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Abstract 

Object detection and landmark detection are two basic research problems in 

many computer vision applications. In this dissertation we research various 

aspects of above problems and demonstrate our work through two applications: 

spine X-ray image analysis and automatic patient positioning for medical image 

scanner. 

1) Spine X-ray image analysis: Evaluating spine biomechanical parameters, 

such as spine curvatures, vertebral body rotations, etc, from spine medical im

ages is an important step towards diagnosing spine diseases and improving 

clinical outcomes by performing corrective actions to the affected area for a con

servative treatment. However, manual evaluation can be time consuming, error 

prone and labor intensive. In order to address these challenges, we propose 

several automatic solutions, which allow for faster and more appropriate clini

cal intervention and lead to better clinical outcome. 

First, we look into automatically detecting vertebral bodies using traditional 

sliding window based object detection algorithms based on hand-crafted fea

ture. The two major components to this algorithm are localization and classifica

tion. The sliding window localization method is popular among many detection 

algorithms. However due to its repetitiveness while scanning, the computation 

speed per image is usually slow. To improve the efficiency, we propose a novel 
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multi-stage object detection algorithm to effectively limit the search space and 

decrease the computational cost. The classification used in traditional method 

uses hand crafted features, which has been shown to perform inferior compared 

to deep learning based features in many modem applications. However due to 

lack of data in medical image field, it is often hard to transfer a deep learning 

network to medical imaging field. Toward overcoming this issue, we propose 

a simple yet effective approach where neural network trained on natural im

age fields are used as a stand alone feature extractor and use traditional clas

sification methods on the extracted features. Our experimental result shows 

improvement over traditional methods based on hand-crafted features. 

Second, to automatically detect the landmarks from the spine X-ray images, 

we propose a novel Convolutional Neural Network (CNN) network, Spine R

CNN, which is robust in detecting multiple landmarks for random number of 

objects in spine X-ray images, unlike previous methods, where only one land

mark such as centroid point is detected or multiple landmarks for fixed number 

of objects are detected, which tends to fail in real life clinical images. To this end, 

we first use an object detector subnetwork to acquire the location of each visible 

object, then within each object a landmark localization subnetwork is used to 

determine the locations of landmark points. A novel grouping subnetwork is 

proposed to provide contextual information of each object to improve the initial 

landmark detections. The experimental results demonstrate promising results 

on our large clinical lateral lumbar X-ray image dataset of 1082 patients. 

2) patient positioning for medical image scanner: Detecting and local

izing patient body regions at the gantry of the medical scanner helps patient 

positioning needed for applications such as epileptic seizures, patient modeling 

and scanning workflow. Traditionally patient positioning is achieved by man-
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ual observations or using a 3D camera to build a human model. However the 

above methods are error prone and computational expensive. In this work we 

propose a robust automatic body region detection algorithm using a single 2D 

camera, which provides real time video stream taken at the gantry of the scan

ner. Human body region detection problem is closely related to landmark detec

tion problem, where each landmark is a human body region. Existing methods 

either fail to estimate body regions robustly under clothing cover/severe oc

clusion, or lack mechanism to incorporate temporal information. To overcome 

these limitations, we propose a deep spatiotemporal neural network, combin

ing single frame convolutional network and multi frame recurrent neural net

work, followed by human anatomical structural inference to robustly estimate 

patient body regions over time. Our experiments demonstrate that the pro

posed network provide competitive performance compared with other single 

frame based algorithms on a large real world clinical dataset with 40K images. 
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Chapter 1 

Introduction 

Object detection and landmark detection are two of the most fundamental prob

lems in many computer vision applications in natural image field and medical 

image field. Although it has been studied for a long time, the gap between 

manual detection and automation still exists a large gap. Especially due to the 

distinct nature of medical image field, the applications of these two algorithms 

to this field has brought many challenges to the medical community and moti

vated many research topics over the years. 

For instance, one of the most challenging issues of applying these techniques 

in medical image field is that the lack of good quality, large volume datasets. Be

cause of privacy issues and the fact that the annotation of the datasets requires 

high proficiency, it is usually harder to acquire a large annotated datasets. More

over, the requirement for the robustness of the algorithms is usually higher than 

natural image applications in order to provide reliable information to assist clin

ical processes. 

To overcome these challenges, this dissertation studies all aspect of object 

detection and landmark detection algorithms based on two medical image field 

applications: spine X-ray image analysis and patient positioning for medical 
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image scanner. Following sections will discuss more in detail about each appli

cations. 

1.1 Spine X-ray image analysis 

1.1.1 Background 

Back pain is the single leading cause of disability worldwide according to Amer

ican Chiropractic Association and 50% of American report back pain each year 

(Vallfors, 1985) and about 80 percent of adults experience low back pain at some 

point in their lifetimes. It is the most common cause of job-related disability and 

a leading contributor to missed work days. To identify the causes of the pain, it 

is often necessary to analyze the patient spine images, including MRI, CT, X-ray, 

etc. X-ray images being the more affordable image modality, are used widely for 

pre-surgical diagnosis. 

Studies have shown that biomechanical information of spine, such as spine 

curvature, vertebrae rotations, etc, shown in Fig. 1.1 are correlated to spinal 

symptoms (R.Wiegand and N.Marquina, 2003), hence evaluation of these infor

mation is helpful for diagnosis and improving clinical outcome by performing 

conservative treatment before more aggressive intervention such as surgeries. 

For instance, by examining the rotations, curvatures of the spine, radiologist can 

decide which area of the spine should be corrected, how much force should be 

used and what kind of corrective treatment is appropriate etc. Fig. 5.7 illustrates 

the overall structure of a healthy spine from three different views: anterior view, 

lateral view and posterior view. Traditionally much attention is drawn towards 

pathological findings of the spine diseases, such as arthritis, fracture, tumor, 
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Figure 1.1: Example of spine biomechanical parameters. Spine vertebral body 
rotations as shown in left and spine curvatures shown in right. 

etc, however majority of the spine pain patients does not have any correlative 

pathological findings which is why more and more attention is being paid to 

biomechanical information. 

Although there are numerous and significant benefits to the diagnosis of 

biomechanical spinal pathology, it is time consuming to conduct a manual eval

uation in clinical settings, which often leads to prolonged diagnostic process, 

hence low quality patient care. Furthermore, the quality of the evaluation de

pend largely on professionals. To ensure the quality of the manual evaluation, 

it requires additional and specialized training. Hence, in order to improve the 

clinical outcome by ensuring the quality of the evaluation and increase the effi

ciency of the process, one has to consider a robust automated system. This mo

tivates us to strive towards building a robust and fully automatic system, which 

calculates the biomechanical information by automatically detecting the verte

bral bodies and intervertebral discs, as well as locating the landmark points in 

www.flexfreeclinic.com
www.medscape.com
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SPINE STRUCTURE 

Anter ior view Left latera l v iew Posterior v iew 

J."f""~ .......+' Atl as (C1) 
"l::"'f'-+ Ax is (C2)

Cervical 
Cerv icalcurvature 

ver tebrae 

C7 
T1 

T horacic Thoracic 
ver t ebrae 

T12 

L1 

Lumbar Lumba r 
curvature verteb rae 

( 

Sacru m 
Sacrum (S1-5) Sacrum (S1-5) (S1 -5) 

C~ ccyx\;,f:-.. coccyx 
MED""FOUMDATION 

Figure 1.2: Overall spine structure. From left to right are anterior view, left 
lateral view and posterior view of the spine respectively. (image courtesy: 
http://www.knowhowmd.com/spine/anatomies) 

spine images. Fig. 1.3 shows some of the landmark points in different regions 

of the spine. 

In this dissertation, we demonstrate our work through analyzing lateral lum

bar X-ray images. Lumbar region, as shown in Fig. 5.7, contains five vertebral 

body located at the lower part of the human spine. The name of the vertebral 

body is LS, L4, ..., Ll etc. In between are structures that can absorb shocks, 

which is called intervertebral discs (IVDs). The naming is based on the adja-

http://www.knowhowmd.com
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cervical region 

't';: ,I-, 

thoracic region 

lumbar region 

Figure 1.3: Sample biomechanical landmarks for different spine regions. 
The landmarks are shown in red dots. The images on the first col
umn highlights the corresponding locations of the region (image courtesy: 
http:/ /teachmeanatomy.info/). 
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(a) (b) 

Figure 1.4: A brief anatomy of the lumbar area in lateral lumbar X-ray image is 
shown in (a). The vertebral body in lumbar regions consists of vertebral bodies 
from Ll to LS. The intervertebral disc names are LS-S, L4-L5, etc. However in 
our dataset, the scan region is not constraint to lumbar area only. The number 
of visible vertebral body ranges from 5 to 11, which include lumbar region and 
possible inclusion of thoracic region, as shown in (b). 

cent vertebral body, namely Ll-L2, L2-L3, ..., LS-S etc, where Shere denotes the 

the top most vertebral body in sacrum curvature, located below lumbar area. 

Although anatomically the structure is consistent, in real world clinical lateral 

lumbar X-ray images, the number of visible vertebral bodies in a scan varies 

due to varying scanner settings, patient positioning, focus of the scan, etc. For 
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(a) (b) (c) (d) 

Figure 1.5: Figure above illustrates the target object in our work in red color. (a) 
shows the original image. (b) shows the bounding boxes of the vertebral bodies, 
which is our detection target. Similarly (c) shows the target bounding boxes of 
intervertebral discs. ( d) shows the target landmarks in our work. 

example, in our dataset, the number ranges from 5 to 11 vertebral bodies, where 

the extra visible vertebral bodies are from adjacent curvatures in spine, usually 

some part of thoracic region, located above the lumbar region. Fig. 1.4 (a) illus

trates the anatomy of lumbar spine in a sample lateral lumbar X-ray image and 

Fig. 1.4 (b) gives the example of lateral lumbar X-ray images containing other 

parts of spine structures. Although there are other medical imaging modalities, 

such as CT scan and MRI scan, X-ray is still one of the most popular and cost 

efficient method for diagnosing and assessing bone diseases. 

First we look into automatically localizing the visible vertebral bodies and 

IVDs, which aligns with object detection problem. Object detection algorithm 

gives the location of the bounding boxes surrounding the objects, from which 

each vertebral body and IVD location can be inferred. Fig. 1.5 (a) shows the 
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sample of the original input image, Fig. 1.5 (b) and (c) show the target bounding 

boxes for our target objects: vertebral bodies and IVDs. Each bounding box 

represents each target object and the location of the center point of the bounding 

boxes can give an estimate to the spine curvature. The target objects are all the 

visible vertebral bodies and IVDs without excluding thoracic region. 

To further capture the biomechanical informations, such as rotations, we 

look into automatically localizing landmark points from spine. Fig. 1.5 ( d) 

shows the target landmark in our work, which is the four comer points of the 

vertebral body. Calculation of the spine parameters are based on the location 

of each corner points and their relative positions. In order to obtain such in

formation, one needs to detect and localize each corner points and determine 

their associated vertebrae. This problem aligns well with landmark detection 

problem in computer vision field . 

1.1.2 Challenges 

The dataset used in this work is acquired from real world clinical settings, where 

there is large variations of curvatures of the spine, the number of visible verte

bral bodies, patient poses, patient clothings, spine conditions, image qualities, 

etc. Fig. 1.6 shows some of the sample images in our dataset. As we can see, 

to robustly detect the target object, one needs to consider the great variety of 

the images and make sure the robustness of the algorithm, so as to ensure the 

quality of the assistive diagnostic information. Furthermore, the complexity of 

the object detection and landmark detection problem itself has brought many 

challenges to both natural image field and spine image field. Following section 

discusses in detail about the attempts that have been made in this area. 
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Figure 1.6: Figure above shows sample images in our dataset, which contains 
images with various qualities, spine curvatures, patient locations, numbers of 
visible vertebral bodies, etc. 

1.1.3 Literature review 

1.1.3.1 Object detection in spine medical images 

In many spine medical image applications, object detection is the first step taken 

towards further conducting various analysis. Traditionally people use localiza-
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tion methods such as sliding window detection method, probabilistic method, 

segmentation based method etc to detect the objects based on hand-crafted fea

tures. 

Among probabilistic methods, Alomari et al proposed a two-level probabilis

tic model to localize discs using both pixel- and object-level features from MRI 

images. Using a Gibbs distribution, they model appearance and spatial infor

mation at the pixel level, and at the object level, they model the spatial distri

bution of the discs and the relative distances between them. They use general

ized expectation-maximization for optimization, which achieves efficient con

vergence of disc labels (Raja'S, Corso and Chaudhary, 2011) (Corso, Raja?S and 

Chaudhary, 2008). Based on this localization method, they further proposed de

tecting spine herniation using Gradient Vector Flow (GVF) and Active Shape 

Model (ASM) as joint shape model in (Alomari et al., 2014) after successfully 

locating each discs. Ghosh et al further worked on using the above method and 

combined ensemble classifiers to detected herniated discs (Ghosh et al., 2011b). 

For CT images, Ghosh et al proposed a fully automatic system for detect wedge 

compression fracture from clinical CT images (Ghosh et al., 2011a). They first lo

cate the intervertebral discs using the above mentioned location algorithm and 

used intensity and geometry information to further segment the vertebral bod

ies, so that wedge compression fracture would be detected based on the shape 

information. Cheng et al proposed using a probabilistic method to first local

ize the pixels on the centerline, based on which they further segmented each 

individual vertebral bodies using graph-cut method in CT images(Cheng et al., 

2016). Rak et al proposed using graphical model to localize vertebra based on 

homogeneity criterion defined by Shannon entropy and other appearance con

straints for MRI images (Rak and Tonnies, 2016). 
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Among sliding window methods, classifiers such as Support Vector Machine 

(SVM) trained on hand-crafted features such as Histogram of Oriented Gradi

ent (HOG) has been used to determine the objects. This has been a de-facto 

algorithm for object detection and still one of the most popular algorithm used 

in object detection system (Bristow and Lucey, 2014). In spine medical image 

applications, Ghosh et al proposed using intersection of axial slices and sagit

tal slices of spine MRI images to locate intervertebral discs and further refine 

the bounding box using Support Vector Machine (SVM) trained on Histogram 

of Oriented Gradient (HOG) features (Ghosh et al., 2012). Fabian et al (Lecron, 

Benjelloun and Mahmoudi, 2012) present a fully automatic vertebra detection 

method using edge polygonal approximation and SVM trained on SIFT descrip

tion. 

Segmentation based method can also give a primitive information of each 

objects. The pixel labels can be further processed to obtain the center locations 

of vertebral bodies or IVDs through methods such as clustering. Eduardo et al 

(Ribeiro et al., 2010) proposed a semi-automatic method, where center points 

of vertebrae are localized manually followed by a neural network on Gabor 

magnitude response to classify the pixels into vertebra pixels and non-vertebra 

pixels in X-ray images. Similarly, Zhu et al proposed using Gabor based method 

to label each disc pixels for MRI images (Zhu et al., 2016). Clocker et al proposed 

a fully automatic method, using supervised classification forests to learn a dis

criminative centroid classifier based on local and contextual intensity features 

for CT spine images(Glocker et al., 2013). Arif et al proposed to novel search 

method within Active Shape Model to segment the vertebral body in X-ray im

ages (Al Arif et al., 2016). 

However, the above traditional methods, the feature used and the localiza-
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tion schema used causes automatic system to be vulnerable in unconstraint en

vironment and furthermore, because of the high computational cost, the effi

ciency of the algorithms are decreased. To address these issues, we propose to 

improve the traditional algorithms from two aspects. First, a novel multi-stage 

localization schema based on sliding window method is proposed to decrease 

the search space and hence increase the efficiency of the algorithm. Second, to 

improve the robustness of the algorithms, we propose to use more advanced 

deep learning based features to replace the hand-crafted features in traditional 

framework. Deep learning based approaches has dominated computer vision 

applications in recent years. Especially the research of deep learning classifiers, 

such as AlexNet(Krizhevsky, Sutskever and Hinton, 2012), GoogLeNet(Szegedy 

et al. , 2015), ZFNet(Zeiler and Fergus, 2014), VGG net(Simonyan and Zisser

man, 2014), ResNet(He et al., 2016), DenseNet(Huang et al., 2017), have ad

vanced many other image based research area. There are three major branches 

in deep learning approaches: training a network from scratch (Ronneberger, Fis

cher and Brox, 2015; Xie et al., 2015), fine tuning a network (Yosinski et al., 2014; 

Tajbakhsh et al., 2016) and using a deep learning network as a feature extractor 

(Razavian et al., 2014; Suzani et al., 2015; Carneiro, Nascimento and Bradley, 

2015; van Ginneken et al., 2015). In general, training a network from scratch 

is often harder and requires at least tens of thousands of training images. For 

example, ResNet is trained on 1.2 million natural images. Due to the fact that it 

is extremely hard to find a professionally label dataset with such volume, this 

method is often not suitable for medical image field. Fine tuning technique 

is also explored for medium sized dataset (Tajbakhsh et al., 2016), where the 

network is initialized by pre-trained model parameters and fine tune the net

work parameter using the dataset to fit specific problem. We show that using 
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pre-trained deep learning structures as feature extractor, the classifiers used in 

traditional sliding window object detection method can provide promising re

sults. 

1.1.3.2 Landmark detection in spine medical images 

In many of the spine applications, the center point of vertebral body is chosen 

as the target landmark. Much work has been devoted to solve this problem by 

using detection method mentioned above, then extract the center points of the 

bounding boxes as the center point of vertebral body, such as in (Lecron, Ben

jelloun and Mahmoudi, 2012; Raja'S, Corso and Chaudhary, 2011). For more 

complicated use cases, there has been studies to use regression based method 

or filter based method. Earlier, Benjelloun et al proposed using Harris corner de

tector to detect the four corner points of vertebral body from X-ray images (Ben

jelloun and Mahmoudi, 2009). Hanaoka et al proposed using Harris corner de

tector to detect landmark candidates and the landmarks are searched by a com

binatorial optimization algorithm using a landmark point distribution model 

(L-PDM) to provide prior knowledge (Hanaoka et al., 2017). Damopoulos et al 

proposed using regression based method to detect spinal landmarks from CT 

images based on the center points of the vertebral bodies, which are detected 

by endplate-based approach based on mean-intensity profiles (Damopoulos, 

Clocker and Zheng, 2017). Sanchez-Fernandez et al proposed a suppport vector 

regression method to predict structure output(?). Similarly, Sun et al proposed 

using structure output to predict spinal landmarks in (?). Apart from the tradi

tional method, deep learning based algorithms are also proposed to solve this 

problem. For example, Aubert et al proposed DNN based method, where they 

use statistical mean spine model as the initial location guide and further fine-
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tuned the center location displacement using a DNN(Aubert et al., 2016). More 

recently, Li et al proposed using multi-modality MR images to localize and seg

ment the IVDs(Li et al., 2018). However, since the target landmark of above 

applications is the center point of each disc or vertebral body, which can be eas

ily calculated from detected bounding boxes, the proposed algorithms cannot 

be easily extended for more complicated cases such as ours, where the land

marks and the bounding boxes do not have straightforward correlations. Wu et 

al proposed a fixed output regression based BoostNet to estimate fixed amount 

of landmarks from X-ray images for assessing Adolescent Idiopathic Scoliosis 

(Wu et al., 2017). The above method is more reliant on the consistency among 

the images, which makes them vulnerable in unconstrained environment. For 

example in our real world clinical dataset, there is large variations of curvatures 

of the spine, the number of visible vertebral bodies, patient poses, patient cloth

ings, spine conditions, image qualities, etc. Fig. 1.6 shows sample images in our 

dataset. 

In natural image field, despite the efforts to solve landmark detection prob

lem in applications such as human pose estimation (Cao et al., 2017; Newell, 

Huang and Deng, 2017; He et al., 2017; Gkioxari et al., 2014; Tompson et al., 

2014; Newell, Yang and Deng, 2016), it is still a major research area. Similar to 

our problem, each landmark in individual human being, i.e. each body part, 

should be detected to further determine the human pose. One of the state-of

the-art methods, Mask R-CNN, which is proposed by He et al in (He et al., 2017), 

where they extended the object detection framework proposed earlier in (Ren 

et al., 2015), to simultaneously predict the bounding boxes of objects and the 

landmark coordinates. However, the landmark detection subnetwork used in 

the above method uses bounding boxes from the raw regions of interest pro-
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duced by the Region Proposal Network (RPN), which does not give an accurate 

tight bounding boxes of the object. Plus the number of false predictions among 

the raw regions of interest are higher, which causes training inefficiency. Instead 

of using landmark coordinate as the target result, Tompson et al proposed using 

heatmap as the output of the network (Tompson et al., 2014), where the target 

landmark is depicted as a Gaussian with a variance and mean centered at the 

ground-truth locations. This method has been used in many of the following 

state-of-the-art landmark detection algorithms (Newell, Yang and Deng, 2016; 

Cao et al., 2017). However due to the fact that the variance of the Gaussian 

is usually chosen to be a larger value for ease of training, the precision of the 

prediction is usually compromised. Inspired by the above methods, we de

sign our novel top-down landmark detection framework, Spine R-CNN. The 

network consists of four subnetworks: base network, IVD detector, landmark 

detector and grouping network. Base network is used to extract features from 

raw images, which is shared between following IVD detector subnetwork and 

landmark detection subnetwork. The macro level spine configuration is first 

detected through the IVD detector, which produces tight bounding boxes of the 

discs. The detected results will then be used as the input of the landmark detec

tor, which extracts feature pyramid of each IVD regions from the base network 

to acquire the initial landmark locations. The grouping network then combines 

the contextual information to derive an improved final landmark coordinates. 
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Figure 1.7: Figure above illustrates a typical camera position used in patient 
positioning applications. 

1.2 Patient positioning for medical image scanner 

1.2.1 Background 

Estimating and tracking human body regions of a patient lying on the table 

of the medical image scanner, which is also known as patient positioning, is 

widely used in applications such as epileptic seizures (Achilles et al., 2016), pa

tient modeling (Singh et al., 2017) and scanning workflow improvement (Singh 

et al., 2014). Traditionally patient positioning is achieved by building 3D model 

of the patient based on the information provided by 3D Camera mounted at the 

gantry of the scanner, as shown in Fig. 1.7. The model is then used to localize 

the different body regions. One of most important advantages using a 3D cam

era is that it will provide precise depth information about the patient, which 
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Figure 1.8: Figure above shows one of the example image captured by a patient 
positioning camera. The patient shown above is lying on top a table, where the 
movement of the patient is head first movement. 

helps positioning the patient accurately. However, the computation needed for 

processing a 3D information is usually expensive. Comparatively, processing a 

2D video stream can be much faster and also it is a much more affordable device 

than its counterpart. As seen in Fig. 1.8, we can see a typical image provided 

by a 2D patient positioning camera. There are two ways a patient can appear 

in a video: head first and feet first, table move into the scanner starting from 

the head regions and foot region respectively. As we can see from the sample 

image, due to the camera positions, it has a limited view of the patient, i.e. the 

patient image is always truncated that only part of the body would be visible 

at a time. And the image is usually distorted due to the camera angle. Fig. 1.9 

shows the body regions marked by body lines. There are in total 7 body lines 

for each patient: head, neck, shoulder, hip, groin, knee and ankle. Here only the 
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Figure 1.9: The green body lines in above figure shows the end positions of each 
body regions. There are in total 7 body lines for each patient: head line, neck 
line, shoulder line, hip line, groin line, knee line and ankle line. Due to sever 
limit of field of view, here only the first 6 body lines are visible. 

first 6 body lines are visible. To position the patient, each body lines should be 

detected, which is closely related to human pose estimation problem. 

In this work, we present a system to assist patient positioning for automatic 

medical scanning with a monocular 2D RGB camera. The proposed positioning 

workflow is that a patient lying on the scanner table will be moved in front of 

the camera such that the body region to be scanned is visible in the acquired 

image. Given a target body region to be scanned, the table shall be moved to 

the desired start position for a CT scan without further corrections from the 

user, which can greatly facilitate the automatic medical scanning workflow. The 

system can reliably detect patient presence and patient body regions ( e.g., head, 

thorax, abdomen and pelvis), based on the images captured from a 2D RGB 
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Figure 1.10: Figure above shows samples of images extracted from the our 
dataset with ground truth body lines denoted with green lines. As we can see, 
there are great variations to the dataset in terms of the truncation level caused 
by camera positions, table position, patient clothing, clinical covers, perspective, 
etc. 

camera. Based on the body region of patient to be scanned, the system is able to 

verify if the patient is placed in the right pose, to avoid the risk and extra cost 

incurred by wrong patient lying pose. 
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1.2.2 Challenges 

Apart from the challenges brought by the usage of less advanced camera device 

and the positioning of the camera discussed in the above section, in real world 

clinical settings, there always a great variations to the videos and patients itself. 

Fig. 1.10 shows some of the sample image frames extracted from our dataset. 

The clinical dataset consists of video frames that has constant truncation due to 

the limited camera view; occlusions due to blankets/covers sometimes used in 

scanning; variety of patient clothing textures; variety of table vertical positions 

and patient perspective. Furthermore, the pose estimation problem itself has 

also brought a great challenge. 

1.2.3 Literature Review 

Human body pose estimation has been widely studied in computer vision field 

(Tompson et al., 2014; Newell, Yang and Deng, 2016; Chu et al., 2017; Cao et al., 

2017; Song et al., 2017; Lin, Lin, Liang, Wang and Cheng, 2017; Mehta et al., 

2017). By applying deep learning technologies, the performance of human pose 

estimation has made a great progress in recent years. As we have discussed in 

the section 1.1.3.2, heatmap regression is used in many state-of-the-art human 

pose estimation problems, which is first proposed by Tompson et al in (Tomp

son et al., 2014). Although much work has been done for single image, less work 

has been explored for pose estimation in videos. Recently, Charles et al(Charles 

et al., 2016) used 2D annotations in conjunction with appearance based match

ing and optical flow information to generate additional annotations throughout 

the video. Song et al(Song et al., 2017) proposed a thin-slicing network by inte

grating a spatial temporal graph model using optical flow. Luo et al proposed 
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using multi-stage Recurrent Neural Network (RNN) to achieve pose estimation 

in video. 

Despite aforementioned breakthroughs in human body pose estimation, pa

tient positioning using 2D camera remains challenging. The challenges mainly 

lie in severe occlusion due to possible limited field of view of the camera, and 

the fact that patients are often under loose clothing covers such as patient gowns 

or hospital blanket, as shown in Fig. ??, as well as the demanding accuracy re

quirements from healthcare applications (e.g., the error of HeadTop detection 

measured along table longitudinal axis should not exceed 3cm in 95% of the 

cases). Singh et al (Singh et al., 2017) proposed an ensemble of deep convo

lutional neural networks (CNNs) with kinematic reasoning for estimating pa

tient pose on lying table, which handles clothing cover quite well. Achilles 

et al (Achilles et al., 2016) used a combination of CNN and Recurrent Neural 

Network (RNN) to handle blanket occlusion for pose estimation. Nevertheless, 

these approaches deal with depth images captured by depth sensor, whereas 

in this work we aim to robustly estimate and track patient body regions from 

RGB video sequence with limited field of view. In this work, we propose an 

approach to robustly detect and track the patient body regions to assist patient 

positioning using a monocular 2D RGB camera. We design a novel spatiotempo

ral network for estimating patient body regions from video sequences by incor

porating a compact 2D pose estimation network with explicit structural infer

ence and multi-layered bidirectional Long Short Term Memory (LSTM) units, 

to guide both spatial and temporal learning. The proposed algorithm detects 

and tracks patient body regions under blanket cover with limited field of view 

trained over a large dataset of real patients. Our contributions can be summa

rized as follows: (1) A workflow that assists patient positioning using a monoc-
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ular RGB camera (2) A novel spatiotemporal network with structural inference 

to robustly estimate patient body regions under blanket cover with limited field 

of view (3) Training and evaluation on video sequences with about 40K fully 

annotated RGB images. Evaluation shows promising results. 



Chapter 2 

Problem Statement 

In this dissertation we address the challenges of all aspects of object detection 

and landmark detection algorithms in terms of spine X-ray image analysis ap

plications and patient positioning in medical image scanner applications and 

propose solutions towards robust automations for both applications. For spine 

X-ray image analysis applications, we address the issues of detecting vertebral 

bodies and intervertebral discs in real-world clinical lateral lumbar X-rays scans 

based on traditional object detection method. We also address the problem of 

landmark detection of spine curvatures based on convolutional neural network. 

For patient positioning problem, we propose solutions toward automatic detect

ing body lines based on landmark detecting spatial temporal neural network. 

This dissertation consists of following main parts: 

1. Automatic vertebral body detection based on traditional object detection 

method. In particular, we propose a novel multi-stage object detection algo

rithm to effectively limit the search space and decrease the computational cost 

of the traditional sliding window method. 
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2. Automatic intervertebral disc detection based on traditional object detec

tion method. In particular, we propose to use natural image pre-trained neural 

network as feature extractor to replace the traditional hand-crafted features in 

traditional sliding window object detection method to improve the performance 

of the classifiers used in the framework. 

3. Automatic landmark detection based on convolutional neural network. In 

particular, we propose a novel Convolutional Neural Network (CNN) network, 

Spine R-CNN, which is designed specifically to improve the robustness of the 

system in terms of large variations in real world unconstrained X-ray images. 

4. Automatic body region detection based on spatial temporal neural net

work. In particular, we propose a deep spatiotemporal neural network, com

bining single frame convolutional network and multi frame recurrent neural 

network, followed by human anatomical structural inference to robustly esti

mate patient body regions over time. 



Chapter 3 

Automatic vertebral body detection 

In this chapter, we look into automatically detect vertebral bodies using tradi

tional sliding window based object detection algorithms based on hand-crafted 

feature. There are two major components to this algorithm: localization and 

classifications. The sliding window localization method is popular among manYI 

detection algorithms. However due to its repetitiveness while scanning, the 

computation speed per image is usually slow. To improve the efficiency, we 

propose a novel multi-stage object detection algorithm to effectively limit the 

search space and decrease the computational cost. The proposed multi- stage 

detection framework uses lower-level detection result to determine the rescal

ing regions to reduce the region of interest, thereby decreasing the execution 

time. We further refine the detection result by segmenting the contour of ver

tebra using GVF snake, where we use edge detection techniques to increase the 

robustness of the GVF snake. Finally, we experimentally demonstrate the effec

tiveness of this framework using a large set of clinical X-ray images. 
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3.1 Multi-stage vertebral body detection 

Fig. 3.1 and 3.2 outline our proposed multi-stage framework. The first stage of 

our framework is to use parts of the object as the target, i.e., train SVM classifier 

on HOG features of object parts. SVM trained on HOG features are widely used 

in object detection applications and one of the key advantage of HOG feature 

is that it is invariant to geometric and photometric transformation. In this step, 

we use object parts as target. Since the original image scale is unpredictable, 

we assume that object parts are easier to detect than the whole object. We it

erate the first stage until we find object parts. In our experiments, object parts 

can almost always be found in the first iteration without rescaling the image. 

When using multiple iterations, we rescaled the image to a smaller size in ev

ery iteration until we found object parts. At this point, we will have a set of 

small parts represented by rectangular boxes. Let's say it is P = {Pl, p2, ..., Pn}, 

where P is the set of the parts and n represent total number of object parts. 

Each Pi, (i = 1, 2, ..., n) can be represented by two diagonal corner points, say 

((xil,Yil), (xi2,Yi2)), where x and y represent the (x,y) coordinates. We denote 

the iteration number in the first stage as itr1. At the end of the first stage, we 

compute the large bounding box containing all parts in P, where we set the 

maximum and minimum (x,y) coordinates as the ROI, which we represent as 

ROI = ((xmin,Ymin), (Xmax,Ymax)). From here, we will focus on ROI and the 

rescaling in next stage will be done on RO I instead of the entire image. 

The second stage of the framework rescale the RO I to find the entire object. 

Due to the largely reduced region, the time spend on this stage can decrease 

substantially. Let's say Sis the image size, which is typically above 2000x2000 

pixels and we can represent the size of ROI as: 
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Iteratively rescale 
the image until 
object parts are determine the Region 

detected of Interest based on 
detected objects 

If no objects are 
detected in this scale, 
go back to first stage 

Figure 3.1: Work-flow of our fast detection algorithm. First 
stage (on the left) iterate until object parts are detected and use 
the bounding box of the result as ROI. Second stage (on the 
right) uses full object detection. 

Figure 3.2: Multi-stage detection. Image on the left illustrates 
the first stage of detection, using object parts as samples. Mid
dle image illustrates how the rescaling has reduced to ROI, thus 
reducing classification time; and the image on the right shows 
the detection result added back to the original scale. 

SROI = S - (Xmax - Xmin)(Ymax - Ymin) = cS, (3.1) 

where c E [O, 1] is a constant, typically around 0.5 in our case. The time com

plexity of the entire framework can be represented by 
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itr1 itr1 +itr2 
T = L T(txi - 1s) + L T(txi - lcs), (3.2) 

i=l i=itr1 +l 

where T( s) is a detection time on an image with sizes; itr2 is the iteration num

ber in stage two; lX is rescaling factor. However, in conventional method the 

time taken is: 
itr1 itr1 +itr2 

T = L T(txi - 1s) + L T(txi - ls) (3.3) 
i=l i=itr1 +l 

Subtracting the above equation 3.1 from 3.3, we will have the saved time, which 

is 
itr1+itr2 

t = L [T(txi- 1S) - T(txi- 1cS)] (3.4) 
i=itr1 +1 

Since each image pixel is computed multiple times, let's assume T(s) ex sn, 

where (n > 1). Then above equation will be 

itr1+itr2 
t = L [txi- lst(l - en) (3.5) 

i=itr1+1 

We can see that with the increase of n, i.e. when the reuse time of a pixel in 

HOG feature extraction phase increase or with the decrease of c, i.e. the region 

of interest is small enough, the execution time decreases. 

Figure 3.3: Variations of L2 vertebra. We can see that although 
it is the same vertebra structure, it appears very different. Some 
vertebrae are tilted to the right and some are flat. 

Apart from the fast framework, inspired by examplar-SVMs proposed by 

Malisiewicz (Malisiewicz, Gupta and Efros, 2011), we categorize the vertebra 



29 

Figure 3.4: Variations of LS vertebra. Similar to the previous figure, LS vertebra 
appears to be very different for distinct patients. 

into three classes: right-tilted, flat and left-tilted classes instead of using differ

ent labels for each vertebra or using one label for all vertebrae. The reason is 

that the classification is based on spine structure, for example one classifier for 

each Ll,L2,..,LS vertebra can decrease the detection accuracy as the appearance 

of the same vertebra can vary a lot due to different patient posture, image scale, 

etc. Furthermore, HOG feature does not have sufficient support for rotation of 

rigid objects, which makes it hard to correctly describe different states of the 

same vertebra. Fig. 3.3 and Fig. 3.4 show examples of the same vertebra ap

pearing very differently on different images. One classifier for all vertebrae is 

also inadequate and not robust, as we know that each vertebra appears differ

ently, even in one image. Hence, we classify objects into three classes based on 

their rotations. 
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3.2 post processing 

In this part, we utilize the bounding box obtained from the first phase to extract 

fine contour of vertebrae. GVF has been used widely due to its good perfor

mance in snake deformation. Alomari et al (Alomari et al., 2014) demonstrated 

good performance of GVF based vertebrae disc segmentation by using joint 

model. The difference is that since X-ray images are not as clear as MRI images, 

we need to do further preprocessing. We first detect the vertebrae edge using 

Canny edge detection and hough filter. Since Canny edge detection is very sen

sitive to the contrast of the image, we implemented a dynamic gaussian kernel 

size determination method to deal with various X-ray quality issues, where we 

increase the kernel size until the foreground and background ratio hits a cer

tain threshold. Thus, we can make sure that the resulting image will have as 

little noise as possible. After the edge detection, we use hough filter to further 

eliminate some minor noises. Fig. 3.5 shows the process of this step. 

Figure 3.5: Workflow of processing image within bounding box. Image on the 
left shows the initial Canny edge detection result and the middle image shows 
the final Canny edge detection result after dynamically chosen gaussian kernel 
size and the image on the right shows the hough filter result, which is used in 
the following GVF snake. 

After we obtain a relatively nice contour, we use GVF snake model to build 

the complete close contour. One advantage of snake deformation on GVF in our 

example is that most of the time, because of the blurriness of the image, it is 

not easy to get a close contour, which makes the other methods such as using 



31 

Figure 3.6: Final GVF snake result. 

dataset 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

TP 4 2 3 3 6 2 2 7 7 4 5 3 3 4 5 5 3 4 

Total 5 5 4 5 6 4 4 7 7 5 5 5 5 4 5 5 5 5 

Table 3.1: Detection rate. First row is the identification number of our 
dataset, second row TP is the true positive number and last row is the 
total number of visible vertebrae in each image. 

hough filter alone, insufficient. As shown in Fig 3.5, the contour is not closed 

circle. If we use other methods, such as hough filter to detect horizontal and 

vertical lines, we will not be able to produce a close contour, and hough filter 

also gives false positives, such as the horizontal lines shown on the middle right 

side of the image. Thus, we use GVF snake deformation to deal with missing 

edges. Fig. 3.6 shows the GVF snake results for entire lumbar vertebrae. 

Avg time (min) per image 

Avg iteration number 

our method 

3.1 

2.1 

conventional method 

5.4 

2.3 

Table 3.2: Execution time comparison. 
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3.3 Experimental results and analysis 

3.3.1 Data and environment 

To conduct our experiment, we used 30 clinical lateral lumbar X-ray images with 

varying parameters, in terms of number of visible vertebrae, intensities, noise 

level, etc. In order to accommodate the scale invariant feature of our framework, 

we analyzed the vertebrae size of all our samples, and chose the smallest size 

as our HOG window size, which is 200x300 pixels. For HOG settings, we used 

8 orientations, 16x16 cell size and lxl block size. Linear kernel is used for SVM 

as suggested in (Bristow and Lucey, 2014). Lower level SVM classifier is trained 

on 4127 positive samples and 72452 negative samples, with 200x300 image size. 

Higher level SVM classifier is trained on 175 flat, 247 right-tilted, 175 left-tilted, 

22563 negative samples. GVF iteration number is 80, snake parameters are set 

as dmax = 20, dmin = 5 for snake interpolation, a: = 0.05, f3 = 0, 1' = 1, K = 

0.5, iteration = 35, and step - size = 5 for snake deformation. The experiment is 

conducted on a 2GHz Intel Core i7 machine with 8GB, 1600 MHz DDR3 machine 

on serialized program. 

3.3.2 Detection rate 

We demonstrate the quality of our detection method based on true positives 

numbers versus total visible vertebrae number. Table 1 shows the performance 

of each individual test data. The average true positive rate achieved was 75%. 
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3.3.3 Execution Time 

As shown theoretically in Section 3.1, we further compared the time consump

tion of our detection framework and conventional detection framework. We 

trained on 20 clinical images and tested on 18 images with an average of 5 ver

tebrae, 4,342,388 pixels. Table 2 shows the average time consumption of our 

method versus conventional method without accelerated framework . From 

the data we see that, even though the average number of iterations are similar, 

the average execution time is reduced significantly. Average iteration number 

differs because the region of interest is changing for our method, thus the align

ment issue comes into affect. 

3.4 Conclusion 

In this work, we proposed a novel and fast scale-invariant framework for de

tecting and segmenting vertebral body from X-ray images. This framework uses 

multi-stage detection to reduce the rescaling region for HOG feature based SVM 

classifier and we theoretically and experimentally demonstrated the time saved 

by using this new framework without compromising the accuracy of the classi

fier. Our framework easily handles different scaling issues in X-ray images. This 

framework also utilized an exemplar-SVMs like classifier to better represent the 

vertebrae. In the segmentation phase, we implemented dynamic selection of 

gaussian kernel in Canny edge detection phase, which ensures the signal-to

noise ratio and we further reduced the noise by using hough filter. Using edge 

detection results has given GVF snake better performance, especially when the 
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X-ray images have poor contrast. Even though we have largely speeded up the 

algorithm, we still have room for improving the execution time. As our future 

work, we will be focusing on algorithmically improving the speed of framework 

as well as utilizing parallel computing techniques to improve the performance. 

We will further improve the robustness of this method by experimenting with 

more data. 



Chapter 4 

Automatic intervertebral disc 

detection 

In this chapter, we follow the last chapter to look into traditional sliding win

dow object detection algorithm from the classifier aspect. The object of interest 

in this chapter is intervertebral discs, as shown in 1.4. The classification used 

in traditional method use hand crafted features, which has been shown to per

form inferior compared to deep learning based features in many modem appli

cations. However due to lack of data in medical image field, it is often hard to 

train a deep learning network from scratch. To overcome the dataset issue, we 

propose to use natural image pre-trained neural network as feature extractor 

instead. 

Razavian et al (Razavian et al., 2014) have used pre-trained convolutional 

neural network called OverFeat as feature extractor and trained SVM directly 

on various datasets. Ginneken et al (van Ginneken et al., 2015) have used the 

same pre-trained model as feature extractor and tested on 3D CT images for 

pulmonary nodule detection. Both work have shown good results. However, 
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Figure 4.1: Samples of filters in pre-trained CaffeNet model. 
Each row shows the filters in different convolutional layers. All 
the filters shown above are CaffeNet filters trained with Ima
geNet (Russakovsky et al., 2015) dataset ILSVRC2012, which 
contains 1000 object categories and 1.2 million training images. 
From the picture we see that the filters in lower layers depict 
lower level features such as edges and higher layers depict more 
abstract features . 

in both of the above work, features are extracted from the last convolutional 

layer. Less work has been explored in the literature about how features ex

tracted from different layers affect the detection performance in different tasks. 

Fig. 4.1 shows the filter samples of five convolutional layers in pre-trained Caf

feNet. We can see that lower level convolutional filters describe low level fea

tures such as edges, and higher level convolutional filters describe more abstract 

features. In this work we extracted features from different convolutional layers 

from a pre-trained CaffeNet, and trained separate SVM classifiers on each of 

the layer to see the performances. The results show that for intervertebral disc 

recognition problem in Xray images, a deeper the better concept does not hold. 

We observe that the classifiers trained on third and fourth layer give high clas

sification result. 
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Figure 4.2: Example of training image patches. First two rows show the posi
tive samples, where various types of intervertebral discs are present partially or 
entirely. Last two rows show the negative samples with no intervertebral discs 
available. 

4.1 Dataset and methods 

Our training data consists of 15 patient samples, as shown in Fig. 1.6. Our goal 

is to detect intervertebral disc using deep learning features and SVM classifiers 

in a sliding window fashion. Thus we preprocessed all the training images into 

image patches of size 256x256 as shown in Figure 4.2 and hand labeled image 

patches as positive and negative depending on wether the image patch contains 

intervertebral disc or not. The total number of patches used for training is 25100. 
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4.2 Convolutional neural network 

Krizhevsky et al (Krizhevsky, Sutskever and Hinton, 2012) proposed a deep 

convolutional neural network, AlexNet, which has brought much attention to 

the computer vision field due to its superb performance compared to tradi

tional image classification methods. CaffeNet used in this paper is replication 

of AlexNet, with some minor structural changes, such as changing the order 

of pooling and normalization layers. Fig. 4.3 shows the detailed structure of 

CaffeNet model. input image is 256x256 image patches, conv layers are con

volutional neural network with output dimensions of (55x55x96), (27x27x256), 

(13x13x384), (13x13x384) and (13x13x256) respectively; pool layers are pooling 

layers; norm layers are normalization layers; f c layers are fully connected lay

ers; prob layer is the output layer. In our work, layers from input image up to 

pool5 are used for feature extraction. 

It is known in deep learning field that the depth of representation is impor

tant in many visual recognition tasks. For example, He et al (He et al., 2016) 

trained a network as deep as 152 layers in order to achieve better classification 

results in natural image recognition task. However in intervertebral disc recog

nition problem, we observe that when we use pre-trained CaffeNet as feature 

extractor, the classifier trained on deeper convolution layer does not give better 

result. The details of the experiment is explained in the following section. 

4.3 Experiment 

CaffeNet model we used in this work is pre-trained on ImageNet dataset ILSVRC2012,I 

which is a dataset of natural images with 1000 object categories and 1.2 million 
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training data. Without changing the pre-trained model parameters, we feed our 

training images into CaffeNet, save the output of each convolutional layers and 

use these features to train each SVM classifier. Fig. 4.4 illustrates the work flow 

of this work. In our experiment, we explore the features from layer conv3, conv4 

and conv5. convl and conv2 are not experimented, as we observe that the feature 

dimensions of these two layers are both a magnitude higher than the training 

sample number, i.e. the training samples are not sufficient enough to train a 

valid SVM classifier. Finally we test each classifiers on our testing dataset. 

input 
conv 1 conv 2 [ conv 3 Hconv 4 Hconv 5 }--~ 

image 

Figure 4.3: CaffeNet model structure. 

input 
conv 1 conv 2 9-loutput limage 

Figure 4.4: Structure of the proposed method. 

4.4 Results 

The performance of each SVM classifiers on 4056 testing image patches are listed 

in Table 4.1. True positive rate is the number of correctly classified positive sam

ples over the total number of all positive samples; true negative rate is the num-
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Configuration TP TN FN FP Accuracy 

conv3+SVM 0.785 0.986 0.214 0.014 0.970 

conv4+SVM 0.790 0.987 0.210 0.013 0.972 

conv5+SVM 0.741 0.984 0.258 0.015 0.966 

Table 4.1: Detection results compared between different convo
lution layers. TP is true positive rate, TN is true negative rate, 
FN is false negative rate and FP is false positive rate. 

ber of correctly classified negative samples over the total number of all negative 

samples; false negative rate is the number of samples classified as negative in

correctly over the total number of all positive samples; false positive rate is the 

number of samples classified as positive incorrectly over the total number of 

all negative samples; accuracy rate is the number of correctly classified samples 

over the number of all samples. 

we can see that the best accuracy is as high as 97.2%, which shows that using 

very small training samples one can achieve satisfactory result using pre-trained 

deep convolutional network model as feature extractor. And from our experi

mental result, conv3 and conv4 layer feature would be sufficient to train an SVM 

classifier. 

4.5 Conclusion 

The development of deep learning based approach has brought much attention 

to medical field. However the computational time and space it needs to train 

a network from scratch is very high and the demand for massive training data 

is not applicable for many medical image field due to the lack of availability of 

high quality, large scale, public medical image dataset. In this work, we focus on 
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intervertebral disc detection problem with only 15 training images. We utilized 

pretrained deep convolutional neural network, CaffeNet, and extracted features 

from the convolutional layers and trained SVM classifiers on each convolutional 

layers to compare the performances. Our experimental results show that clas

sifiers trained on features extracted from pretrained deep convolutional model 

can give satisfactory recognition result even with small training dataset. We fur

ther conclude that in intervertebral disc detection problem, classifiers trained on 

deeper level neural network features yields less satisfactory performance than 

classifiers trained on lower level features when using pretrained model as fea

ture extractor. As our future work, we will further explore non-sliding-window 

object detection methods to further improve the efficiency of algorithms. 



Chapter 5 

Automatic spinal landmark 

detection 

In this chapter we focus on automatic detection of landmark points from spine 

medical images. To automatically analyze spine medical images, many previous 

attempts have achieved promising results. However in previous applications, 

they either only detect objects, centroid landmarks or detect multiple landmarks 

for fixed number of objects. Less attempt has been made to detect multiple 

landmarks for random number of objects. To this end, we propose a top-down 

region based Convolutional Neural Network (CNN), Spine R-CNN. We first use 

an object detector subnetwork to acquire the location of each visible object, then 

within each object a landmark localization subnetwork is used to determine 

the locations of corner points. A novel grouping subnetwork is proposed to 

provide contextual information of each object to improve the initial landmark 

detections. In this work, we use lateral lumbar area as our subject of study 

and conducted extensive experiments based on in-house dataset of 1082 clinical 

X-ray images. Our experimental results demonstrates promising results and 
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detailed architecture studies show the performance boost achieved from each 

architecture design in the framework. The main contribution of this work are as 

follows. 

1 

We propose a novel landmark detection neural network, Spine R-CNN, which 

is designed to accommodate challenging real world clinical data that has large 

variations, in particular to detect multiple landmarks for random number of 

objects. Unlike previous methods that either only detect objects or detect land

marks with fixed number of objects, our landmark detection network exploits 

top-down fashion landmark detection method to localize comer points of ran

dom number of vertebral bodies. We show that our proposed method gives 

promising performance on our in-house lateral lumbar landmark detection dataset 

of 1082 patients. 

2 

We propose a novel grouping subnetwork, which can enrich contextual infor

mation and improve detection performance, which is demonstrated through 

our carefully designed ablation study. 

3 

We conducted comparative experiments between the popular landmark detec

tion network design choices: heatmap regression based network and coordinate 

regression based network to show the advantages and disadvantages of each 

approach based on the proposed network, which may be used as a reference for 
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future landmark detection problems. 

IVD 
detector 

base landmark -- grouping 
network detector network 

Figure 5.1: The overall structure of the Spine R-CNN, which consists of four 
subnetworks. The details of each component will be discussed in the following 
sections. 

5.1 Methods 

The proposed method is a convolutional neural network that consists of four 

subnetworks: base network, IVD detection network, landmark detection net

work and grouping network. The overall structure of the proposed network is 

shown in Fig. 5.1. 

5.1.1 Base network 

The first step of most of the neural network is to extract features from the in

put using deep convolutional layers. As has been proven in many applica

tions, the feature extracted from DNN gives superior performance than hand 

crafted features, especially in image classification field (Krizhevsky, Sutskever 

and Hinton, 2012; Zeiler and Fergus, 2014; Szegedy et al., 2015; Simonyan and 

Zisserman, 2014; He et al., 2016; Huang et al., 2017). Due to the fact that classi-
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base network 

¢ 7x7 conv+ ¢ 5x5 conv+ Q 3x3 conv+ ¢3x3 conv+ 
relu+norm+maxpool relu+norm+maxpool norm+relu relu 

Figure 5.2: Sample base network. Figure shows the exact configuration of base 
network used in all the experiments. 

fication is a fundamental step for most of the other applications, such as object 

detection, segmentation, landmark detection, etc, the convolutional structure of 

the state-of-the-art classifiers are used widely as the base network for many ap

plications and have delivered promising performance(Ren et al., 2015; Redmon 

et al., 2016; Liu et al., 2016; He et al., 2017). Similarly, we show the performance 

of the proposed network by using a well-known classifier architecture as our 

base network. Fig. 5.2 shows the base network used in our experiments. This 

particular network is adapted from a well known classifier, ZF network, pro

posed in (Zeiler and Fergus, 2014). 

5.1.2 IVD detection subnetwork 

IVD detection subnetwork serves two major goals: to acquire the number of ob

jects and to localize the objects with bounding boxes. Unlike previous landmark 

detection methods used in spine applications, we do not know the number of 
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visible vertebral bodies. Hence, it is necessary to acquire this information by 

first detecting all the valid objects. Here we use IVD as our target objects, one 

can also use vertebral bodies as the target for same purpose. Apart from this, 

the bounding boxes for IVDs can fix the attention of the landmark localization 

subnetwork into a valid and smaller region of interest, so that noises and ar

tifacts outside this region do not affect the landmark detection performance. 

Each individual bounding box will be used as the region of interest in the fol

lowing subnetworks. Many approaches have been proposed for detecting ob

jects. Apart from the methods mentioned in Section ?? for detecting the IVDs 

or vertebral bodies, there are many general purpose object detection networks 

that achieved significant performance. Ren et al proposed a Region based Con

volutional Neural Network (R-CNN)(Ren et al., 2015), that uses a Region Pro

posal Network (RPN) to first propose the potential regions of interest based on 

fixed set of region anchors, which is then used to derive the final tight bounding 

boxes. We adapt this detector in our network to detect intervertebral discs by 

fine tuning the output layer to match the class label. The network structure is 

shown in Fig. 5.3. For more information about this algorithm, the readers are 

referred to (Ren et al., 2015). 

5.1.3 Landmark detection subnetwork 

Landmark detection network aims to use the result of the IVD detector as the 

guiding information and the base network features as the micro level informa

tion to acquire initial landmark locations of each IVD. The trained IVD detec

tor creates tight and accurate bounding boxes for foreground objects, which 

are used to extract features from the base network in the corresponding area. 
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input 

base network 

RPN 

bboxes 

convolutional Q dataD layers 

Figure 5.3: IVD detection subnetwork adapted from the network structure used 
in (Ren et al., 2015) to fit our target object. More details about this object detector 
can be found in (Ren et al., 2015). 

The extraction operation uses the ROlPooZ layer, proposed in (Girshick, 2015), 

which uses max pooling to convert the features from the corresponding area in 

feature map into a smaller feature map. Instead of simply cascading the differ

ent subnetworks, the proposed network reuses the base network feature, which 

improves the efficiency of the network. In our work, we extract features from 

different layers of base network in order to capture scale information, as shown 
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extracted features 

1024 

¢1~. ['.mll 

1024 

¢1~. ['.mll 
/VD detector result 

1024 

~~ ¢1~· ['.ml]L2§L_/ / 

y operation as shown in (a) Q downsample with stride 2 conv • linear 

Figure 5.4: (ROIPool operation extracts features from the base network based 
on the region provided by the IVD detector. In our work, we extract fea
tures from different layers of the base network to reserve the scale informa
tion, in particular, we extracted 4 layers from base network with feature scale 
of 0.5,0.25,0.125,0.0625 given all the IVD detector results. Through ROIPool 
operations, the pyramid features of each IVD is extracted and used in following 
regression layers. 

in Fig. 5.4. Each feature layer is then downsampled to a fixed size, 1024 in our 

case. For the final steps, we use the relative coordinates of each landmark within 

the IVD bounding boxes as our target location for regression. 

Assume Di = (Xi, Yi, Wi, hi) is the bounding box of disci, which is the output 

of the IVD detector, where i = 0, 1, ..., v; v denotes the number of predicted IVDs 

in the current image; (xi, Yi) denotes the coordinates of the top left corner along 

x-axis and y-axis ; (Wi, hi) denotes the width and height of the bounding box. 

Let tij = (txij, tyij) be the j-th output of the landmark detection network for disci, 

where j = 0, 1, ..., k; k denotes the number of landmarks within one bounding 

box; k = 4 in this work. For efficient training of the network, we choose a fixed 

W *Has a reference bounding box, where each pixel location in the bounding 
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box Di is scaled to this size, as illustrated in Fig. 5.5. The output of the landmark 

detection network tij is the coordinate of the j-th landmark scaled to reference 

box, i.e., txij E [O, W] and tyij E [O, H]. The scale of Di is defined as follows: 

(5.1) 

(5.2) 

scalei = min(xscalei, yscalei)- (5.3) 

The final landmark location lij = (x:j' y:) is hence defined by the following 

equations. 

(5.4) 

(5.5) 

Landmark detection network usually utilize either heatmap regression or 

coordinate regression as the output. We conducted a comparative experiment 

to show the performance difference between these two options in Section 5.2. 

5.1.4 Grouping network 

In this subnetwork, we use the contextual information of each IVD to improve 

the initial landmark detection. Each initial landmark is acquired within the con

text of the bounding boxes predicted from the IVD detector. However, using 

only one bounding box could give a limited view of the region of interest. In or

der to broaden the view of the context and be more confident in the prediction, 

we propose to use several overlapping bounding box predictions to further re-
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H reference box 

• (t ., ty) .. Scaled IVD 

(x, y) _ __w_____, 

1 (t •/scale, ty/scale) 
IVDh 

Figure 5.5: Scaling operation used in final output of landmark detector. The 
output of the landmark detection network is the green dot in scaled IVD with 
coordinate (tx, ty); red dot is corresponding landmark location in original im
age with coordinate ( tx I scale, ty I scale); the blue dot is the upper left comer of 
the IVD, with coordinate (x, y). The detailed relations of each coordinates is 
explained in text. 

fine the initial landmark position. We denote this broader region as a group. We 

use a v * v matrix, M, to represent the grouping correlation, where v denotes the 

number of predicted IVDs from IVD detector. Let eij be the element on i-th row, 

j-th column of the matrix M, which is defined as follows: 

IoU(disci,discj) >= thr 
(5.6) 

IoU(disci,discj) < thr 

where thr denotes the threshold value, here we chose 0.9; IoU(disci,discj) de

notes intersection over union value, defined as 

(5.7) 
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Figure 5.6: In conjunction with the results of the IVD detector and the initial 
landmark predictions, the grouping network combine overlapping IVDs into 
one group, then based on each of the initial landmark predictions of the group 
member, derive the final landmark prediction. The above image shows the ex
ample of predicting one landmark from each IVD. In our work, each IVD has 4 
landmarks predicted in similar fashion. 

Based on this matrix M, we can create groups G = g1, g2, ..., gm, where m de

notes the maximum number of discs in any image andgi = {discili = 0, 1, ..., n}, 

which contains all the overlapping discs. n is the number of candidates allowed 

in each group. The candidates are sorted based on their bounding box proba

bilities produced by IVD detector and only the top - n discs will be put into a 

group; here we use n = 5. Each member in the group will produce their initial 

landmark as shown in the previous section; then all the prediction in a group 

will be combined together using concatenation and; then the final result is ac

quired through a linear operation. Fig. 5.6 shows the framework for grouping 

network. 
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(a) (b) 

Figure 5.7: A brief anatomy of the lumbar area is shown in (a). The vertebral 
body in lumbar regions consists of vertebral bodies from Ll to LS. The interver
tebral disc names are LS-S, L4-L5, etc. However, in our dataset, the scan region 
is not constraint to lumbar area only and some vertebral bodies are very blurry. 
The statistics of the number of visible IVDs per image in our dataset can be seen 
in Fig.5.8, which includes IVDs from lumbar region and possible inclusion of 
thoracic region, as shown in (b). 

5.2 Experiments 

5.2.1 Dataset 

In order to demonstrate the performance of our work, we used lateral lumbar 

spine X-ray images as an example. Lumbar area is the lower part of the spine 

that contribute most to the adult back pain, which consists of Ll to LS vertebral 
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Figure 5.8: Statistics of the number of visible IVDs per image in our dataset. 
There are 5 IVDs in lumbar region, however some images are very blurry and 
with low quality, which makes some of the images with less than 5 visible IVDs 
and similarly, some of the image contains thoracic region, which makes the 
number of visible IVDs greater than 5. 

bodies, shown in Fig. 5.7(a). However, due to the variations of the scans, the 

number of visible spine vertebral bodies in the image ranges. Fig 5.8 show the 

variations of number of visible IVDs per image in our dataset. Some of the im

ages are very blurry and with low quality, which makes the visible IVD number 

less than 5. And some images include IVDs from lumbar region and possible 

extra thoracic region as shown in Fig. 5.7(b), which makes the visible IVD num

ber greater than 5. As we can see, the variety of the number of visible IVDs is 

large from image to image. While calculating spine biomechanical parameters, 

both regions can be helpful. Thus, in our work we detect landmarks from both 

regions. As seen in Fig.??, our dataset consists of challenging real world clinical 

images, with some patients have screws in spine area, the clothing of the pa-
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tient is visible in some scans, some images have low quality issues. In total our 

dataset consists of 1082 X-ray scans with various pixel dimensions, one image 

per patient. We randomly choose 108 images as the testing dataset and the rest 

of 974 as training data. The testing to training ratio is around 1 : 10. 

5.2.2 Detailed configuration of network architecture 

Proposed Spine R-CNN consists of four subnetworks. The base network used in 

this work is a ZF network, which is a 5 convolutional layered architecture. For 

the feature pyramid, we choose convl, convl pool, conv2, conv5 layers, which has 

feature scale of 0.5, 0.25, 0.125, 0.0625 respectively. The normalization used in 

each convolutional layer is Local Response Normalization (LRN), within chan

nel with a: = 0.00005, f3 = 0.75. The IVD detector is based on features from conv5 

layer, followed by RPN network; ROlPooZ layer, which has output size of 6 * 6; 

2 layers of fully connected layers followed by two simultaneous branches: 1 

layer of linear operation and softmax to produce the class score; 1 layer of linear 

operation to produce bounding box offsets. For the landmark detection subnet

work, one of the input is the feature pyramid from base network. Each feature 

layer is then reduced to channel number 32 via one 1 * 1 convolutional layer, fol

lowed by BatchNorm layer and Relu. The features are then extracted through 

ROIPool operation, which result in feature sizes 48, 24, 12, 6 for convl, convl

pool, conv2, conv5 layers respectively. The extracted features are then reduced to 

size 12 * 12 using stacks of 4 * 4 stride 2 convolution layers followed by Batch

Norm and Relu layers. The number of downsampling layers can be calculated 

as n = log2(S/s ), where S * Sis the size of original feature layer; s * sis the 

size of the feature after downsampling. Each down-sampled feature layer is 
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1 

then linearized and reduce to a ld feature with 1024 size, which is followed 

by 1 fully connected layer and one final layer to produce landmark coordinates. 

The grouping network then combines all the landmark locations predicted from 

group members through concatenation, linearization and 1 linear layer, 1 fully 

connected layers to produce final landmark locations. Output from each scale 

will be deeply supervised through directly connecting to the loss layer. All the 

prediction will then be concatenated and followed by 2 linear layers to produce 

final landmark coordinates. The reference box has size 96 * 96, as discussed in 

section 5.1.3. 

5.2.3 Training 

The training images are scaled and padded with Oto fit image size of 513 * 1505 

as data preparation. The size is chosen empirically to fit the dataset. Since the 

multiple scale information is encoded in the network itself with feature pyra

mids, we did not explicitly augment the data using different sizes. Also, since 

all the images have the same left lateral view, i.e. the patient in the images are 

facing left side, there is no need to augment the data with horizontal flipping. 

Training of the network is conducted stage wise. 

In the first stage we train the IVD detector. The initial network parameters are 

provided in (Shaoqing Ren and Sun, N.d .). RPN is first trained separately for 

60,000 iterations, freezing the base network parameters. The trained parameters 

are then loaded into the entire IVD detector, which is then trained for 80,000 iter

ations with base network and RPN parameters frozen. Both times, the learning 
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rate Zr = 0.01, momentum 0.8 and 0.0005 weight-decay using Stochastic Gradi

ent Descent (SGD) optimizer. For better performance, the entire network is fine 

tuned again with the trained parameters. The loss function used is Smooth Ll 

Loss, also known as Huber loss, defined as follows: 

1 
loss(x,y) = - [>i, (5.8)

n . 
l 

where Zi is defined as 

Zi = { 0.5 * (xi - yi) 
2 

iflxi - Yil < 1 , 
(5.9) 

IXi - Yi I - 0.5 otherwise 

which is less sensitive to outliers than the Mean Squared Error (MSE) loss. The 

trained detector is then evaluated by average precision, which is based on pre

cision recall curve, discussed in detail in (Everingham et al., N.d.). The average 

precision of the IVD detector reaches 0.905. The intermediate qualitative result 

of the detector is shown in Fig. 5.9. 

In the second stage, the landmark detector and grouping network are trained. 

The entire network is initialized with trained parameters from the last stage. 

The target coordinates are calculated on-line after all the IVD detection results 

are produced. In this work, we use deep supervision techniques to train the 

landmark detector. In particular, we directly connect the landmark detector at 

each scale level to the loss layer, so that the network before the final concatena

tion can be supervised. Deep supervision is used in many deep learning based 

applications (Dou et al., 2017; Newell, Yang and Deng, 2016). The loss function 
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Figure 5.9: Example of IVD detector results, with bounding boxes and the cor
responding probability value. 

used in this stage is again Smooth Ll loss. The optimizer used in this stage 

is RMSprop (Hinton, Srivastava and Swersky, 2012). With initial learning rate 

Zr = 2.Se- 4, the momentum and weight decay are both set to 0. Different op

timizers give slightly different performance. Here we report the method that 

delivered the best performance. 
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5.2.4 Evaluation metrics 

One of the popular keypoint detection evaluation metric used in human pose 

estimation field is PCKh, probability of correct keypoint with a threshold for the 

distance between detection and ground truth, using head length as a reference 

distance. Readers are referred to(?) for more details about PCKh. We adapt 

this metric to spine image analysis and evaluate the correctness of detection 

with a threshold for the distance between detection landmark and ground truth 

landmark. The threshold for distance is denoted as tol in this work. Based on 

this, we define AP Average Precision and AR Average Recall as 

AP= 2_ L tpi(thr, tol ) 
N i tpi(thr,tol ) +fpi(thr, tol )' 

(5.10) 

AR= 2_ L tpi(thr, tol ) 
N i tpi(thr, tol ) + fn i(thr )' 

(5.11) 

which are used for Fl score calculation as 

AP * AR 
(5.12)Fl = 2 * AP + AR I 

In above equations, N is the total batch number, i is the batch id, tpi(thr, tol ) is 

total number of true positive keypoint for batch i. For a landmark j, if the corre

sponding bounding box detection tj and ground truth bounding box tj satisfies 

IoU(tj,tj) > thr and the predicted location (xj,Yj) and ground truth location 

(xj , yj) satisfies J(xj - xj) 2 + (y j - yj) 2 <= tol, then it is true positive. Sim

ilarly, if IoU(tj, tj) > thr and J(xj - xj) 2 + (yj - yj) 2 > tol, then it is false 

positive. If IoU(tj, tj) <= thr, then it is false negative. In our experiments, 

we unified the scales of the images to size 513 * 1505 pixel and empirically set 
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Table 5.1: Performance comparison with baselines. 

Methods 11 Fl-score I 

Cao et al (Cao et al., 2017) 84.30 
He et al (He et al., 2017) w / ROIAlign 90.09 
He et al (He et al., 2017) w / ROIPool 91.30 

Newell et al (Newell, Huang and Deng, 2017) 91.63 
Proposed network 94.35 

thr = 0.5 and tol = 20pixel. 

5.2.5 Quantitative studies 

We adapted and trained some of the state-of-the-art human pose estimation net

work (He et al., 2017; Cao et al., 2017; Newell, Huang and Deng, 2017) on our 

in-house dataset to serve as strong baselines. The implementations of these al

gorithms are provided by original authors in (Girshick et al., 2018; ?; ?) and 

the training is completed with the recommended sample configurations. For a 

fair comparison, we set all the base network to be ZF network, identical to our 

proposed method and controlled the size of the network to be under 500MB 

for network efficiency. For Mask R-CNN, Feature Pyramid Network (FPN) is 

turned on for both RPN and ROI, which gives better performance according to 

(He et al., 2017). The number of stacked convolutional layer is 2 for keypoint 

R-CNN head, with deconv output. Output size is 56. The training is run for 

80,000 iterations, with base learning rate Zr = 0.01, 1' = 0.1, and learning rate 

drop after every 20,000 iterations. Optimization function is SGD. We refer read

ers to (He et al., 2017) for more detailed information about Mask R-CNN. We 

tested both the latest ROIAlign method for extracting features and more conven

tional ROIPool method to extract features, denoted Mask R-CNN w /ROIAlign 

and Mask R-CNN w /ROIPool in the following sections. For Part Affinity Field 
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Table 5.2: Architecture study 1: heatmap regression and coordinate regression 

I Methods I AR I AP I Fl-score I 

Landmark detection subnetwork w / heatmaps 95.8 91.2 93.44 
Landmark detection subnetwork w / coordinates 94.9 92.5 93.68 

(PAF) based method (Cao et al., 2017), the training is run for 159400 iterations 

with base learning rate Zr = 0.01, 1' = 0.333, step size = 13275. Optimization 

function is SGD. We refer readers to (Cao et al., 2017) for more detailed infor

mation about PAE For associative embedding based method (Newell, Huang 

and Deng, 2017), the network is trained with base learning rate Zr = 2e- 4 . The 

network structure in comparison is with one stack of hourglass. Adding more 

stacks improves the performance by a small margin. For example, using 4 stacks 

improves around 2 percent but comes with drastic network size increase from 

400MB to 1.6GB, which greatly exceeds the size of compared algorithms, hence 

not included for comparison. From Table I we can see that our proposed net

work have good Fl performances compared to the strong baselines. 

5.2.6 System implementation 

Implementation and the performance of the above methods are based on NVIDIA.I 

Geforce 1060 Mini GPU with 6GB memory. The proposed method was imple

mented with python on Caffe library (Jia et al., 2014) and Pytorch library (Paszke 

et al., 2017). 

5.2.7 Architecture studies 

In this section, we study the performance of using different architectures choices 

within Spine R-CNN framework. 
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Figure 5.10: Spine R-CNN landmark detection subnetwork with heatmap re
gression. As we can see in the framework, instead of downsampling the ex
tracted feature pyramid, here we upsample each feature layers to a fixed size 
for concatenation. The heatmaps are finally produced by regression layers us
ing the concatenated features. 

There are two general approaches to landmark detection problem: heatmap re

gression or coordinate regression. Heatmap regression is easier to train due to 

its restriction on the output value, which is a popular choice among many cut

ting edge human pose estimation applications(Chu et al., 2017; Newell, Yang 

and Deng, 2016; Tompson et al., 2014; Cao et al., 2017). In order to study the 

different performance of these two choices, we implemented both approaches. 

Without changing other subnetworks, we modified the landmark detection sub

network, which now produces one heatmap per landmark within each IVD. The 

overall structure of the landmark subnetwork is shown in Fig. 5.10. Instead of 

downsampling each extracted feature pyramid, we upsample the feature lay-
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2 

Table 5.3: Architecture study 2: grouping network 

I Methods I AR I AP I Fl-score I 

Spine R-CNN w / out grouping 94.9 92.5 93.68 
Spine R-CNN w / grouping 94.9 93.8 94.35 

ers to a fixed size S * S, here S = 96, using stacks of stride 2 3 * 3 transpose 

convolutional layers. The concatenated features are then used in the following 

consecutive convolutional layers to derive the final heatmaps. The number of 

upsampling layers can be calculated as n = log2(S/s ), wheres is the size of 

feature size before upsampling. From Table II we can see the performance of 

using heatmaps versus using coordinates. Note that, we did not use grouping 

subnetwork in this comparison to minimize the architectural change. From the 

table we can see that, heatmap based algorithm performs slightly inferior than 

coordinate based algorithm, though it has better recall rate than its counterparts. 

The grouping network is designed to help expand the contextual view of the 

detection network, so as to compensate for the fact that the initial landmark pre

dicted in landmark detection subnetwork is based within the single IVD region, 

which could have a limited context. We designed an experiment to demonstrate 

the contribution of the grouping subnetwork. From Table III we can see that 

adding grouping subnetwork does help improve the average precision com

pared to the bare bone landmark detection subnetwork. 
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Figure 5.11: Sample landmark detection results using proposed method. Green 
bounding boxes are the bounding boxes predicted by IVD detector. Each land
mark is color coded based on the order of the landmark. Here the order is 
counter clock wise, starting from lower left landmark. 

5.2.8 Qualitative results 

Some of the sample landmark detection results using Spine R-CNN are shown 

in Fig. 5.11. From the result we can see that our proposed method robustly han

dles various situations, such as noise from patients clothing, bad image quali

ties, artifacts, different patient positioning, different spine curvatures, etc. 

5.3 Discussion 

Apart from the breakthrough brought by DNN in many computer vision field, 

there is still gap between manual labeled data and automatic labeled data in 

challenging applications, such as landmark detection problem for random num

ber of objects. Especially in medical image field, due to the lack of high quality 

dataset and the expensive labor to annotate the data by professionals, the adop

tion of deep learning technique in medical image applications still has room to 



64 

improve. In spine landmark detection work, although there are numerous at

tempts to analyze spine biomechanical parameters, such as spine curvature and 

rotations, most of the work are limited to only detecting the object or detecting 

landmarks for fixed number of objects. In our work, we propose a novel, fully 

automatic region based CNN network, Spine R-CNN, to detect landmarks for 

random number of objects in a challenging dataset. 

Although the proposed method has achieved high Fl score of 94.35%, there 

are still several limitations. First, because of the assumption that the landmark 

sits within the disc region, it will not be applicable to landmarks that are rel

atively separate from other anatomical structures, which might be true for re

gions such as cervical regions. Additionally, due to the fact that object detection 

problem is still a challenging problem in both natural and medical images, the 

performance of the proposed network will be affected by the performance of 

the IVD detector. The advantage of the proposed framework, however, is that 

the subnetworks are relatively independent of each other and each part can be 

replaced by other similar algorithms with better performance in future stud

ies. Additionally, by training the IVD detector and landmark detector in two 

stages makes it easier to choose architectures of each subnetwork. Although 

our network can potentially be trained end to end with a proper design of the 

loss function, for example, one of the most common ways to combine both 

object detector loss and landmark detection loss is to define Loss function as 

Loss = Lossdetection + Lossregression· However, we argue that the stage wise train

ing gives us more control of each part of the network and hence easier training. 

Due to the fact that some rare cases have relatively less samples in training 

data, the network training does not always perform well when there are ex

tremely rare test cases. Fig.5.12 shows two of the worst performing test cases. 

https://Fig.5.12
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Figure 5.12: Two worst performing cases in testing data. The first image has 
extreme blur in the spine region and the second image has a sever occlusions 
due to large screws obstructing the view. In both cases, the algorithm had miss 
detection and in second image there is false detection. 

We can see that when the image is extremely blurry as shown in the first im

age or has extreme occlusions due to spinal screws, the algorithm will produce 

miss detection as well as false detections. For future work, this can potentially 

be solved either by adding more rare case samples in the training data or using 

hard mining techniques to help steer the training. 

5.4 Conclusion 

Although numerous automatic medical image analysis work has been proposed 

in spine applications, most of the work has been focused on either only detect 

objects or detect multiple landmarks for fixed number of objects. Less work 

has been devoted to detect multiple landmarks for random number of objects. 

In order to tap this gap, we propose a novel landmark detection convolutional 

neural network, Spine R-CNN. Our network exploits top-down landmark de-
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tection method, where the intervertebral discs are first detected using IVD de

tector subnetwork and then using the landmark detection subnetwork to local

ize landmark in each IVD region. Additionally, a novel grouping network is 

proposed to expand the contextual information to improve the initial landmark 

predictions. In order to demonstrate the performance of proposed network, we 

adapted some of the state-of-the-art human pose estimation algorithms on our 

dataset to be our strong baselines, where the algorithms are trained end to end 

on our dataset of 1082 real world clinical lateral lumbar X-Ray images. The ex

periments show that our proposed network outperforms the baseline methods 

and achieved a high Fl score of 94.35%. We also carefully studied the network 

architecture. By ablation study, we show that the proposed grouping subnet

work boost the overall performance of the entire network and then by compar

ing the two popular landmark detection framework: heatmap regression net

work and coordinate regression network, we show the advantages and disad

vantages of using each options, which can be used as reference to future studies. 



Chapter 6 

Automatic body lines detection 

In this chapter, we present a framework to automatically positioning patient 

on medical scanner with a monocular 2D RGB camera. Patient positioning is 

a basic step towards automating medical image scanning procedure, which is 

closely related to body part detection problem that has been studied in vari

ous applications. However in our application, the limit of field of view and 

the heavy occlusion due to patient clothing poses a unique challenge to body 

part detection community. Existing methods either fail to estimate body regions 

robustly under clothing cover/severe occlusion, limit of field of view, or lack 

mechanism to incorporate temporal information when it comes to video stream 

data. To overcome these limitations, we propose a deep spatiotemporal neural 

network with human anatomical structural inference to robustly estimate pa

tient body regions over time. The performance of the framework is validated 

on a very large scale patient database, containing about 40K RGB patient im

ages, and showed promising results. 
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Figure 6.1: The framework of our patient body region detection system. The 
entire network can be trained end-to-end. 

6.1 Method 

In this section, we present our approach for patient positioning with 2D RGB 

camera. As we have discussed above, patient positioning problem is closely 

related to patient body part detection problem. As our focus is to localize differ

ent body region while the patient is entering the scanner, we only need to focus 

on the horizontal locations of each body regions inside the video frames, so 

we could infer which body regions are under the scanner. As we can see from 

Fig. 1.9, the green lines are the horizontal positions of the end of each body 

regions. Hence, different from typical body part detection problem in natural 

image field, where it is formulated as landmark detection problem, we formu

lated our problem into body lines detection problem. Each line mark the end of 

a body region. 

6.2 Preprocessing 

The camera is located on the gantry of the medical scanner, which causes the 

video to have a limited field of view and distorted view due to camera lens. 
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Thus, we first remove the distortion of the images based on the intrinsic pa

rameters of the camera before feeding to the framework. In order to eliminate 

unnecessary processing, we fuse the frames that has no patient present on the 

table, which can be cast as a binary classification problem. Many classical image 

classification network architectures could be applied here. We adopt state-of

the-art image classification network, namely DenseNet (Huang et al., 2017) for 

this task. The power of DenseNet lies in its ability to aggregate rich hierarchical 

features from different layers progressively. Our network consists of 3 dense 

blocks each containing 3 convolutional layers with growth rate k = 12 and 3 * 3 

kernel size, and 3 level of pooling layers. The number of filters for first convo

lution is set to 12. We use leaky rectified linear units (ReLU) with negative slop 

0.2 after each convolution. To avoid over-fitting, we augment the training data 

by horizontal and vertical flipping as well as adding dropout. 

6.2.1 Body Region Detection: Single Frame 

Body region detection, as we have discussed above, is formulated as a body line 

detection problem in our application, where we denote end of each body region 

as a horizontal lines, which will be served as our target object. Fig. 6.1 shows 

the framework of the proposed patient body region detection architecture. To 

detect patient body region boundaries, we treat it as a dense prediction prob

lem and use fully convolutional network. Similar to typical landmark detection 

problem, where the target heatmap is depicted as a 2D Gaussian map peaked 

at ground truth location, in our application, the target heatmap is also depicted 

as lD Gaussian map, peaked at the ground truth location. Our network adopt 

a typical encoder decoder concept used in many regression applications (Jegou 



70 

et al., 2017), with each base layer being a fully convolutional DenseNet (Huang 

et al., 2017), as shown in Fig. 6.1. In particular, each convolutional layer in 

DenseBlock is densely connected, i.e., features are reused in consecutive lay

ers. In our work, we used DenseBlock with growth rate k = 16, with 5 dense 

layers in each dense block, followed by transition layer. Downsample module 

is completed by MaxPool operation and Upsample module consists of stride 2 

transposed convolution followed by center crop method. 

refined inference in detail 
heatmaps heatmaps• •• I~~ 

• 
4 => 5• 

5 

I~~ 
6 => 5 

Figure 6.2: Structure inference network transforms the heatmaps of the neigh
boring nodes to each node via simple convolution and concatenation opera
tions. 

To further enhance the performance of patient body region prediction un

der heavy occlusions and severe limitation of field of view, we use structural 

inference to encode the spatial structures of each body regions. Let I denote an 

input RGB image, and x = {X1, X2, ... , xL} denote the locations of L body re

gion boundaries. The conditional probability p(xll,0) parametrized by 0 can 

be modeled as follows: 

(6.1) 
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where Z is the normalization factor, defined as Z = L xEx exp{-E(x, I,0)}. 

Based on the tree structure of patient body regions, we can define an undirected 

graph G = (v, €) where v specifies the positions of the body region boundaries 

along the width of the image, and€ denotes sets of edges connecting body re

gions. Furthermore, the energy function can be expressed as follows: 

E(x,I, 0 ) = L1Pu(xi) + L 1/J p(Xi, Xj) (6.2) 
iEv (i,j) E € 

where the unary energy component 1/Ju(Xi ) measures the inverse likelihood of 

the position of ith body region boundary at Xi, and the pairwise energy com

ponent 1/Jp (Xi, Xj) measures the correlation between body regions configuration 

Xi and Xj, which is usually characterized by a simple spring model (Chen and 

Yuille, 2014). However, one difficulty is that performing message passing dur

ing training is not efficient. To address this issue, inspired by (Chu et al., 2016), 

we instead design a soft structure inference network, as shown in Fig. 6.2 that 

essentially performs a simplified two-way message passing procedure and can 

be easily trained in an end-to-end manner. 

In the network, each heatmap is downsampled with Maxpool operation 3 

times. Then the features are filtered with 3 * 3 convolution, simulating the hori

zontal translation of adjacent body regions. Since the distance between adjacent 

body regions varies, we use multi-scale operation. The final heatmaps are gen

erated using a 1 * 1 convolution on the concatenation of transformed heatmaps 

and original heatmaps. 
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6.2.2 Body Region Detection: Multi-Frame 

Due to the limited training data and large appearance variation caused by light

ing change and motion blur, the results of single frame network may contain a 

number of miss detection and wrong detection with relative large offset from 

groundtruth position. Multi-frame analysis is especially helpful and is of great 

importance especially in limited field of view where only partial body of the 

patient can be observed in each frame. A naive approach to aggregating tem

poral information for body region boundary estimation is to apply smooth

ing method (e.g., Kalman filter) on the sequence of predictions over time as 

a post processing method. Since this process is not directly involved in the 

training process, the result is usually less optimal. Furthermore, it is unclear 

if a linear model is sufficient to capture complicated temporal relationship in 

the presence of noise, clothing cover and truncation. Instead, we incorporate 

the temporal information into the network. The proposed workflow processes 

each frame sequentially and obtains robust estimates by aggregating informa

tion from multiple frames. Given T successive frames { It : t = 1, ..., T}, our 

single frame body region detection network generates a sequence of heatmaps 

{Hi : t = 1, ..., T; l = 1, ..., L} of L body regions boundaries, where L = 7 in our 

work. We exploit temporal consistency of the heatmap Ht, and propose to use 

LSTM unit to capture temporal information.The LSTMs are fully integrated into 

the network used for single frame analytic, such that the multi-level image fea

tures and temporal dynamics can be learned jointly. More specifically, we aim 

to learn a nonlinear mapping fe from Hi to groundtruth heatmap H;•, where 0 

denotes the learnable parameters of LSTMs. The parameters can be learned by 
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minimizing the following regression loss: 

T L 

argmine LL Loss(H;•, fe(Hi) ), (6.3) 
1 1=1 

In our work, we use mean-squared error (MSE) as loss function between 

heatmaps. 

Our temporal recurrent network consists of 3-layer bidirectional LSTMs with 

1024 hidden states (512 for each direction). The video sequence fed into LSTM 

is within the real time effect, hence we used bidirectional model to enhance the 

performances. The heatmap for each body region boundary generated from 

single frame network is 2D and is converted to lD heatmap by average pooling 

along direction perpendicular to table longitudinal axis, since the network only 

needs to infer the horizontal position of each body region. A 2D dropout layer 

that zeros out entire channel of feature maps is applied to the 2D heatmaps 

before flattening to enhance generalization power of the network. The flattened 

heatmaps of all the body region boundaries are concatenated to form lD feature 

map for recurrent learning. The output of LSTMs will be reshaped and generate 

flattened heatmap for each body region boundary. 

For training, we use RMSprop optimizer that works very well in our exper

iments. We first train single frame network and recurrent network separately, 

and then perform joint finetuning with very low learning rate. A long sequence 

of same patient is split into multiple smaller windows of same size, and the 

last hidden states of LSTMs from the previous window will be passed to next 

window as initial states, to encourage ?long-term memory?. 
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6.3 Evaluation 

To validate the performance of our approach, we collected data using a 2D 

RGB camera mounted on the front of the CT scanner gantry from the hospital 

sites, which results in limited field of view and distortion. For our experiments, 

we collected data from 312 patients with different age, body shapes/sizes, and 

clothes. We manually labeled the key frames ( chosen by simple key frame selec

tion algorithm) of each video sequence and labeled each frame within each in

tervals using simple tranlation. Finally, we manually checked each video frame 

to make sure the quality of the groundtruth. The image size is of 640 by 480, 

and we annotate the body region boundaries on original resolution. For image 

processing, we resize image to be of resolution 160 by 120 and scale the annota

tions accordingly. Using different image size usually affect the result by a few 

point, here we report the best performing image size. Furthermore, due to the 

limit of processing time, the original size is not appropriate for this application, 

although, potentially it might give more information about the image. For data 

augmentation, we randomly shuffle each patient video and randomly shuffle 

the direction of each patients. For example, in one video, patients usually go in 

and out of scanner a few times. By simply reverse the order of the video frames, 

we can simulate this situation. Hence the patient appear symetrical on the table, 

we augmented our data with bottom-up flip. 

Our first experiment evaluated the patient presence detection accuracy. We 

collected 5,000 images for empty table and randomly sampled another 5,000 

images with patient present. 80% of the data in each class is used for training, 

and 20% of the data for test. The DenseNet yields an accuracy of 99.8% on the 

test data. 
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To evaluate body region detection accuracy, we report probabilistic metrics 

based on precision/recall. The distances are computed between predicted body 

region boundaries and corresponding groundtruth along the table longitudi

nal axis. With a distance tolerance level, we can calculate precision and re

call rates,for which true positive (TP) counts the number of detection that falls 

within the ground truth region, false positive (FP) is the number of detection 

that falls out of the ground truth region or when the body region boundary is 

not visible in the frame, and false negative (FN) is the number of missed detec

tion. We use F-score as follows to give a single probabilistic metric: 

2 x precision x recall
F-score = ---.-.---- (6.4)

prec1s10n + recall 

We can generate precision-recall curves by thresholding final heatmaps, and 

determine the maximal F-score for each body region detection. 

In our experiments, for each body region boundary, the tolerance distance 

is set to 5 pixels in image along the table longitudinal axis, with respect to 160 

pixels of image width (after resizing). 

In our experiment, the video sequences of 262 patients containing 31,584 

RGB images were used for training, and the video sequences of 50 patients con

taining 6,104 images were used for test. Note that the sequence length varies 

among different patients. 

Table 6.1: Results comparison of China dataset in terms of F-score. 

Methods Headtop Neck Shoulder Hip Groin Knee Ankle 
Stacked hourglass 0.91 0.88 0.90 0.73 0.72 0.71 0.85 
Single frame model 0.94 0.96 0.95 0.73 0.71 0.76 0.88 
Multi-frame model 0.94 0.96 0.95 0.76 0.74 0.77 0.89 
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For comparison, we included state-of-the-art human pose estimation algo

rithm, stacked hourglass in (Newell, Yang and Deng, 2016). Table 6.1 reports F

scores for body region detection using single frame based detection model, and 

sequential model. Each F-score shown here corresponds to the maximal F-score 

on the precision-recall curve. As we can see in Table 6.1, overall our single frame 

method outperforms stacked hourglass by a large margin. The headtop, neck 

and shoulder are deected with very high F-score using our method, as they are 

visible without occlusion more often. For hip and groin, due to clothing cover, it 

is more difficult to detect. Our temporal model attains noticeable improvement 

for detecting hip and groin. We do not see much difference for detecting head

top, neck and shoulder by multi-frame reasoning because single frame model 

already detects those regions very well. We also applied Kalman filter as post

processing to the predictions from single frame model obtained using optimal 

thresholds based on F-scores, and did not see improvement. That indicates sim

ple linear model is not able to capture the complex temporal dynamics in the 

presence of noise, clothing cover and truncation. 

6.4 Conclusion 

In this work, we present a technical approach to assist patient positioning with a 

monocular 2D RGB camera. Our workflow first detects the patient lying on the 

table and then detects the body regions that are important for patient position

ing. The images of patients often present limited field of view, large variability 

in appearance and lighting condition, as well as heavy occlusion due to cover

ing. To address these challenges, we propose a deep spatiotemporal neural net

work with human anatomical structural inference. Our approach is validated 
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with experiments conducted on clinical data containing video sequences about 

40K patient images. In addition to scanning workflow, the detection of patient 

pose and body region can be leveraged for patient observation or monitoring 

patient motion, which is among our future work. 



Chapter 7 

Research publications 

This sections contains publications during my research career at the computer 

science and engineering department at the University at Buffalo. 

1. Ruhan Sa, William Owens, Raymond Wiegand, Vipin Chaudhary, "Spine 

R-CNN: Automatic Landmark Detection in Spine X-ray Images", IEEE Transac

tion on Medical Imaging, 2018 (under preparation). 

2. Ruhan Sa, Jiangping Wang, Kai Ma, Vivek Singh, Birgi Tamersoy,Yao-jen 

Chang, Andreas Wimmer, Vipin Chaudhary, Terrence Chen "Assisted Patient 

Positioning with Monocular RGB Camera", SPIE Medical Imaging 2019 (under 

preparation). 

3. Ruhan Sa, William Owens, Raymond Wiegand, Mark Studin, Donald 

Capoferri, Kenneth Barooha, Alexander Greaux, Robert Rattray, Adam Hutton, 

John Cintineo, Vipin Chaudhary, "Intervertebral disc detection in X-Ray images 

using Faster R-CNN", EMBC 2017 
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4. Ruhan Sa, William Owens, Raymond Wiegand and Vipin Chaudhary, 

"Towards an affordable Deep Learning system: automated intervertebral disc 

detection in x-ray images", SPIE Medical Imaging 2017.(oral presentation) 

5. Ruhan Sa, William Owens, Raymond Wiegand, and Vipin Chaudhary. 

"Fast scale-invariant lateral lumbar vertebrae detection and segmentation in 

X-ray images." In Engineering in Medicine and Biology Society (EMBC), 2016 

IEEE 38th Annual International Conference of the, pp. 1054-1057. IEEE, 2016. 

6. Sijia Liu, Ruhan Sa, Orla Maguire, Hans Minderman and Vipin Chaud

hary, "Spot counting on fluorescence in situ hybridization in suspension images 

using Gaussian mixture model", SPIE Medical Imaging 2015. 
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