are calculated for each 

corresponding centroid pair from {[𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑀𝑀 ] and [𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑁𝑁 ], where M= N = 

𝑃𝑃𝑛𝑛−1} using equation (6.1).  

(6.2) 
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If 𝑑𝑑23> 𝑑𝑑21, then the uppermost bony feature is present on either side and 

the bony feature is missing from somewhere in the middle of the left column. 

In that case, a missing pair will be there in between the thoracic transverse 

process, and it will affect the angle calculation. So, the particular image 

cannot be used for angle calculation.   

iii) Case III - when more than one bony feature is missing in either side of 

the spinous column profile, i.e. 𝑷𝑷𝒎𝒎 ≠  𝑷𝑷𝒏𝒏 and |𝑷𝑷𝒎𝒎 −  𝑷𝑷𝒏𝒏| > 𝟏𝟏 (Fig 6.6e) 

No slope is calculated, as extra bony features are present or missing in either side 

of the spinous column profile. 

4. Main thoracic angle calculation: {[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑃𝑃𝑥𝑥 ], x = 2, . . . , h, h is the total no. of 

calculated angles} are divided in two sets {[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏 ], b = 2, . . . , 𝑃𝑃𝑦𝑦

2
}  and {[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑡𝑡 ], x 

= 𝑃𝑃𝑦𝑦
2

+ 1, . . . , 𝑃𝑃𝑦𝑦}. The highest two slopes 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏ℎ𝑖𝑖𝑖𝑖ℎ  𝑎𝑎𝑎𝑎𝑎𝑎 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑡𝑡ℎ𝑖𝑖𝑖𝑖ℎ  are selected from 

[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏 ] and [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑡𝑡 ] and the final thoracic angle 𝑀𝑀𝑇𝑇ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 is calculated from them 

using the following equation:  

𝑀𝑀𝑇𝑇ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = tan−1(
𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏ℎ𝑖𝑖𝑖𝑖ℎ  −   𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑡𝑡ℎ𝑖𝑖𝑖𝑖ℎ

1 +  𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏ℎ𝑖𝑖𝑖𝑖ℎ  .  𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑡𝑡ℎ𝑖𝑖𝑖𝑖ℎ
)  

Where 𝑀𝑀𝑇𝑇ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 is the calculated angle between the two most tilted thoracic transverse 

processes and 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏ℎ𝑖𝑖𝑖𝑖ℎ   and   𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑡𝑡ℎ𝑖𝑖𝑖𝑖ℎ  are the two most tilted slopes. 

Algorithm 2: Proposed algorithm for main thoracic angle calculation.  
 

Initialization: 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑇𝑇  denotes the detected thoracic transverse process from segmented spine images, the two 

bottom thoracic bony features are denoted as T12 level. 𝑃𝑃𝑚𝑚 𝑎𝑎𝑎𝑎𝑎𝑎 𝑃𝑃𝑛𝑛 are the total number of contours present in the 

left and right column of the spinous column profile respectively.  

Output: The thoracic angle 𝑀𝑀𝑇𝑇ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜. 

for M = 1, . . . , 𝑃𝑃𝑚𝑚 

for N = 1, . . . , 𝑃𝑃𝑛𝑛 

Calculate centroid [𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑀𝑀 ] and [𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝑖𝑖ℎ𝑡𝑡𝑁𝑁 ] for each contour of the left and right column.  

end for 

end for  

if 𝑃𝑃𝑚𝑚 =  𝑃𝑃𝑛𝑛 

for  𝑃𝑃𝑥𝑥= 2, …. , 𝑃𝑃𝑚𝑚 

Obtain Slopes [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑃𝑃𝑥𝑥 ] for each corresponding centroid pairs of {[𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑀𝑀 ] and [𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑁𝑁 ], where M= N}  

end for 

elseif 𝑃𝑃𝑚𝑚 ≠  𝑃𝑃𝑛𝑛 

      if 𝑃𝑃𝑚𝑚 − 𝑃𝑃𝑛𝑛 = 1 

(6.3) 
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      Calculate the distance (𝑑𝑑12) between the 𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑃𝑃𝑚𝑚  and 𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡

𝑃𝑃𝑛𝑛  and (𝑑𝑑32) between 𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑃𝑃𝑚𝑚−1 and 𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡

𝑃𝑃𝑛𝑛   

          if  𝑑𝑑12> 𝑑𝑑32 

          Discard the upper-most bony feature in the left column  

             for 𝑃𝑃𝑥𝑥 = 2, . . . , 𝑃𝑃𝑚𝑚−1 

            Obtain slopes [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑃𝑃𝑥𝑥 ] for each corresponding centroid pair from {[𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑀𝑀 ] and [𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑁𝑁 ], 

where  M= N = 𝑃𝑃𝑚𝑚−1} 

  end for  

elseif 𝑑𝑑32> 𝑑𝑑12 

Do not calculate any angle 

end if  

elseif 𝑃𝑃𝑛𝑛 − 𝑃𝑃𝑚𝑚 = 1 

      Calculate the distance (𝑑𝑑21) between the 𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡
𝑃𝑃𝑛𝑛   and 𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝑃𝑃𝑚𝑚  and (𝑑𝑑23) between 𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡
𝑃𝑃𝑛𝑛−1  and𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

𝑃𝑃𝑚𝑚   

          if  𝑑𝑑21> 𝑑𝑑23 

          Discard the upper-most bony feature in the right column  

             for 𝑃𝑃𝑥𝑥 = 2, . . . , 𝑃𝑃𝑛𝑛−1 

            Obtain slopes [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑃𝑃𝑥𝑥 ] for each corresponding centroid pair from {[𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑀𝑀 ] and [𝐶𝐶𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡𝑁𝑁 ], 

where  M= N = 𝑃𝑃𝑛𝑛−1} 

  end for  

elseif 𝑑𝑑23> 𝑑𝑑21 

Do not calculate any angle 

end if  

     elseif  |𝑃𝑃𝑚𝑚 −  𝑃𝑃𝑛𝑛| > 1 

     Do not calculate any angle 

     end if  

end if  

Divide{ [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠,
𝑃𝑃𝑥𝑥 ] x = 2, . . . , h, h is the total no of calculated angles} in two sets {[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑏𝑏 ], b = 2, . . . , 𝑃𝑃𝑦𝑦
2

}  and 

{[𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑡𝑡 ], x = 𝑃𝑃𝑦𝑦

2
+ 1, . . . , 𝑃𝑃𝑦𝑦}. 

Select the highest two slopes 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏ℎ𝑖𝑖𝑖𝑖ℎ  𝑎𝑎𝑎𝑎𝑎𝑎 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑡𝑡ℎ𝑖𝑖𝑖𝑖ℎ   from [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏 ] and [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑡𝑡 ]  

 Calculate thoracic angle 𝑀𝑀𝑇𝑇ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜  
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6.4.3 Measurement of thoraco-lumbar angle 
Let 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿 denote the contours of the lumbar lumps detected on the segmented spine 

image, where L represents the total number of lumbar bony features detected below the 

T12 region in a single segmented spine image. Six, sometimes five (depending on scan 

length), lumbar regions should be identified below the T12 level. Sometimes, the 

conjoined lumbar features give less than five feature counts (Fig 6.7); then the algorithm 

fails to differentiate the conjoint features. Thus, such images cannot be taken into 

consideration for angle calculation. The procedure to calculate the thoraco-lumbar angle 

from the contours is described in the following sequence of operations (Fig 6.8): 

1. Separation of individual lumbar regions: All the L contours of {[𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿 ], L= 0, 

….., v; v ≥5, v is the total lumbar bony feature detected}are separated into different 

images to calculate the individual slope of each contour. Let each contour be denoted 

by 𝐼𝐼1 , … , 𝐼𝐼𝐿𝐿.  

2. Calculation of largest inscribed rectangle inside lumbar regions and 

corresponding slopes:  

i. Each contour {𝐼𝐼1 , … , 𝐼𝐼𝐿𝐿} is rotated to detect the arbitrarily oriented rectangle.  

ii. Each right white pixel that is next to a left black pixel is searched for the largest 

rectangle. If the current rectangle is larger than the previous largest rectangle, 

then the current one is considered to be the largest rectangle inside the contour.  

iii. If all left border pixels are checked, the image is rotated by the rotation step = 

RS. The range of rotation is 0 < 𝑅𝑅𝑅𝑅 ≤ 90°. The default rotation step is set as 5°. 

If RS > (Current Angle - Previous Angle), then the image is rotated once.  

Step 1 
 

Step 2 
 

Fragmentation 
 

Individual Slope 
Measurement 
 

Fig 6.8. Measurement of thoraco-lumbar angle using largest 
inscribed rectangle method 

 

Fig 6.7. Conjoint LBF  
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iv. Iteration is needed to refine the rotation steps to find the largest possible 

rectangle. Iteration is set at 1. If First Angle = Last Angle, then no rotation 

happens. After one iteration, the rotation step is divided by 2 and the largest 

rectangles are checked. The iteration continues till the rotation step reaches 

0.01°.  

v. After all rotations up to nearly 90° are done, the largest rectangle and its slope 

are considered the results. 

3. Calculation of most titled slope and thoraco-lumbar angle: 

i. The slopes for all the contours {𝐼𝐼1 , … , 𝐼𝐼𝐿𝐿} are calculated as { [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝐿𝐿 ], L= L= 0, 

….., v, v is the total lumbar bony feature detected}.  

ii. The highest slope 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝐿𝐿ℎ𝑖𝑖𝑖𝑖ℎ is selected among [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝐿𝐿 ].  

iii. The thoraco-lumbar angle 𝑀𝑀𝑇𝑇ℎ𝑜𝑜𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 is calculated using 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏ℎ𝑖𝑖𝑖𝑖ℎ and 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝐿𝐿ℎ𝑖𝑖𝑖𝑖ℎ using 

equation (6.3).  

Algorithm 3: Proposed algorithm for thoraco-lumbar angle calculation.  
Initialization: {[𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐿𝐿 ], L= 0, ….., v, v is the total lumbar bony feature detected} are the identified lumbar 

bony features,  

Output: Thoraco-lumbar angle 𝑀𝑀𝑇𝑇ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜−𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 

for L= 1, …., v 

Calculate the slope [𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝐿𝐿 ]  of the largest inscribed rectangle inside the contour.  

end for  

Select the highest slope 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝐿𝐿ℎ𝑖𝑖𝑖𝑖ℎ  

Obtain thoraco-lumbar angle from 𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑏𝑏ℎ𝑖𝑖𝑖𝑖ℎ  and  𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝐿𝐿ℎ𝑖𝑖𝑖𝑖ℎ . 

 

6.5 Experiments 
6.5.1 Dataset 

A total of 109 images collected from 109 patients (82 females and 27 males) with an 

average age of 15.6 ± 2.7 years and different degrees of spine deformities were used in 

this study retrospectively. The experimental procedures involving human subjects were 

approved by the Institutional Review Board. The subjects gave informed consent to their 

inclusion in this study as required, and the work adheres to the Declaration of Helsinki.  

Scolioscan (Model SCN801, Telefield Medical Imaging Ltd), developed in Hong Kong, 

was used to generate 3D volume projection image (VPI) using the conventional 3D 

ultrasound imaging technique. The instrument has a rigid frame with two movable and 

four fixed supporting boards to aid the patient in maintaining a stable standing posture 
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during diagnosis. It also has two LCD screens and a touch screen that is used by the 

operator for uploading patient information, setting parameters during the scan, generating 

VPI images, conducting measurements, and producing reports. Scolioscan also has a 

proprietary software for scanning, analysing VPI images and measuring the angle of the 

spine. A volume projection image (VPI) is a volumetric image with an averaged intensity 

of all voxels within a selected depth along with the front and back directions. Ethical 

approval of the project was obtained from the Hong Kong Polytechnic University Ethics 

Committee (Approval number: HSEARS20180906005). The study received human 

subject ethical approvals from The Hong Kong Polytechnic University.  

6.5.2 Implementation Details  
Software: MATLAB (version: R2021b)  

Machine: GPU laptop equipped with NVIDIA GeForce RTX 2060. 

6.5.3 Analysis of the performance of CPI-SLO with various 

segmentation methods  
Firstly, the three segmentation techniques, i.e. (a) SIU-Net, (b) LDS U-Net and (c) U-

Net, as the baseline segmentation technique, were used to provide outputs with respect to 

the identification of TBFs and LBFs. The output segmented images were then used with 

CPI-SLO and the performances were assessed. 

Secondly, the performance of CPI-SLO was statistically compared with manual UCA 

measurement to establish the reliability and validity of the proposed method with respect 

to the current practice. For evaluating the reliability, conventional statistical measures of 

range, mean and standard deviations were compared. For assessing the validity, three 

measures were used: (a) a linear regression and correlation analysis with zero intercepts 

(𝑦𝑦 = 𝑘𝑘𝑘𝑘; 𝑘𝑘 = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) was implemented to describe the relationship 

between the main thoracic and thoraco-lumbar manual and automatic UCA; a correlation 

coefficient of 0.25–0.50 indicates a poor correlation, 0.50–0.75 indicates moderate to 

good correlation, and 0.75–1.00 indicates very well to excellent correlation (Dawson & 

Trapp 2004); (b) the Pearson correlation coefficient (r) was calculated to check the 

reliability of automatic UCA; the level of significance is accepted at 𝑝𝑝 < 0.05; (c) Bland 

and Altman’s method of differences (Bland & Altman 1986) was also applied to inspect 

the agreement between manual and automatic UCA for both main thoracic and thoraco-

lumbar angles. 
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6.6 Results  
6.6.1 Performance of CPI-SLO compared with conventional manual 

UCA measurement 
Multiple statistical analyses are done to determine the reliability and validity of the 

proposed automatic CPI-SLO method as compared with the prevalent manual ultrasound 

curvature angle (UCA) method.  
Table 6.3: Mean range of UCA angle 

METHOD 

SPREAD (RANGE) MEAN (µ) AND STD DEV 

THORACIC 
THORACO-

LUMBAR 
THORACIC 

THORACO-

LUMBAR 

U-Net 5.01° to 58.20° 5.24° to 49.21° 25.63° ± 12.57° 22.4° ± 8.10° 

LDS U-Net 5.24° to 50.61° 7.31° to 56.47° 25.29° ± 12.79° 22.50° ± 8.92° 

SIU-Net 7.31° to 56.47° 6.75° to 49.91° 25.10° ± 10.73° 21.46° ± 8.82° 

Manual 7.90° to 59.90° 10.40° to 47.20° 25.90° ± 11.20° 23.91° ± 8.32° 

6.6.1.1 Reliability 

For the 109 patients, the range of the UCA measured using the manual method is 7.9–

59.9° (µ 25.9 ± 11.2) for the main thoracic region and 10.4–47.2° (µ 23.9 ± 8.3) for the 

thoraco-lumbar region. Table 6.3 shows that the UCA angle range measured by the SIU-

Net automatic method is 7.31–56.47° (µ 25.10± 10.73) for the main thoracic region and 

6.75–49.91°( µ 21.46 ± 8.82) for the thoraco-lumbar region, which are closer to the 

manual measurement range compared to those calculated using the LDS U-Net and U-

Net method.   

Table 6.4 shows that, using the SIU-Net method, 92% (86 of 94 angles) of the main 

thoracic automatic UCA and 91% (78 of 86 angles) of thoraco-lumbar automatic UCA 

are within ±5° difference from the corresponding manually measured UCA angles, which 

is better than the results produced using the other two segmentation methods. Hence, the 

SIU-Net + CPI-SLO method has lesser spread, closer mean and standard deviation and is 

most consistent with the manual UCA method compared to other segmentation methods. 

Thus, it shows the highest reliability for future adaptations. 

6.6.1.2 Validity 

Main thoracic and thoraco-lumbar automatic UCA using SIU-Net shows very good 

linear correlations with manual UCA for main thoracic (𝑅𝑅2 = 0.885) and thoraco-lumbar 

curves (𝑅𝑅2 = 0.801) (Fig 6.9). The scaling factors between manual and automatic UCA 

obtained from the linear regression analysis with zero intercepts (𝑦𝑦 = 𝑘𝑘𝑘𝑘, k= regression 
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coefficient) are 1.01 and 0.933 for the main thoracic and thoraco-lumbar angles, 

respectively.  
Table 6.4: Comparison of accuracy between automatic UCAs and manual UCA 

METHOD 

% OF IMAGES WITH DIFFERENCES 

WITHIN ±5° FROM RESP. MANUAL UCA 

THORACIC 
THORACO-

LUMBAR 

U-Net 75 78 

LDS U-Net 87 84 

SIU-Net 92 91 
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Fig 6.9. Correlations (𝑹𝑹𝟐𝟐) and regression equations between (a) Manual-Unet, (b) Manual-LDS U-Net & (c) Manual-
SIU-Net and Thoraco-lumbar angles (e) Manual-Unet, (f) Manual-LDS U-Net & (g) Manual-SIU-Net  
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On the other hand, the linear relationship between automatic UCA measured using LDS 

U-Net (for main thoracic: 𝑅𝑅2 = 0.806, scaling factor 1.01; for thoraco-lumbar: 𝑅𝑅2 =

0.711, scaling factor 0.943) and that using U-Net (for main thoracic: 𝑅𝑅2 = 0.594, scaling 

factor 1.02; for thoraco-lumbar: 𝑅𝑅2 = 0.482, scaling factor 1.005) are not as high as that 

using SIU-Net.  

Furthermore, the reliability of the automatic UCA measured using all three 
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Fig 6.10. Bland–Altman plots which demonstrates the differences between the (a) Manual-Unet, (b) Manual-LDS U-Net & 
(c) Manual-SIU Net for main thoracic angles and (e) Manual-Unet, (f) Manual-LDS U-Net & (g) Manual- SIU Net for 

Thoraco-lumbar angles. The central line represents the bias and the dotted lines represent the 95% limits of agreement. 
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segmentation methods is assessed by the Pearson correlation coefficient (r). The results 

in Table 6.5 reveal a significant linear correlation between the SIU-Net automatic and 

manual UCA (r = 0.941 for main thoracic and r = 0.899 for thoraco-lumbar, p < 0.001).  

Bland and Altman’s plot is employed to graphically evaluate the agreement between 

the two measurements. It is a scatter plot where the difference between the manual and 

automatic UCA measurements is plotted against their mean values. It provides two main 

pieces of information, namely the average of all the differences (bias) and the 95% limits 

of agreement (+1.96 of standard deviation and -1.96 of standard deviation). Fig 6.10 

shows the Bland and Altman’s plot along with the values of bias, 95% upper and lower 

limits of agreement between all the automatic and manual measurements of UCA angles. 

In the case of SIU-Net and CPI-SLO method, the bias, 95% upper and lower limits of 

agreements are (-0.0085, 7.946 and -7.963) for main thoracic curves and (1.073, 8.186 

and -6.039) for thoraco-lumbar angles, respectively, which is better than the other two 

methods, showing the best agreement with the manual UCA measurement. 
Table 6.5: Correlation between automatic UCAs and manual UCA 

Method 
PEARSON CORRELATION COEFFICIENT 

(R) 
Thoracic Thoraco-Lumbar 

U-Net automatic vs. manual 0.773 0.697 

LDS automatic vs. manual 0.898 0.845 

SIU automatic vs. manual 0.941 0.899 

 

These results show that the automatic UCA obtained by SIU-Net + CPI-SLO method 

has a very good correlation with manual UCA. Hence, the proposed method is suitable 

for implementation in the automatic scoliosis diagnosis process. 

6.7 Discussion & analysis 
Adolescence idiopathic scoliosis (AIS) requires periodic monitoring of patients for 

continuous observation of small changes in spine curvature. The application of ultrasound 

imaging in the assessment of scoliosis could reduce radiation exposure risk for young 

adults. Previously, spinous process angles (SPA) were measured from the Scolioscan 

ultrasound images using the VPI-SP method, where the spinal column profile was taken 

as an anatomical reference (Zheng, Lee, et al. 2016). However, this leads to an 

underestimation of the traditionally used Cobb angles. Measurement of the ultrasound 

curvature angle (UCA), on the other hand, is an alternative and reliable technique of 
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scoliosis assessment, where more lateral features are used for angle measurement (Lee et 

al. 2021). The manual measurement of UCA is currently in practice, which requires a lot 

of time and human judgment. The objective of this work is to automate the UCA 

measurement and subsequently reduce the human intervention to fasten the process.  

Unlike the SPA measurement technique, the manual measurement of UCA (Lee et al. 

2021) requires the visualization of the lateral features of the spine to evaluate coronal 

curvature. Therefore, an alternative VPI method, which uses different depth profiles 

extracted from the sagittal ultrasound images, is used for input coronal images. Nine 2D 

VPI images of different depth profiles are extracted from one 3D image for all patients 

(Zheng, Lee, et al. 2016). Then, the layer that best reveals the tilted lateral features of the 

spine is selected by two raters. In the manual UCA process, the evaluators need to locate 

the proper points for line placements on the ultrasound images. The identification of the 

feature below and above the T12 level is dependent on the expertise and judgment of the 

evaluators. The first key element in the automatic UCA measurement is the identification 

and segmentation of the lateral bony features (thoracic and lumbar), as they play a pivotal 

role in angle calculation. In the proposed automatic UCA measurement technique, 109 

ultrasound spine images are segmented using a novel multi-scale feature fusion skip-

inception U-Net method and are proven to give the best performance against seven other 

contemporary segmentation techniques. 

In the manual UCA process, for the line drawing of the vertebra structure, the 

uppermost and lowermost tilted region of the curve must be selected. Among all the 

thoracic bony feature pairs above T12 level, lines are drawn through the centre of the 

most tilted pairs, and the tilted regions are selected manually. Similarly, for the region 

below the T12 level, the widest lump (lumbar feature) or the most tilted lump is selected 

manually, and one line is drawn through the centre of that lump. In the proposed automatic 

process, all the slopes between the bony feature pairs above the T12 level are calculated, 

and the two most tilted pairs are selected among them for main thoracic angle calculation. 

In the case of the bony features below the T12 level, the slopes of each feature are 

calculated and the feature with the highest slope is selected for thoraco-lumbar angle 

calculation. Therefore, no human involvement is required in automatic angle calculation, 

thus making the process more reliable. 

In this research, the main thoracic and thoraco-lumbar angles are measured 

automatically from the segmented images by basic U-Net (Ronneberger, Fischer & Brox 

2015), LDS U-Net (Chapter IV), and SIU-Net (Chapter V). The feasibility of the 
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automatic UCA, i.e. SIU-Net + CPI-SLO, is demonstrated by the significant correlation 

(scalability = 1.02, R = 0.941, p < 0.001 for main thoracic; scalability = 1.01, r = 0.899, 

p < 0.001 for thoraco-lumbar) between the results obtained by the manual and automatic 

UCA methods for 109 patients with varying degrees of scoliosis. The results ascertain 

that the proposed automatic method can facilitate reliable scoliosis assessment without 

the need for human intervention and variations in manual measurements and is 

significantly faster than the manual method since it is done by a processor. Moreover, the 

manual UCA measurement has a very high correlation with the gold standard X-ray Cobb 

angle (Lee et al. 2021). Hence, it can be concluded that this automatic SIU-Net + CPI-

SLO method shows good agreement with the traditional method. Therefore, the proposed 

SIU-Net + CPI-SLO method can enable automatic diagnosis using 3D ultrasound imaging 

for scoliosis assessment.  

The proposed automatic UCA measurement is limited by a few factors. It must be noted 

that, given the inherent limitations of ultrasound imaging modality, all the bony features 

of some ultrasound spine images are not identified properly. In those cases, the features 

are either conjoined or missing. For thoracic bony features, if one top TBF is missing in 

either the left or right side of the spinous column profile, the extra TBF, which does not 

make a pair, is not included and the slopes of other pairs are taken into consideration. But 

if more than one TBF from the top is missing on either side, pairing will be not viable; 

therefore, the images cannot be included for further angle calculation. Similarly, the 

image would be discounted from measurement if one or more TBFs are missing in the 

(a) 
 

(b) 
 

(c) 
 Fig 6.11. Special cases for main thoracic UCA 

measurement (a) upper right two bony features 
are conjoint, extra bony feature is present in right 

side (b) 𝑷𝑷𝒏𝒏 − 𝑷𝑷𝒎𝒎 = 𝟏𝟏 & (c) 𝑷𝑷𝒎𝒎 = 𝑷𝑷𝒏𝒏 
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middle and conjoined features are present, as forming TBF pairs will be erroneous. Also, 

it is observed that there are three special cases where Algorithm 1 (for main thoracic angle 

calculation) gives incorrect outputs, as shown in Fig 6.11: (a) Top right TBFs are conjoint; 

(b) in the right column, an extra TBF is present; hence, the algorithm incorrectly assigns 

them under the 𝑃𝑃𝑛𝑛 − 𝑃𝑃𝑚𝑚 = 1 situation; (c) one right bony feature is broken, so the 

algorithm wrongly assumes it to be under the 𝑃𝑃𝑛𝑛 = 𝑃𝑃𝑚𝑚 situation.  

In the case of lumbar bony features, a conjoined feature may result in incorrect 

calculation. Therefore, if an image with less than five features is present, the image will 

be considered to have either missing or conjoined bony features and, therefore, will not 

be included for thoraco-lumbar angle measurement. Further, during our validation, it was 

noted that there are cases where Algorithm 2 (for thoraco-lumbar angle calculation) 

would not give a correct output if the lumber is fragmented, increasing the LBF count, as 

shown in Fig 6.12. Rescanning will be required for the images with missing or conjoined 

bony features for proper feature identification. Further improvement in the proposed 

method could be done by giving real-time feedback to the scanner so that higher-quality 

images can be used to calculate the UCA automatically. 

6.8 Conclusion 
In this research, a novel automatic technique is presented to measure ultrasound 

curvature angle from spine VPI images by utilizing a selection of best images by experts, 

ultrasound spine image segmentation, and a newly developed angle measurement 

technique. The performance evaluation shows that this automatic method can produce 

(a) 
 

(b) 
 Fig 6.12. Special cases for 

Thoraco-lumbar UCA 
measurement: (a) & (b) lower 

most LBF is broken and is 
counted as 7 
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results comparable to manual measurements of UCA. The outcome of this automatic 

spine curvature measurement method is demonstrated by the significant correlation (for 

main thoracic angle: 𝑅𝑅2 = 0.885, scalability = 1.01, r = 0.941, p < 0.001; for thoraco-

lumbar angle: 𝑅𝑅2 = 0.801, scalability = 0.933, r = 0.899, p < 0.001) between the results 

obtained by manual and automatic curvature assessment methods among patients with 

varying degrees of scoliosis. The advantage of the automatic method is that it overcomes 

subjective manual annotation, reduces the human error in measurements, and improves 

the scalability of the system. Also, frequent monitoring of curve progression for AIS 

patients is safely possible using this technique, as no harmful radiation is emitted in this 

imaging process. Hence, the automatic UCA measurement technique using 3D ultrasound 

imaging modality is robust, fast, economic, and suitable for mass diagnosis of scoliosis 

measurement in the adolescent population. 
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CHAPTER VII: CONCLUSIONS & FUTURE WORK 

7.1 Research summary  
This research focuses on developing a suitable technique for the automatic 

measurement of spine curvature angle using ultrasound images. In the current practice, 

the accuracy of scoliosis diagnosis is largely dependent on the awareness and experience 

of the observer and the quality of images. It is difficult for the experts to make accurate 

measurements because of the large anatomical variations among patients from different 

age groups and could result in many inter- or intra-observer errors. Manual assessment 

technique is also quite limited in terms of scalability due to the need for skilled experts. 

Further, there are two drawbacks specifically associated with ultrasound images: 

(a) Unlike the clear images obtained from radiative modalities, an ultrasound image 

suffers from scan and speckle noise. As speckle noise behaves as information, it 

makes the clinical data hard to analyse.  

(b) Ultrasound images are low contrast images because the speed of sound varies 

depending on the tissues, thereby making it tough to differentiate between fat- and 

water-based tissues. This makes it difficult to demarcate all the necessary feature 

information from the image. 

This research had to overcome unique challenges in developing the technique for 

automatic diagnosis of scoliosis, such as (a) dealing with spine images which have very 

high variability in terms of shape, size, and location of bony features and (b) using images 

that are taken using ultrasound which are of low contrast and plagued with scan and 

speckle noises. 

The overall structure of the research is presented in Chapter I, Fig. 1.4. The major steps 

in the automatic measurement of spine curvature angle using ultrasound images can be 

summarized as follows: 

1. Generation and collection of data: This research focuses on using ultrasound 

images for scoliosis assessment, as this imaging modality is safe, economic, and 

scalable. Chapter III describes the data collection process in detail.  

2. Segmentation: The input spine image data is simplified and/or changed into 

something more meaningful and easier to analyse for scoliosis diagnosis. 

Chapter IV and V detail the segmentation methodology.  

3. Automatic angle calculation: The segmented output images, which identify the 

relevant ROIs, are used to estimate the spine curvature angle automatically. This 
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methodology is discussed in Chapter VI.  

7.2 Research contributions 
The key contributions of this research are as follows: 

1. Two novel segmentation techniques are developed for ultrasound spine imaging: 

The proper identification and segmentation of thoracic and lumbar bony features 

are of prime importance. Single ROI segmentation techniques such as basic U-Net 

are incapable of handling the high variability in locations, sizes, and shapes of 

multiple ROIs (TBFs and LBFs) in a noisy ultrasound image. To this end, new 

segmentation architectures are developed using two different approaches:  

a) Light-convolution dense selection (LDS) U-Net: The design employs a smart 

selection gate to filter noise, multi-scale skip pathways for effective feature 

propagation, and light dense block to lower the overall computational 

requirement.  

The performance of LDS U-Net is compared with the basic U-Net, 

MultiResUNet, and Attention U-Net. Firstly, LDS U-Net quantitatively 

outperforms the other models with 0.7415 Jaccard index, 0.8694 Dice 

coefficient, 0.8885 F1 score, and 0.9592-pixel accuracy. Secondly, it can identify 

the thoracic and lumbar bony features most consistently. Thirdly, in handling 

noisy ultrasound images with high variability, the LDS U-Net is successful in 

correctly segmenting 76.6% of total images with complete identification of all 

the 26 bony features, which is more consistent than other models. Finally, its 

lightweight design translates to a much lower parameter requirement and a 

significantly smaller memory footprint. The details of LDS U-Net are presented 

in Chapter IV. 

b) Multi-scale feature fusion skip-inception U-Net (SIU-Net): As an alternative 

approach to effective segmentation, the segmentation architecture is re-designed 

by focusing more on tackling variability and noise without primarily focusing on 

the low computational requirement. This resulted in a new segmentation 

architecture design called SIU-Net. It is designed using improvised inception 

blocks for variable feature extraction and novel dense skip pathways for 

improved feature fusion and enhanced segmentation output. 

SIU-Net shows a promising segmentation output compared to baseline 

network U-Net and advanced networks, such as MultiResUNet and Unet++. The 
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performance of SIU-Net is evaluated quantitatively using three popular indices, 

i.e. Jaccard index, Dice coefficient, and histogram Euclidean distance. SIU-Net 

outperforms all the other popular segmentation techniques, with the maximum 

Jaccard index (0.78) and Dice coefficient (0.883) and minimum histogram 

Euclidean distance (0.011). In handling noisy ultrasound images with high 

variability, the SIU-Net is successful in correctly segmenting 81.2% of total 

images with complete identification of all the 26 bony features, which is more 

consistent than any of the other models. SIU-Net is detailed in Chapter V. 
Table 7.1: Summary of performance of proposed segmentation methods 

Index LDS U-NET SIU-NET 

Dice Score 0.8694 0.883 

% TBF Accuracy 79.7% 86.0% 

% LBF Accuracy 72.3% 75.7% 

Average % BF Accuracy 76.6% 81.2% 

Comparison between LDS and SIU-Net (Table 7.1) shows that SIU-Net can 

identify the TBFs more effectively, at 86%, while showing improvement in the 

detection of LBFs as well. Hence, for angle calculation, SIU-Net is found to be 

the most suitable architecture for the generation of segmented images and 

identifying the relevant ROIs for angle calculation.  

2. Automatic UCA calculation:  

A novel automatic technique, the centroid pairing and inscribed rectangle 

slope (CPI-SLO) method can measure ultrasound curvature angle automatically 

from spine VPI images. For this technique, three algorithms have been proposed 

for UCA calculation:  

a) Algorithm 1: Proposed algorithm for binary to RGB conversion of 

segmented spine ultrasound images.  

b) Algorithm 2: Proposed algorithm for main thoracic angle calculation. 

c) Algorithm 3: Proposed algorithm for thoraco-lumbar angle calculation. 

The performance evaluation of the automatic UCA measurement technique 

shows that this automatic method can produce results comparable to manual 

measurements of UCA. The advantage of the automatic method is that it 

overcomes subjective manual annotation, reduces the human error in 

measurements, and improves the scalability of the system, as reported in Chapter 

VI.  
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The feasibility of this automatic spine curvature measurement method is 

demonstrated by the significant correlation (for main thoracic angle: 𝑅𝑅2 =

0.885, scalability = 1.01, r = 0.941, p < 0.001; for thoraco-lumbar angle: 𝑅𝑅2 =

0.801, scalability = 0.933, r= 0.899, p < 0.001) between the results obtained by 

manual and automatic curvature assessment methods among patients with 

scoliosis of differing degrees. The results ascertain that this proposed automatic 

method can provide reliable scoliosis assessment without the need for human 

intervention and variations in manual measurements and is significantly faster 

than the manual method since it is performed by a processor. Moreover, manual 

measurement shows a very high correlation with the gold standard X-ray Cobb 

angle. Hence, this automatic method shows good agreement with the traditional 

method.  

The societal impact of this research are as follows: 

1. Safe: This research develops a radiation-free imaging system that eliminates the 

risk of cancer among the adolescent population. 

2. Economic: Ultrasound imaging modality is more affordable compared to other 

imaging modalities.  

3. Scalable: Automatic and fast detection is possible using this technique as it uses 

Artificial Intelligence for scoliosis assessment.  

4. Reliable: The technique is highly reliable and innovative and is comparable to the 

current established practice for scoliosis assessment.  

7.3 Recommendations for future studies 
Some of the possible recommendations regarding future work related to the current 

study are as follows: 

• The automatic ultrasound curve angle (UCA) measurement system can be used as a 

mobile application, and if the scanned spine image is fed to the application, it can 

provide the curvature angle. In this way, the periodic monitoring of spine curvature 

will be a very easy and fast process.  

• The image dataset has a low sample size. Though the segmentation and angle 

calculation results are promising, the generalization of performance needs to be tested 

in larger and more diverse patient populations in the future. 

•  For almost 20% of the images, segmentation could not be done properly. In such cases, 

the proposed method either fails to differentiate the bony features or misses out on 
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some features completely. For this, the authors postulate that rescanning will be 

required for the images with missing or conjoined bony features for proper feature 

identification. Going forward, automatic segmentation can be combined with the 

scanning process so that the scanner can gets real-time feedback to conduct a targeted 

re-scan of the unclear areas, if necessary. 

• Image quality could be further improved by developing a flexible or small probe with 

good penetration to overcome the limitations of ultrasound imaging. Using different 

ultrasound machines, imaging protocols, and different sonographers will help improve 

the richness of input information for future studies. 
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