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a b s t r a c t 

We evaluate the accuracy of whole-body bone extraction from whole-body MR images using a number 

of atlas-based segmentation methods. The motivation behind this work is to find the most promising 

approach for the purpose of MRI-guided derivation of PET attenuation maps in whole-body PET/MRI. To 

this end, a variety of atlas-based segmentation strategies commonly used in medical image segmentation 

and pseudo-CT generation were implemented and evaluated in terms of whole-body bone segmentation 

accuracy. Bone segmentation was performed on 23 whole-body CT/MR image pairs via leave-one-out 

cross validation procedure. The evaluated segmentation techniques include: (i) intensity averaging (IA), 

(ii) majority voting (MV), (iii) global and (iv) local (voxel-wise) weighting atlas fusion frameworks im- 

plemented utilizing normalized mutual information (NMI), normalized cross-correlation (NCC) and mean 

square distance (MSD) as image similarity measures for calculating the weighting factors, along with 

other atlas-dependent algorithms, such as (v) shape-based averaging (SBA) and (vi) Hofmann’s pseudo- 

CT generation method. The performance evaluation of the different segmentation techniques was car- 

ried out in terms of estimating bone extraction accuracy from whole-body MRI using standard met- 

rics, such as Dice similarity (DSC) and relative volume difference (RVD) considering bony structures ob- 

tained from intensity thresholding of the reference CT images as the ground truth. Considering the Dice 

criterion, global weighting atlas fusion methods provided moderate improvement of whole-body bone 

segmentation (DSC = 0.65 ± 0.05) compared to non-weighted IA (DSC = 0.60 ± 0.02). The local weighed 

atlas fusion approach using the MSD similarity measure outperformed the other strategies by achiev- 

ing a DSC of 0.81 ± 0.03 while using the NCC and NMI measures resulted in a DSC of 0.78 ± 0.05 and 

0.75 ± 0.04, respectively. Despite very long computation time, the extracted bone obtained from both SBA 

(DSC = 0.56 ± 0.05) and Hofmann’s methods (DSC = 0.60 ± 0.02) exhibited no improvement compared to 

non-weighted IA. Finding the optimum parameters for implementation of the atlas fusion approach, such 

as weighting factors and image similarity patch size, have great impact on the performance of atlas-based 

segmentation approaches. The voxel-wise atlas fusion approach exhibited excellent performance in terms 

of cancelling out the non-systematic registration errors leading to accurate and reliable segmentation re- 

sults. Denoising and normalization of MR images together with optimization of the involved parameters 

play a key role in improving bone extraction accuracy. 

© 2016 Elsevier B.V. All rights reserved. 
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1. Introduction 

The emergence of hybrid imaging techniques, such as PET/CT

and PET/MRI in clinical practice engendered a number of new clin-

ical and research opportunities and improved the quantitative ac-

curacy and diagnostic confidence of PET findings ( Judenhofer et al.,

2008 ). A number of active research groups are focusing their ef-
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orts on addressing the challenges of combined PET/MRI, encom-

assing instrumentation developments, optimization of workflow

nd data acquisition protocols and the improvement of the quan-

itative performance of both imaging modalities ( Zaidi and Del

uerra, 2011 ). Beside the precious anatomical information provided

y CT or MRI, additional information that can be extracted from

hese images, such as attenuation properties of body tissues and

otion information can be exploited for correction of emission

ata and quantitative PET image reconstruction. However, MRI-

uided attenuation correction in whole-body PET/MRI proved to be
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 challenging issue and has therefore remained an active and open

esearch question during the last decade ( Mehranian et al., 2016 ).

ommercially available PET/MR scanners employ tissue classifica-

ion methods, which rely on segmentation of MR images into tis-

ue classes and assigning uniform linear attenuation coefficients to

ach tissue class ( Martinez-Moller et al., 2009 ; Arabi et al., 2015 ).

he major drawback of such methods, particularly in the context

f whole-body imaging, lies in ignoring bones as a separate tissue

lass. Since bone tissue generates a void signal when using com-

on MR sequences, it is indistinguishable from air. As such, bony

tructures are commonly replaced by soft-tissue in current meth-

ds, thus leading to significant underestimation of tracer uptake

n the vicinity of bony structures ( Bezrukov et al., 2013 ; Hofmann

t al., 2011 ). 

A number of techniques have been proposed to consider bone

issue during attenuation correction (AC) in whole-body PET/MRI.

asically two categories have emerged: atlas-guided attenuation

ap generation approaches ( Hofmann et al., 2011 ; Bezrukov et al.,

013 ; Arabi and Zaidi, 2016a ; Marshall et al., 2013 ; Arabi and

aidi, 2016b ) and emission-based approaches ( Rezaei et al., 2012 ;

ehranian and Zaidi, 2015 ). Atlas-guided methods primarily rely

n prior information provided by registration of an atlas into tar-

et image coordinates to allow classification of bone tissues. Direct

egmentation of bones from MR images, particularly in whole-body

maging, is a difficult task owing to anatomical complexity, low

uality and high noise level of dedicated MR sequences used for

he purpose of AC ( Hofmann et al., 2008 ). Atlas-guided segmenta-

ion has been successfully applied in various image segmentation

asks using a wide variety of imaging modalities ( Lorenzo-Valdés

t al., 2004 ). In principle, each individual atlas image transformed

o the coordinates of the target image is regarded as potential can-

idate. It has, however, been proven that using the information

rom multiple atlas images leads to more accurate results ( Svarer

t al., 2005 ). The information obtained from several atlas images

an be pooled into an average atlas or into a so called probabilistic

tlas ( Rohlfing et al., 2001 ; Svarer et al., 2005 ). However, there is a

rend to take full advantage of multiple atlas images at hand by ex-

loiting pattern recognition techniques to identify morphologically

imilar cases in the atlas dataset during the multi-atlas fusion pro-

ess. This dramatically reduces non-systematic registration errors

nd improves the accuracy of the segmentation ( Artaechevarria

t al., 2009 ). 

Various strategies were proposed to incorporate bone tissue

n PET/MRI attenuation maps in whole-body imaging ( Hofmann

t al., 2011 ; Bezrukov et al., 2015 ; Ay et al., 2014 ; Arabi and Zaidi,

016a ; Bezrukov et al., 2013 ; Marshall et al., 2013 ; Paulus et al.,

015 ). In whole-body imaging, almost all proposed methods, ex-

ept joint attenuation-activity reconstruction techniques, rely on

rior knowledge present in atlas images to predict bone from MRI.

oreover, owing to long acquisition time, application of ultra-short

cho time (UTE) ( Keereman et al., 2010 ) or zero time echo (ZTE)

 Delso et al., 2015 ) sequences are still limited to brain imaging

single bed position). Atlas-guided segmentation has been success-

ully applied in various image segmentation tasks using different

maging modalities, particularly for cases with very low contrast

o the surrounding tissues ( Lorenzo-Valdés et al., 2004 ). Atlas-

ased methods are of special interest since they have so far exhib-

ted superior performance in terms of bone identification ( Burgos

t al., 2014 ) particularly in whole-body imaging ( Hofmann et al.,

011 ). Burgos et al. (2014 ) demonstrated superior performance of

tlas-based methods in CT synthesis and PET quantitative accuracy

ompared to a segmentation method using an UTE MRI sequence

n brain imaging. Likewise, Mehranian et al. (2016 ) demonstrated

hat atlas-based methods provide the most accurate attenuation

aps compared to simultaneous activity-attenuation estimation

nd state-of-the-art 3-class segmentation method. In whole-body
maging, Hofmann et al. (2011 ) proposed an atlas-based method

ombined with a pattern recognition technique, which resulted in

ess than 10% uptake error on average, thus outperforming stan-

ard segmentation methods in whole-body imaging. Marshall et al.

2013 ) evaluated a method enabling to incorporate bony structures

nto attenuation maps based on a fast atlas-based approach. By in-

luding bone, the magnitude of the relative error was reduced to a

ange acceptable in clinical setting. 

Various atlas-based methods were independently developed

nd evaluated using different MRI sequences, different atlas

atasets in terms of sample size, patient variability, field of view

nd body region, different MRI quality (noise level or acquisi-

ion time) and evaluation procedures and metrics. Although there

s substantial literature reporting promising results achieved by

tlas-based methods, the performance of these techniques still re-

uires further investigation based on a common ground. Therefore,

 comparison of various atlas-based strategies provides a valuable

nsight into their application to attenuation correction in PET/MRI. 

Since the delineation of bones is the most challenging task

n whole-body MRI-guided attenuation map generation, we fo-

used our comparison of the various pseudo-CT generation ap-

roaches and atlas-based segmentation methods on the accuracy

f extracted whole-body bone. To this end, we selected and imple-

ented a number of conventional atlas-based segmentation meth-

ds, such as majority voting, intensity averaging, global and lo-

al weighting atlas fusion strategies together with Hofmann’s al-

orithm (proposed for whole-body PET/MR attenuation map gen-

ration) and shape-based averaging (SBA) technique. In addition

o the comparison of the different segmentation techniques, our

oal is to select the most promising algorithm for attenuation cor-

ection in whole-body PET/MRI. The very preliminary results of

his work have been previously published ( Arabi and Zaidi, 2014 ).

he present article presents a substantial extension of the previ-

us work through the implementation and comparison of a higher

umber of algorithms using a larger database of clinical studies

nd reporting more detailed quantitative analysis of the data. 

. Materials and methods 

.1. Atlas-based segmentation 

The objective of atlas based segmentation is to provide label-

ng of unknown tissue classes on the target image. Consider the

egmentation of an image with potentially L different classes be-

onging to a label set Label = {1, 2, …, L }. In the case of bone seg-

entation, the number of classes is confined to L = 2 where label

 stands for background and label 2 represents bony structures.

ere, a set of 3-D MR images Amr n along with their corresponding

ligned CT images Act n are considered as atlas images. An atlas-

ased classifier is defined by a set of atlas images Amr n n = 1, …,

 and transformation matrices ( M n ) which map coordinates from

he target image T to the atlas images n: M n : R 

3 → R 

3 . Since bone

egmentation can be simply carried out by intensity thresholding

f CT images, Act n images act as candidates for tissue labeling of

he target MR image of T . Applying a given transformation matrix

 n to an atlas image Act n yields an estimated segmentation of the

arget subject T An where a set of segmentation candidates T An n = 1,

, N must be combined to form the final estimated bone segmen-

ation T s . Atlas-based segmentation can be regarded as the classi-

cation of X unordered samples where the candidate n assigns x

o class l ∈ Label . The output of N independent classifiers can be

ombined to generate a single response of the combination strat-

gy, E(x). The aim of building an ensemble classifier is to achieve

 higher probability of correctly classifying the voxels of the image

han that obtained by using an individual classifier maximizing the

robability given all classifier decisions T and a classifier perfor-
An 
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mance model C ( Eq. 1 ) ( Rohlfing et al., 2004b ). 

E ( x ) = a rg max 
l 

P ( x = l | T A 1 , . . ., T A N , C ) (1)

2.2. PET/CT and PET/MR data acquisition 

The study population comprised N = 23 consecutive patients, 15

men and 8 women (mean age ± SD = 60 ± 8 y), refereed to our

department for MRI of the head and neck, whole-body 18 F-FDG

PET/MRI and whole-body 18 F-FDG PET/CT for staging of head and

neck malignancies. The study protocol was approved by the in-

stitutional ethics committee and all patients gave their informed

consent to participate in the study. 18 F-FDG PET/CT scans were

performed on a Biograph 64 True Point scanner (Siemens Health-

care, Erlangen, Germany). The CT subsystem consists of a 40-

row ceramic detector with 1344 channels per row using adap-

tive collimation and the z-sharp technique to acquire 64 slices

per rotation. After a localization scout scan, an unenhanced CT

scan (120 kVp, 180 mAs, 24 × 1.5 collimation, a pitch of 1.2, and

1 s per rotation) was performed for attenuation correction and

localization. The typical acquisition time for whole-body CT was

less than 10 s. PET/MRI examinations were performed on the In-

genuity TF PET/MR, a sequential system consisting of a whole-

body time-of flight (TOF) GEMINI TF PET and a 3T Achieva TX

MRI separated by a distance of 3 m sharing a common rotat-

ing table platform ( Zaidi et al., 2011 ). The gradient system value

and the slew rate are 40 mT/m and 100 mT/m/s, respectively. The

coils used for MR imaging include a SENSE neurovascular 16-

channel coil for head and neck and a quadrature body coil for total

body scanning. Whole-body Dixon examinations were performed

on the 3T Achieva TX MRI of the Ingenuity TF PET/MR scanner.

The whole body Dixon 3D volumetric interpolated T1-weighted se-

quence ( Dixon, 1984 ) was acquired using the following parameters:

flip angle 10 °, TE 1 1.1 ms, TE 2 2.0 ms, TR 3.2 ms, 450 × 354 mm 

2 

transverse FOV, 0.85 × 0.85 × 3 mm 

3 voxel size, and a total acqui-

sition time of 2 min 17 s. Both MRI and CT acquisitions were per-

formed in free shallow breathing. This sequence produced in-phase

and opposed-phase images that are then added together to obtain

water only images, and subtracted to get fat-only images. In-phase

images were used for the assessment of whole-body bone segmen-

tation. 

Due to temporal separation between MRI and CT acquisitions,

in-phase MRI were deformably registered to the corresponding CT

images using the Elastix framework based on the ITK library ( Klein

et al., 2010 ) using a combination of rigid registration based on

maximum mutual information and non-rigid registration as de-

scribed previously ( Akbarzadeh et al., 2013 ). MRI and CT acquisi-

tions were performed with the same patient positioning to mini-

mize non-rigid deformation. However, in case of alignment errors

owing for instance to breathing motion, the registration parame-

ters were adjusted to achieve acceptable results. In case of gross

registration errors, the studies were excluded. 

2.3. Data preprocessing 

Clinical whole-body MR images contain a relatively high level

of noise and are commonly corrupted by low frequency bias field

and inter-patient intensity inhomogeneity ( Lötjönen et al., 2010 ).

As will be described in the following section, bone segmentation

procedures entail direct handling of MR image intensity. As such,

the presence of aforementioned sources of intensity variation in

MR images might skew bone segmentation accuracy. To overcome

these prospective sources of error, in-phase MR images of all pa-

tients underwent some pre-processing procedures in the following

order: 
• Gradient anisotropic diffusion filtering to suppress noise using

the following parameters: conductance = 4, iterations = 10 and

time step = 0.01. This algorithm smoothes regions of an image

where the gradient magnitude is relatively small (homogenous

regions) but diffuses little over areas of the image where the

gradient magnitude is large (i.e., edges). Therefore, the central

regions of objects are smoothed but their edges are blurred to

a lower extent. 
• N4 bias field correction ( Tustison et al., 2010 ) to remove mag-

netic field inhomogeneity effect: Bspline grid resolution = 400,

number of iteration = 200 (at each grid resolution), convergence

threshold = 0.001, Bspline order = 3, Spline distance = 400,

number of histograms = 256 and shrink factor = 3. 
• Histogram matching ( McAuliffe et al., 2001 ): Histogram

level = 1024 and match points = 128. In order to get the best

result from histogram matching, it is recommended to exclude

background air voxels of both reference and target images be-

fore processing. 

The bone segmentation procedure requires the binary mask of

egmented background air to save processing time. To this end,

he external body contour was determined by applying a 3D ac-

ive snake contour algorithm on in-phase MR images ( Kass et al.,

988 ). The segmentation process begins by manual selection of the

nitial seeds in the background using the ITK-SNAP image process-

ng software ( Yushkevich et al., 2006 ). 

.4. Label fusion strategies 

This study contains 23 pairs of co-registered in-phase MRI

ixon and CT images. All MR images were processed according to

he procedure described in Section 2.3 . Using the leave-one-out

ross-validation (LOOCV) method, for each subject, images of the

emaining N-1 (i.e. 22) patients are non-rigidly warped to the co-

rdinates of the target image. Image registration was carried out

sing the Elastix package (based on the ITK library) ( Klein et al.,

010 ) through a combination of affine and non-rigid alignment

ased on the advanced Mattes mutual information as described

n previous work ( Akbarzadeh et al., 2013 ). The following param-

ters were adopted: interpolate: Bspline, optimizer: standard gra-

ient descent, image pyramid schedule: (16 8 4 2 2), grid spacing

chedule (32.0 16.0 8.0 4.0 2.0), maximum number of iterations

4096 4096 2048 1024 512), number of histogram bins: 32. The ob-

ained transformation matrices from the registration between atlas

nd target MR images were applied to the corresponding atlas CT

mages. For each target image, 22 candidate CT images are avail-

ble from which bone can be segmented by intensity thresholding

sing a threshold of 180 HU. This work focuses on how well the

abel fusion strategies can pool the information from 22 segmen-

ation candidates to maximize the final bone extraction accuracy.

n the following sections, we describe in detail label fusion strate-

ies commonly used in atlas-based segmentation. 

.4.1. General averaging 

A commonly used approach for pseudo-CT generation and seg-

entation of anatomical structures is to simply calculate the arith-

etic average of the aligned atlas images ( Rohlfing et al., 2001 ;

ohlfing et al., 2004a ). In our case, general arithmetic averaging

s performed by computing the intensity average of N = 22 aligned

tlas CT images ( Eq. 2 ). There is no selective or weighting strategy

n this approach and all atlas images (regardless of their morpho-

ogical similarity to the target subject) contribute equally to bone

xtraction process. 

 a v = 

1 

N 

N ∑ 

n =1 

T An Bn ( x ) = 

{
1 , if T a v ( x ) > 180 

0 , otherwise 
(2)
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Here T An is the n th aligned atlas CT image to the target image

. As mentioned earlier, bone segmentation ( B n ) can be performed

y applying intensity thresholding to the average image, T av . Here-

fter, we call this approach intensity averaging (IA), meaning bone

egmentation is performed after the averaging process. 

The same task can be achieved by the well-known majority

oting framework where instead of taking the average intensity

f aligned atlas CT images, each CT image is converted to a bi-

ary bone mask ( T Sn ) followed by the averaging process. The voxel

he majority of classifiers agree on is labeled as bone ( Eq. 3 )

 Heckemann et al., 2006 ; Artaechevarria et al., 2009 ; Yushkevich

t al., 2010 ; Artaechevarria et al., 2008 ). 

 Sa v = 

1 

N 

N ∑ 

n =1 

T Sn B ( x ) = 

{
1 , if T Sa v ( x ) > 0 . 5 

0 , otherwise 
(3) 

T Sav is also called bone probability map where values of 1 and

 indicate that all the atlases unanimously predict bony and non-

ony tissues for that voxel, respectively. 

It is hypothesized that the number of atlas images N has a ma-

or impact on the accuracy of extracted bone ( Heckemann et al.,

006 ). To evaluate this feature, bone segmentation was carried out

or various numbers of atlases selected randomly among the 22

atient datasets. 

Conventional multi-atlas segmentation approaches entails N on-

ine registrations between target and atlas images. A number of

tudies utilized only one single atlas image or template (obtained

rom taking the average of population) is utilized to delineate the

natomical structures in the target image after warping the atlas

mage to the target coordinates to reduce the computation time

 Rohlfing et al., 2004a ; Heckemann et al., 2006 ). Consequently, this

pproach requires only one online registration, which makes it

omputationally efficient. The performance evaluation of the sin-

le atlas approach is of special interest since it introduces a trade-

ff between computational time and the quality of the outcome

ompared to conventional multi-atlas approach. The single atlas

pproach, referred as “single atlas image” in Table 4 , was com-

ared to various multi-atlas approaches. To evaluate the accuracy

f this approach, an iterative atlas generation framework was uti-

ized via the LOOCV scheme ( Rohlfing et al., 2001 ). In summary,

n MR image belonging to the patient with the median body mass

ndex of the population was selected as the initial atlas for atlas

pace alignment. The initial iteration contains the registration of

ther MR images to the selected atlas using the sequential affine

nd non-rigid registration procedure described in Section 2.4 . At

he end of each iteration, the new average atlas is generated and

sed in the subsequent iteration. Since the template obtained from

he previous iteration serves better as common/reference spatial

oordinate, after each iteration, the obtained template would be

ore representative for the target subject. In the present work, we

sed five iterations and the final transformation field was applied

n the corresponding CTs to yield the average CT atlas. In the last

tep, the average MRI atlas is non-rigidly aligned to the target MRI

nd bone segmentation is carried out on the warped average CT

mage. As mentioned earlier, this approach requires only one on-

ine registration and the atlas creation is performed offline. 

.4.2. Global weighting 

The methods described in Section 2.4.1 do not involve any

trategy to detect and consequently discard miss-registration er-

ors. Registration errors occur due to local minima, inter-patient

natomy variability and presence of noise, which might incur

ross mismatch on the resulting images ( Svarer et al., 2005 ). One

trategy to overcome the misalignment error consists in assign-

ng weights to the atlas images globally (as opposed to local or

oxel-wise approach) on the basis of morphological similarity be-

ween target and atlas images. By this approach, aligned atlas
mages presenting the higher degree of anatomy and pose simi-

arities contribute more effectively to the resulting segmentation

 Artaechevarria et al., 2009 ; Chandra et al., 2012 ; Ying et al., 2013 ;

rtaechevarria et al., 2008 ). The first step toward weighted atlas-

ased segmentation consists in developing a similarity criterion

etween the target image and aligned atlas images. Normalized

utual information (NMI), normalized cross correlation (NCC) and

ean square distance (MSD) are the most common similarity mea-

ures used for implementation of weighted atlas-based segmenta-

ion ( Yushkevich et al., 2010 ; Artaechevarria et al., 2008 ). These

imilarity measures are briefly described below. Normalized mu-

ual information is defined as: 

M I = 

H ( T ) + H ( M ( Am r n ) ) 

H ( T , M ( Am r n ) ) 
(4) 

here H(T) is the entropy of image T and H(T,M(Amr n )) indicates

he joint entropy of both images. The entropy of an image can be

omputed from its histogram h(x) as: 

 ( T ) = −
F ∑ 

i =1 

h ( c i ) lo g 2 h ( c i ) 

here F is the number of histogram bins and c i corresponds to the

entroid of the i th histogram bin ( Wells et al., 1996 ). 

The normalized cross-correlation between the two images is

efined as: 

C C = 

C ov ( T , M ( Am r n ) ) √ 

V ar ( T ) . 
√ 

V ar ( M ( Am r n ) ) 
(5) 

here Cov(T, M (Amr n )) is the covariance of the images and Var(T)

ndicates the variance of the image T . 

The mean square distance is simply the intensity difference be-

ween two images. Here, we used the following formulation to

easure the intensity similarity between the target MR image ( T)

nd the co-registered atlas MR images ( M(Amr n ) ) . X denotes the

otal number of image voxels. 

 SD = 

X ∑ X 
x =0 | T ( x ) − M ( Am r n ( x ) ) | 2 

(6) 

Previously published works in the realm of multi-atlas based

egmentation employed various ways of incorporating weighting

actors in either majority voting (MV) or intensity averaging (IA)

abel fusion schemes. In this work, we examined three most com-

only used schemes for whole-body bone segmentation through

lobal weighting. Each of these schemes can be performed us-

ng either of three above introduced similarity criteria. Ying et al.

2013 ) exploited NMI similarity measure to identify similar atlas

mages via the following equation for the purpose of bone ele-

ents segmentation of hip and femur from MR images. 

 n = 

SM ( T , M ( Am r n ) ) − mi n m 

[ SM ( T , M ( Am r m 

) ) ] 

ma x m 

[ SM ( T , M ( Am r m 

) ) ] − mi n m 

[ SM ( T , M ( Am r m 

) ) ] 

subject to w n ≥ � (7) 

Here SM can be any similarity measure criterion (NMI, NCC and

SD) between the target MR image and transformed atlas images

mr n . The min and max of the SM are calculated among all atlases

o normalize the weighing factor w . After obtaining the weight-

ng factor w , the next step is to select the atlases which satisfy the

ondition w ≥ � ( 0 ≤ �≤ 1 ), where � is the threshold used to dis-

ard poorly performing atlases. Therefore, the weighted average of

tlases T av can be calculated using the following formulation: 

 a v = 

1 

Nr 

N ∑ 

n =1 

w n . T An Bn ( x ) = 

{
1 , if T a v ( x ) > 180 

0 , otherwise 
(8) 

r is the normalization factor obtained by Nr = 

∑ N 
n =1 w n . The ma-

ority voting scheme ( Artaechevarria et al., 2009 ) can be adapted
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for this purpose as: 

T Sa v = 

1 

Nr 

N ∑ 

n =1 

w n . T Sn Bn ( x ) = 

{
1 , if T Sa v ( x ) > 0 . 5 

0 , otherwise 
(9)

Ying et al. (2013 ) utilized only NMI similarity measure along

with a fixed threshold �= 0.9 while in our work all three simi-

larity criteria and a variable threshold were examined for the both

MV and IA schemes in order to determine the optimal threshold

value and the most efficient similarity measure. 

The second approach to incorporate the similarity weights in

the atlas fusion process is through gain exponent. In this case, the

weighting factor is defined as w = SM(T,M(Amr n )) P , where the gain

exponent P might be increased if the similarity measure is not sen-

sitive enough to provide appropriate differences between weights

( Artaechevarria et al., 2009 ). The weighting factor w can be incor-

porated either in Eqs. (8) or ( 9 ). Presently, our aim is to find the

optimum value of the gain exponent P for the three similarity cri-

teria via IA and MV schemes. 

The third atlas weighting scheme is based on Yushkevich et al.

(2010 ) work which assumed that the range of similarity measures

can vary quite dramatically between subjects and locations. The

same scheme was used by Burgos et al. (2013 ) for pseudo-CT gen-

eration in the head region. As such, a ranking scheme is proposed

whereby the similarity measure value for each transformed atlas

is ranked across all atlases. Let’s suppose that ranked atlases are

denoted as R n . The conversion to the weight is performed by ap-

plying an exponential decay function. 

w n = e −a R n 10 (10)

where R n denotes the ranked atlas indices (e.g. 1, 2, 3, …) and a

is a weighting parameter to be optimized. By adopting the rank-

ing scheme, the training subject that best matches the target sub-

ject is given a weight of 1. The training subject with the second

best match is assigned a weight e −a and so on. Thus, the seg-

mentation can be performed by applying the weighting factor w n 

to Eqs. (8) and ( 9 ). Here, the ranking process was repeated three

times using the NMI, NCC and MSD similarity measures and for

each one the optimum parameter a , which maximized the accu-

racy of segmented bone was determined. 

In some studies, the most similar subject is selected for either

MRI segmentation or attenuation map generation in PET/MRI to re-

duce the computation time ( Rohlfing et al., 2004a ; Marshall et al.,

2013 ). The most similar atlas can be determined before the reg-

istration process on the basis of meta-data and image processing

features ( Marshall et al., 2013 ). In our work, the most similar sub-

ject to the target image was determined after the registration pro-

cess using the three aforementioned similarity measures and the

extracted bone was validated for each one. 

2.4.3. STAPLE 

A well-established approach aiming at maximizing multi-atlas

based segmentation accuracy is Simultaneous Truth and Perfor-

mance Level Estimation (STAPLE) ( Warfield et al., 2004 ). A num-

ber of studies using multi-atlas based segmentation employed STA-

PLE algorithm to find the optimal combination of segmentations

suggested by the different classifiers ( Artaechevarria et al., 2009 ;

Artaechevarria et al., 2008 ). STAPLE is an expectation-maximization

algorithm for simultaneous truth and performance level estimation

that considers a collection of segmentations and computes a prob-

abilistic estimate of the true segmentation and a measure of the

performance level represented by each segmentation. The source

of each segmentation in the collection may be an appropriately

trained human rater (or raters), or an automated segmentation al-

gorithm, such as registered atlas classifiers. The probabilistic esti-

mate of the true segmentation is formed by estimating an opti-
al combination of the segmentations, weighting each segmenta-

ion depending upon the estimated performance level, and incor-

orating a prior model of the spatial distribution of structures be-

ng segmented as well as spatial homogeneity constraints ( Warfield

t al., 2004 ). The STAPLE algorithm estimates a ground truth bone

ap from given bone atlas binary maps ( T Sn ). Let θn be a matrix

here each element describes the probability that atlas n labels a

oxel as bone ( b ) when the true label is s ( θn (b,s )). The perfect at-

as will have a probability matrix ( θn ) equal to the identity matrix.

et θ = [ θ1 … θN ] be the unknown set of all probability matrices

haracterizing all atlas images ( N ) and B = [B 1 …B N ] be a vector rep-

esenting the unknown ground truth bone label map and D be an

 × N matrix ( V is the number of image voxels) whose columns in-

icate the N unknown segmentations. STAPLE estimates the ground

ruth bone segmentation ( B ) as well as the parameter matrix ( θ )

y maximizing the log likelihood f = ( D, B | θ ) using the expectation

aximization algorithm ( Warfield et al., 2004 ). 

Since the implementation of STAPLE algorithm is not very

traightforward and is computationally demanding, Martin-

ernandez et al. (2005 ) proposed Williams’ index whereby the

lassifiers are assigned weights based on mutual similarity with

ther classifiers and the general consensus agreed on by all

lassifiers. Williams’ index is defined as: 

 n = 

( N − 2 ) 
∑ N 

i � = n a ( T An , T Ai ) 

2 

∑ N 
i � = n 

∑ i 
k � = n a ( T Ai , T Ak ) 

(11)

here N is the number of classifiers or atlases, T An denotes the

egmented bone provided by the n th atlas and a(T An ,T Ai ) is the

greement between the classifier T An and T Ai over all image vox-

ls. Various agreement measures can be used; a few of them will

e defined in Section 2.5 . We used the Dice similarity coefficient

 Dice, 1945 ) for this purpose. In case the atlas n generates an index

 I n ) greater than one, it can be concluded that the performance of

his atlas coincides with the majority of the other atlases. There-

ore, this index can be used to select effective atlases ( Williams,

976 ). The evaluation performed in Martin-Fernandez et al. (2005 )

emonstrates that the output of STAPLE analysis and Williams’ in-

ex are similar. In this work, we implemented both algorithms to

ompare their performance in terms of segmentation accuracy. 

.4.4. Local weighting 

The voxel-wise weighting procedure is carried out similarly to

he global weighting scheme, except that the similarity measure

etween the target image and transformed atlas is obtained inde-

endently for each voxel within its surrounding image patch ( D ).

he same image similarity criteria (NMI, NNC and MSD) used in

lobal weighting are utilized here, except that the searching win-

ow parameter D (patch size) introduced above needs to be op-

imized. As such, the NMI similarity measure between the target

R image T and the n th transferred atlas image M(Amr n ) for voxel

 considering its D neighborhood is defined as: 

M I D ( x ) = 

H D ( T ) + H D ( M ( Am r n ) ) 

H D ( T , M ( Am r n ) ) 
(12)

The fast convolution-based approach proposed by Cachier et al.

2003 ) is used to compute the local normalized cross-correlation

LNCC). 

LNC C D ( x ) = 

∑ 

D 

T , M ( Am r n ) x 
σ ( T ) x . σ ( M ( Am r n ) ) x 

where σ ( T ) x = 

√ 

T 2 x − T x 
2 

T̄ x = K G ∗ T x 

 

T , M ( Am r n ) x 〉 = T .M ( Am r n ) x − T̄ x . M ( Am r n ) x (13)

here K G and 

∗ denote the Gaussian kernel and convolution oper-

tor, respectively. A Gaussian kernel with standard deviation equal
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o 3 voxels (4 mm) was adopted in this study. The MSD image sim-

larity over the image patch D is defined as: 

 S D D ( x ) = 

D ∑ 

x ∈ D | T ( x ) − M ( Am r n ( x ) ) | 2 
(14) 

Voxel-wise weighting atlas fusion using the gain exponent was

sed in Artaechevarria et al. (2009 ) for brain MR image segmenta-

ion. The gain exponent is used to boost the sensitivity of the sim-

larity measure across the atlas dataset. The weighing factor would

ave the form w n (x) D = SM D (T,M(Amr n )) x 
P . SM D could be any of the

mage similarity criteria (NMI, LNCC and MSD) calculated over the

lock D centered at voxel x . The obtained weighting factor could

e incorporated in IA or MV schemes as: 

 a v ( x ) D = 

1 

Nr 

N ∑ 

n =1 

w n ( x ) D . T An ( x ) 

Bn ( x ) = 

{
1 , if T a v ( x ) D > 180 

0 , otherwise 
(15) 

 Sa v ( x ) D = 

1 

Nr 

N ∑ 

n =1 

w n ( x ) D . T Sn ( x ) 

Bn ( x ) = 

{
1 , if T Sa v ( x ) D > 0 . 5 

0 , otherwise 

Nr = 

N ∑ 

n =1 

w n ( x ) D (16) 

The second approach for calculating the weighting factors is

imilar to that described in Section 2.4.2 as ranking scheme. The

nly difference is that the ranking step must be performed for each

mage voxel (considering the surrounding voxels in the window D )

ather than the entire atlas image across the whole dataset. After

alculating the voxel-wise ranking vector R(x) D on the basis of im-

ge similarity criteria, the weighting factor is obtained via: 

 n ( x ) D = e −aR ( x ) D (17) 

Again, this weighting factor can be replaced either in Eq. (15) or

 16 ) to perform the final segmentation step. The same local

eighting atlas fusion strategy was exploited by Burgos et al. for

ttenuation map synthesis in brain PET/MRI ( Burgos et al., 2013,

014 ). 

Another strategy for utilizing voxel-wise similarity considers

nly the information of the most similar voxel. To this end, after

omputing the voxel-wise ranking vector R(x) D , only the intensity

nformation (or segmentation label) of the foremost voxel is as-

igned to the final segmented image. From now on, this is referred

o as the most similar voxel (MSV). 

In this section, three voxel-wise atlas fusion schemes were in-

roduced with the aim to seek the optimal value of their free pa-

ameters, namely P, a and D. To fulfill this endeavor, we first calcu-

ated the image similarity measure between the target and any of

he atlas images using NMI, LNCC and MSD formula for a searching

indow D = 10 mm (in each direction x, y and z). Then, at a fixed

alue of D , the optimal values of the parameters P and a were de-

ermined. In the next step, the obtained optimal values of the pa-

ameters P and a were kept fixed to find the optimal value of D . 

.4.5. Hofmann’s approach 

Hofmann et al. (2011 ) proposed an approach of generating

hole-body pseudo-CT images from MRI. This method relies on a

ombination of atlas registration and pattern recognition via Gaus-

ian process regression (GPR) ( Hofmann et al., 2008 ). Atlas regis-

ration process might fail to match the target patient perfectly be-

ause of local minima of non-rigid deformation energy function. To
lleviate the adverse effect of the local signal mismatch, the nearby

exture information of a given voxel was fed into a GPR via the

atch of surrounding voxels to predict more accurate pseudo-CT

alues. To this end, a set of MRI/CT pairs are non-rigidly aligned

o the target MR image and then the GPR kernel is formed using

he local image patches on target and atlas images. In addition, 5-

lass segmentation (background air, lung, fat, fat & non-fat mixture

nd non-fat tissue) is performed on in-phase MR images ( Bezrukov

t al., 2013 ; Hofmann et al., 2011 ) and the corresponding patch in-

ormation is used into the GPR kernel through Eq. (18) . 

 

(
d i , d j 

)
= exp 

( ∥∥−W ( P MR,i ) − W 

(
P MR, j 

)∥∥2 

2 σ 2 
MR,patch 

) 

× exp 

( ∥∥−X i − X j 

∥∥2 

2 σ 2 
pos 

) 

× exp 

( ∥∥−W 

(
P Seg,i 

)
− W 

(
P Seg, j 

)∥∥2 

2 σ 2 
Seg,patch 

) 

(18) 

here d = (P MR , P Seg , X) while P MR and P Seg are sub-volume patches

rom the in-phase MR image and 5-class segmented MR image, re-

pectively. W is a weighting vector with higher value for central

oxels in the patch relative to surrounding voxels, X is the train-

ng and test patch center position. The parameters σ pos, σ MR , patch 

nd σ Seg,patch determine how the overall kernel value is influenced

y similarity in position and patch intensity value in MRI and 5-

lass segmentation image. The training is performed on the sam-

les d drawn from random locations in the atlas database. Finally,

q. (19) is used to calculate the pseudo-CT value of a given voxel.

 l = k T C −1 y (19) 

here c l denotes the calculated pseudo-CT value of the voxel of

nterest l. k l = k(d i ,d l ) stands for a ( n × 1 ) vector where d i = (P MR,i ,

 Seg,i , X i ) is the information extracted from the patches of the MRI

tlases and d l = (P MR,l , P Seg,l , X l ) indicates the information obtained

rom the patches of the target MRI. C = k(d i ,d j ) represents the co-

ariance matrix ( n × n ) obtained from Eq. (18) using d i and d j 
atches on the MRI atlases. y is an ( n × 1 ) vector containing CT

alues corresponding to the central voxel of training patches d i . 

.4.6. Shape-based averaging 

Shape-based averaging (SBA), categorized as an atlas-based

egmentation technique, is a voting scheme where each vote is

eighted by the signed Euclidean distance computed for each in-

ut label. SBA voting is the only method incorporating spatial in-

ormation in the label fusion process ( Rohlfing and Maurer, 2007 ).

et d n (x) denote the signed Euclidean distance of voxel x from the

earest surface voxel with bone label in the n th atlas segmen-

ation. A negative value of d n (x) corresponds to the inside bony

tructure of the n th atlas while a positive value implies that x is

ocated outside. A value equal to zero is obtained if and only if

oxel x is on the surface of bony structure. In effect, the signed

uclidean distance provides a probability map for the presence of

one based on every single atlas segmentation. By computing the

istance maps of bony structures in all aligned atlas images, the

verage distance of a given voxel x from the bone surface is ob-

ained from: 

D ( x ) = 

1 

N 

N ∑ 

n =1 

d n ( x ) (20) 

Interested readers are referred to Rohlfing and Maurer Jr (2005 )

or more details on implementation of the SBA algorithm. 

In addition to the spatial weight that is assigned to each voxel

sing the SBA algorithm on the basis of the Euclidean distance, the



104 H. Arabi, H. Zaidi / Medical Image Analysis 36 (2017) 98–112 

Table 1 

Comparison of validation measures (mean ±SD), including Dice similarity (DSC), relative volume distance (RVD), Jaccard sim- 

ilarity (JC), sensitivity (S) and mean absolute surface distance (MASD) between the bone extracted from different methods of 

global weighting atlas fusion using intensity averaging (IA) and majority voting (MV) approaches together with the optimum 

weighting parameters �, P and a for MI, NCC and MSD image similarity measures. ( ∗) indicates P -value < 0.05 according to 

the paired t -test analysis. 

Similarity measure Weighting parameter DSC RVD(%) JC S MASD(mm) 

NMI 

IA �= 0.50 0.64 ± 0.06 −36.5 ± 05.6 0.47 ± 0.05 0.53 ± 0.06 06.4 ± 01.5 

MV �= 0.55 0.64 ± 0.05 −40.1 ± 04.8 0.47 ± 0.06 0.51 ± 0.07 06.8 ± 01.7 

IA P = 5 0.63 ± 0.06 −41.5 ± 05.8 0.46 ± 0.05 0.50 ± 0.05 06.9 ± 01.5 

MV P = 4 0.63 ± 0.07 −43.1 ± 06.0 0.46 ± 0.06 0.49 ± 0.06 06.9 ± 01.8 

IA a = 1 0.63 ± 0.05 −41.6 ± 05.7 0.46 ± 0.05 0.50 ± 0.04 07.1 ± 01.6 

MV a = 1 0.63 ± 0.06 −41.7 ± 05.9 0.45 ± 0.06 0.49 ± 0.05 07.2 ± 01.7 

NCC 

IA �= 0.75 0.64 ± 0.06 −39.9 ± 05.6 0.47 ± 0.06 0.51 ± 0.06 06.7 ± 01.5 

MV �= 0.8 0.64 ± 0.06 −39.2 ± 05.9 0.47 ± 0.07 0.51 ± 0.07 06.9 ± 01.7 

IA P = 6 0.63 ± 0.05 −42.0 ± 6.0 0.46 ± 0.05 0.50 ± 0.05 06.9 ± 01.6 

MV P = 5 0.63 ± 0.06 −43.9 ± 6.0 0.45 ± 0.06 0.49 ± 0.06 07.0 ± 01.7 

IA a = 1 0.62 ± 0.05 −43.0 ± 6.1 0.45 ± 0.05 0.49 ± 0.06 07.1 ± 01.6 

MV a = 2 0.62 ± 0.05 −43.0 ± 6.3 0.45 ± 0.06 0.49 ± 0.07 07.1 ± 01.7 

MSD 

IA �= 0.9 0.65 ± 0.05 −34.0 ± 04.8 0.49 ± 0.04 0.55 ± 0.04 05.7 ± 01.2 

MV �= 0.9 0.64 ± 0.05 −36.9 ± 05.2 0.47 ± 0.06 0.53 ± 0.06 05.9 ± 01.2 

IA P = 10 0.64 ± 0.05 −37.5 ± 04.0 0.47 ± 0.05 0.52 ± 0.04 05.9 ± 01.3 

MV P = 10 0.64 ± 0.06 −39.5 ± 04.9 0.47 ± 0.06 0.52 ± 0.05 06.1 ± 01.4 

IA a = 2 0.63 ± 0.05 −41.0 ± 06.1 0.46 ± 0.06 0.50 ± 0.06 06.9 ± 01.6 

MV a = 2 0.63 ± 0.06 −41.3 ± 06.2 0.46 ± 0.06 0.50 ± 0.07 07.0 ± 01.7 
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local weight corresponding to the image similarity measure can

also be incorporated in Eq. (20) . Sabuncu et al. (2010 ) included

voxel-wise similarity weighting factors in the SBA algorithm to en-

hance its performance in the context of brain image segmentation.

As an extension to this work, we used identical weighting factors

defined in Section 2.4.4 and included them in Eq. (20) : 

AD ( x ) = 

1 

N 

N ∑ 

n =1 

w n ( x ) D d n ( x ) (21)

Applying image similarity measure weighting factor to the SBA

method introduces the same optimization parameters, namely P,

a and D , for each image similarity criteria (NMI, LNCC and MSD).

Since the SBA technique is computationally intensive and time-

consuming ( Rohlfing and Maurer Jr, 2005 ), the optimal value of D

obtained from experiments described in Section 2.4.4 was used to

optimize the rest of contributing parameters. 

2.5. Evaluation metrics 

The evaluation of the accuracy of extracted bone using

the various atlas-based segmentation strategies described in

Section 2.4 was carried out by comparing the segmentation output

to the bone segmented on the corresponding reference CT images

using five volume/distance-based measures: Dice similarity (DSC)

( Dice, 1945 ), relative volume difference (RVD) ( Uh et al., 2014 ), Jac-

card similarity (JC) ( Uh et al., 2014 ), sensitivity (S) ( Ying et al.,

2013 ) and mean absolute surface distance (MASD) ( Heckemann

et al., 2006 ). 

DSC ( A, M ) = 

2 | A ∩ M | 
| A | + | M | , RV D ( A, M ) = 100 × | A | − | M | 

| M | , 

JC ( A, M ) = 

| A ∩ M | 
| A ∪ M | ., S ( A, M ) = 

| A ∩ M | 
| M | ., 

MASD ( A, M ) = 

d a v e ( S A , S M 

) + d a v e ( S M 

, S A ) 

2 

where A is the segmented bone from the reference CT image and M

denotes the extracted bone by the atlas-based segmentation tech-

nique. d ave (S ,S ) is the average direct surface distance from all
A M 
oints on the reference bone surface S A to the segmented bone

urface S M 

. 

The Shapiro-Wilk test was used to examine the null hypothe-

is that the calculated evaluation metrics follow a normally dis-

ributed population and the calculated p -values were reported for

ach individual segmentation scheme. The differences were consid-

red statistically significant if the p -value was less than 0.05. 

. Results 

Whole-body bone segmentation through non-weighting aver-

ging was performed for varying number of atlases selected ran-

omly from the entire dataset. Fig. 1 illustrates the accuracy of

xtracted bone in terms of DSC and RVD validation measures us-

ng both IA and MV. The bars show the standard deviation at each

easured point. 

Fig. 2 depicts the accuracy of extracted bone using the weights

efined in Eq. (7) for varying threshold levels . The top and bot-

om rows depict the results obtained using IA and MV frameworks,

espectively, for NMI, NCC and MSD image similarity measures. A

imilar analysis was repeated to obtain the optimal value of pa-

ameters P and a ( Table 1 ). The comparison was made using the

ve validation measures described in Section 2.5 . 

Fig. 3 depicts the accuracy of extracted bone based on DSC and

VD validation measures calculated at different values of P and a

or NMI, LNCC and MSD similarity criteria using a searching win-

ow of D = 10 mm. The results illustrated in Fig. 3 are obtained us-

ng the IA framework. 

The best result at D = 10 mm is achieved by the MSD similar-

ty measure with P = 3.5 using the IA framework, yielding a DSC

f 0.75, thus demonstrating significant improvement compared to

he global weighting strategy (DSC = 0.65). After determining the

ptimal value of P and a , these parameters were kept fixed and

he optimum size of the searching window D was calculated. Fig. 4

epicts the impact of varying size of the searching window D on

he accuracy of extracted bone for different image similarity crite-

ia. The top row corresponds to the ranking scheme obtained from

q. (17) at a = 1 whereas the bottom row corresponds to the MSV
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Fig. 1. DSC (top) and RVD (bottom) similarity measures vs. the number of subjects using the intensity averaging and majority voting frameworks. 
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pproach using the IA framework. Table 2 summarizes voxel-wise

tlas fusion results together with optimal parameter values. The

est results were achieved when applying voxel-wise weighting

anking scheme (using a = 1) and the MSV approach (using D = 5

nd MSD similarity measure) with a DSC = 0.81 ( Table 2 ). 

Although the SBA method was the most time consuming ap-

roach among those studied in this work, this technique exhibited

oor performance without local weighting ( Table 3 ). However, in-

orporating voxel-wise weighting improved the DSC from 0.56 to

.76. Fig. 5 illustrates the performance of SBA at varying values of

 obtained using different image similarity criteria . 

A comparison of the performance of the various segmenta-

ion techniques is provided in Table 4 . The techniques incorporat-

ng optimization parameters are reported at their optimal values.

igs. 6 –8 illustrate a representative slice of segmented bone from a

hole-body MR image together with corresponding error distance

ap using a combination of methods presented in Table 4. 
. Discussion 

Bone segmentation from whole-body MR images proved to be

 challenging task. We investigated the accuracy of a number of

tlas-guided segmentation approaches. Our primary motivation for

onducting this work is to identify the most promising algorithms

or atlas-guided attenuation correction in PET/MRI. Since the iden-

ification and segmentation of bony structures for MRI-guided at-

enuation map generation, particularly in whole-body imaging, we

ocused our evaluation on metrics reflecting the accuracy of bone

xtraction among the various approaches. 

A commonly used approach to combine the information pro-

ided by deformed atlas images is through IA or MV label fusion

chemes ( Chakravarty et al., 2013 ). In theory, in multiple atlas seg-

entation, increasing the number of input atlases would improve

he outcome. As such, the quality of segmentation is expected to

mprove monotonically by adding more atlases. However, in prac-
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Fig. 2. Plots of DSC and RVD vs. global atlas weighting parameter � measured using NCC, MSD and NMI similarity criteria for intensity averaging (top row) and majority 

voting (bottom row) frameworks. 

Fig. 3. The effect of varying voxel-wise label weighting parameters ( P and a ) on DSC and RVD validation measures obtained from IA segmentation framework using LNCC, 

MSD and NMI similarity criteria for D = 10 mm. 
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tice at a certain number of input atlases, the improvement reaches

a peak (at a number of 14 in Fig. 1 ). The rising part of the DSC plot

(from 1 to 14 subjects) can be justified by the nonsystematic mis-

alignment cancelation due to uncorrelated error between atlases

( Artaechevarria et al., 2009; Heckemann et al., 2006 ). By increasing

the number of atlases beyond the peak, the resulting segmenta-
ions tend to approach the population mean and the segmentation

ccuracy will reach an asymptotic value. An overly increased num-

er of atlases would degrade the segmentation accuracy because

f the high level of smoothness and the lack of patient-specific de-

ails. Assuming that input atlases are of similar quality and are se-

ected randomly, adding more atlases after reaching the peak (here
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Fig. 4. Plots of DSC and RVD similarity measures vs. neighborhood window D using local ranking voxel-wise weighting (top row) and most similar voxel (bottom row) label 

fusion approaches through the IA framework for LNCC, MSD and NMI similarity criteria. 

Table 2 

Comparison of validation measures (mean ±SD), including Dice similarity (DSC), relative volume distance (RVD), Jaccard 

similarity (JC), sensitivity (S) and mean absolute surface distance (MASD) between the bone extracted from different meth- 

ods of voxel-wise weighting calculated using intensity averaging (IA) and majority voting (MV) approaches at the optimum 

neighborhood window D and weighting parameters. ( ∗) indicates P -value < 0.05 according to the paired t -test analysis. 

NMI Weighting parameter D (mm) DSC RVD(%) JC S MASD(mm) 

IA P = 3.5 14 0.75 ± 0.04 −18.1 ± 05.2 0.61 ± 0.05 0.68 ± 0.05 07.3 ± 01.9 

MV P = 3.5 14 0.75 ± 0.05 −18.6 ± 05.1 0.61 ± 0.04 ∗ 0.69 ± 0.05 ∗ 07.4 ± 01.8 

IA a = 1 10 0.75 ± 0.04 −15.3 ± 04.6 0.60 ± 0.05 0.68 ± 0.04 07.3 ± 01.6 

MV a = 1 10 0.74 ± 0.04 −15.2 ± 04.9 0.59 ± 0.06 0.68 ± 0.05 07.9 ± 01.7 

MSV 14 0.74 ± 0.05 −14.1 ± 03.7 0.59 ± 0.05 0.67 ± 0.05 08.0 ± 01.8 

LNCC 

IA P = 3.5 14 0.77 ± 0.04 −15.6 ± 04.8 0.63 ± 0.04 0.70 ± 0.04 05.2 ± 01.5 

MV P = 3.0 14 0.76 ± 0.05 −16.9 ± 04.7 0.62 ± 0.04 0.69 ± 0.04 05.5 ± 01.7 

IA a = 1 10 0.78 ± 0.05 −14.0 ± 04.9 0.62 ± 0.05 0.69 ± 0.04 05.0 ± 01.9 

MV a = 1 10 0.77 ± 0.05 −14.5 ± 06.3 0.61 ± 0.06 0.68 ± 0.05 04.8 ± 01.7 

MSV 14 0.75 ± 0.04 −13.7 ± 06.3 0.60 ± 0.05 0.70 ± 0.06 05.5 ± 01.9 

MSD 

IA P = 3.5 5 0.80 ± 0.03 −12.4 ± 04.3 0.74 ± 0.05 0.77 ± 0.05 03.3 ± 01.3 

MV P = 3.0 5 0.80 ± 0.04 −12.0 ± 04.4 0.74 ± 0.05 0.77 ± 0.05 03.4 ± 01.4 

IA a = 1 5 0.81 ± 0.03 −11.7 ± 4.1 0.75 ± 0.04 0.77 ± 0.04 03.0 ± 01.1 

MV a = 1 5 0.80 ± 0.03 −11.9 ± 5.2 0.74 ± 0.04 0.77 ± 0.05 03.3 ± 01.2 

MSV 5 0.81 ± 0.04 −10.9 ± 4.7 0.74 ± 0.03 0.77 ± 0.04 04.9 ± 01.0 

Table 3 

Comparison of validation measures (mean ±SD), including Dice similarity (DSC), relative volume distance (RVD), Jaccard similar- 

ity (JC), sensitivity (S) and mean absolute surface distance (MASD) for SBA method with ranking voxel-wise weighting approach 

set at optimum parameter of a . ( ∗) indicates P -value < 0.05 according to the paired t -test analysis. 

a DSC RVD(%) JC S MASD(mm) 

SBA (without weighting) – 0.56 ± 0.05 −15.3 ± 04.7 0.39 ± 0.05 0.52 ± 0.06 11.1 ± 04.1 

SBA local weighting (NMI) for D = 10 mm 5 0.74 ± 0.05 −26.2 ± 06.7 0.57 ± 0.05 0.62 ± 0.06 08.5 ± 03.6 

SBA local weighting (LNCC) for D = 10 mm 5 0.75 ± 0.06 −24.8 ± 06.4 0.58 ± 0.06 0.64 ± 0.07 09.7 ± 03.9 

SBA local weighting (MSD) for D = 5 mm 2 0.76 ± 0.05 −24.4 ± 03.2 0.76 ± 0.07 0.79 ± 0.06 07.6 ± 03.3 
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Fig. 5. Impact of varying the voxel-wise weighting parameter ( a ) on DSC and RVD validation measures obtained from the SBA segmentation techniques using an optimum 

neighborhood window ( D ) of 5 mm for MSD and 10 mm for LNCC and NMI. 

Table 4 

Comparison of validation measures (mean ±SD), including Dice similarity (DSC), relative volume distance 

(RVD), Jaccard similarity (JC), Sensitivity (S) and mean absolute surface distance (MASD) for all combina- 

tions of atlas-based segmentation methods at optimum weighting parameters and neighborhood windows. 

( ∗) indicates P -value < 0.05 according to the paired t -test analysis. 

Methods DSC RVD(%) JC S MASD(mm) 

Average of all atlas images 0.60 ± 0.02 −46.0 ± 02.4 0.43 ± 0.02 0.46 ± 0.02 10.7 ± 03.9 

Single atlas image (template) 0.60 ± 0.02 −46.4 ± 02.5 0.44 ± 0.02 0.47 ± 0.02 11.1 ± 03.9 

General Majority voting 0.59 ± 0.02 −49.8 ± 02.4 0.42 ± 0.02 0.44 ± 0.02 09.8 ± 03.6 

Williams’ index 0.61 ± 0.05 −46.2 ± 06.3 0.43 ± 0.06 0.45 ± 0.04 10.4 ± 04.1 

STAPLE 0.62 ± 0.05 −4.7 ± 05.8 0.44 ± 0.05 0.49 ± 0.03 08.6 ± 03.8 

Hofmann 0.61 ± 0.02 −45.5 ± 02.4 0.42 ± 0.02 0.45 ± 0.02 10.1 ± 03.3 

SBA (without weighting) 0.56 ± 0.05 −55.3 ± 04.7 0.39 ± 0.05 0.52 ± 0.06 11.1 ± 04.1 

Global weighting (NMI) 0.64 ± 0.06 −39.9 ± 05.6 0.47 ± 0.05 0.53 ± 0.06 06.4 ± 01.5 

Global weighting (NCC) 0.64 ± 0.06 −41.5 ± 05.6 0.47 ± 0.06 0.51 ± 0.06 06.7 ± 01.5 

Global weighting (MSD) 0.65 ± 0.05 −34.0 ± 04.8 0.49 ± 0.04 0.55 ± 0.04 05.7 ± 01.2 

Most similar subject 0.58 ± 0.09 −39.2 ± 08.1 0.41 ± 0.10 0.52 ± 0.11 06.2 ± 02.0 

Local weighting (NMI) 0.75 ± 0.04 −15.3 ± 04.6 0.60 ± 0.05 0.68 ± 0.04 07.3 ± 01.6 

Local weighting (LNCC) 0.78 ± 0.05 −14.0 ± 04.9 0.62 ± 0.05 0.69 ± 0.04 05.0 ± 01.9 

Local weighting (MSD) 0.81 ± 0.03 −11.7 ± 04.1 0.75 ± 0.04 0.77 ± 0.04 03.0 ± 01.1 

MSV (MSD) 0.81 ± 0.04 −10.9 ± 04.7 0.74 ± 0.03 0.77 ± 0.04 04.9 ± 01.0 
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more than 15 in Fig. 1 ) would average out fine details leading to

non-patient-specific and biased segmentation. Moreover, the qual-

ity of added atlases is not the same (even though they are chosen

randomly), and as such, some fluctuations may be observed with

added new atlases. Similar results have been reported in Aljabar

et al. (2007 ) in the context of brain imaging. However, the optimal

number of input atlases may vary from one experiment to another

since it strongly depends on the shape of the target organ/tissue

and quality of atlases. This trend do not seem to be a standard

behavior of atlas-based methods since in many studies monoton-

ically increasing or a plateau curve reaching an asymptotic value

was reported ( Collins and Pruessner, 2010 ; Heckemann et al., 2006 ;

Wu et al., 2007 ). It should be noted that this trend holds for non-

selective atlas fusion schemes since an increased number of atlases

would increase the likelihood of finding more similar cases to the

target image, for instance in local weighting atlas fusion schemes

which leads to a asymptotically rising curve. In some studies, only

one atlas image is used to carry out the segmentation procedure,

which involves a single online registration procedure ( Greer et al.,

2011 ; Paulus et al., 2015 ). Marshall et al. (2013 ) proposed to select

the most similar subject for PET/MRI attenuation correction on the

basis of available metadata, such as sex and age and some image-

derived features, such as body volume, lung volume, etc. The ratio-

nale behind using a single atlas or template is to avoid the compu-

tational burden of multiple atlas registration. In this work, rather

than using metadata, the most similar subject was selected after

pair-wise atlas registration using the aforementioned image simi-

larity criteria. Since the most similar atlas is selected after regis-

tration, the outcome would be comparable to the original scheme
ven though it employs a larger database of atlases. The results

hown in Table 4 indicate that single patient registration results

n large error bias owing to the variability of patients’ anatomy

hile using a single average atlas (template) led to slightly bet-

er bone extraction accuracy. Basically, the templates are close to

he mean of patient population (compared to single atlas), which

educes non-rigid registration errors and consequently improve the

utcome. 

The global atlas weighting strategy exhibited moderate im-

rovement compared to the general averaging method as trans-

ormed atlases with large misalignment errors are excluded or are

t least given relatively low weights during the atlas fusion pro-

ess. Due to the large axial field-of-view in whole-body imaging,

ocal miss-match between the target and atlases might occur in

ome cases. Global strategies are not capable of evaluating the

egistration performance locally and only atlases with gross miss-

atches are discarded as demonstrated by Artaechevarria et al.

2009 ). Therefore, global atlas weighting is much less effective

hen applied for large axial field-of-view. The similar approach

as exploited by Ying et al. (2013 ) for automated bone segmen-

ation from MR images of the hip joint using the NMI similarity

riterion, which resulted in a DSC of 0.95. The marked difference

etween these results and those reported in our study stems from

he different MRI sequence and image quality, registration algo-

ithm and on top of all the smaller field-of-view, which led to bet-

er registration outcome and less local miss-matches. According to

able 1 , the best performance was achieved by the IA segmentation

ramework using the MSD image similarity measure with �= 0.9,

hich led to bone segmentation accuracy with a DSC of 0.65. 
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Fig. 6. Representative slice illustrating the performance of the different MRI bone segmentation techniques (left) along with the corresponding error distance map (right) 

showing: (A) In-phase MRI, (B) corresponding CT image, (C) binary image of reference bone extracted from CT, (D) general intensity averaging, (E) single atlas image, (F) 

general majority voting, (G) Williams’ index, (H) STAPLE, (I) Hofmann’s method and (J) SBA. 

Fig. 7. Representative slice illustrating the performance of the different MRI bone segmentation techniques (left) along with the corresponding error distance map (right) 

showing: (A) global weighting using NMI, (B) global weighting using NCC and (C) global weighting using MSD, and (D) most similar subject. 
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Fig. 8. Representative slice illustrating the performance of the different MRI bone segmentation techniques (left) along with the corresponding error distance map (right) 

showing: (A) local weighting using NMI, (B) local weighting using LNCC, (C) local weighting using MSD, and (D) most similar voxel using MSD. 
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There is still a remarkable difference between voxel-wise and

global weighting strategies resulting in DSCs of 0.81 and 0.65, re-

spectively. This is mainly due to locally discarded miss-matches be-

tween target and atlas images. The transformed atlas image might

be aligned almost perfectly in one region whereas other regions

bear massive misalignment errors, for instance because of anatom-

ical variability that can properly dealt with it using local weight-

ing strategies. The optimization of free parameters in local strate-

gies (such as the neighborhood window in Fig. 4 ) plays a key

role in local miss-match cancellation. Too large neighborhood win-

dows would result in similar outcome to that of global weighting

whereas too small windows would be severely affected by noise

and factious local intensity/pattern similarities. The optimization of

the searching window D seems to be essential since it had signif-

icant impact on the accuracy of extracted bone ( Fig. 4 ) ( Xie and

Ruan, 2014 ). 

MSD achieves the best performance among other image simi-

larity criteria presumably owing to proper intensity normalization

of MR images as described in Section 2.3 . Implementing the MSD

similarity measure adds inconsequential extra computation time

to the segmentation procedure, as opposed to NMI which is pro-

hibitively time-consuming when it comes to the voxel level pro-

cessing ( Lötjönen et al., 2010 ). NMI exhibited the poorest perfor-

mance as image similarity measure in this particular study. How-

ever, in other experiments such as in Burgos et al. (2014 ), the

LNCC similarity measure outperformed other techniques. This is-

sue largely depends on the employed MR sequence, level of noise,

inter-subject intensity normalization and registration algorithm. In

case the registration between target and atlas images is performed

for instance using MI image similarity measure, image alignment

is already optimized on the basis of MI. Thus, employing MI after

registration did not improve the outcome. On the other hand, the

other image similarity measures, particularly MSD, provided more

useful information about the similarity between target and atlas

images. 

The STAPLE framework, regarded as a state-of-the-art atlas fu-

sion method, barely improved bone segmentation accuracy. The
ompeting William’s index method performed even slightly worse,

evertheless, it converges up to 4 times faster. The plausible rea-

on of the sub-optimal performance is that both methods solely

ely on the correlation between different atlases to determine fu-

ion weights rather than using a similarity measure between tar-

et and atlas images. Moreover, the fusion weights are defined in

lobal fashion (similar to global weighting strategies). Therefore,

ocal miss-matches degrade the quality of the outcome. Similar ob-

ervations were reported elsewhere in the context of prostate and

rain segmentation ( Artaechevarria et al., 2009, 2008 ). 

Overall, voxel-wise weighting label fusion provided dramatic

mprovements to the accuracy of segmentation owing to local can-

elation of misalignment errors. It is strongly recommended to em-

loy a similarity measure different from the one used for the reg-

stration process. Apart from that, the performance of the image

imilarity criterion largely depends on the type and quality of im-

ges under study. In this light, for each study, the optimization step

o determine the most effective image similarity criteria and as-

ociated optimal parameters, such as image similarity patch size

 D), is indispensable to reach the best performance ( Artaechevarria

t al., 2009 ). 

In essence, MRI sequences commonly used to generate PET at-

enuation maps suffer from high noise level and partial volume ef-

ect owing to short acquisition time. Using high quality MR images

ay possibly improve the registration outcome and consequently

he segmentation accuracy; however, fast sequences should be

sed on PET/MRI systems in the clinic. Using MRI sequences other

han the Dixon sequence used in this study would not significantly

ffect the quality of registration as far as they have similar signal

o noise and provide similar anatomical details. 

In this work, we focused on conventional atlas-based methods.

atch-based methods rely on a database of atlas images to find

imilar patches to predict segmentation labels or attenuation

alues for the target image. However, the characteristic difference

etween patch-based methods and the methods evaluated in

his work is that atlas registration is not performed in patch-
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ased methods while this process is the heart of multiple atlas

egmentation. 

The major drawback of atlas-based segmentation techniques is

he relatively long computation time taken mostly by the image

egistration process. Future work will focus on reducing the overall

omputation time and on evaluating the performance of the ob-

ained synthetic pseudo-CT images in the context of attenuation

orrection in whole-body PET/MRI. 

. Conclusion 

We evaluated the accuracy of whole-body bone extraction from

R images using a number of atlas-based segmentation tech-

iques. In particular, global and local weighted atlas fusion strate-

ies as well as some commonly used atlas-based pseudo-CT gen-

ration methods were implemented and optimized for the task of

hole-body bone segmentation. The voxel-wise weighted atlas fu-

ion approach based on the MSD morphological similarity measure

utperformed other segmentation approaches (provided proper MR

mage denoising and normalization are performed) by achieving a

SC of 0.81. This is in contrast to the non-weighted atlas fusion

ramework, which yielded a DSC of 0.60. Overall, the voxel-wise

eighted atlas fusion approach is capable of canceling out the non-

ystematic registration errors. Optimization of contributing factors

s crucial to reach optimal performance since they are largely de-

ermined by the type and quality of images under study. 
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