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Ultrasound imaging and segmentation of bone 
surfaces: A review
Ilker Hacihaliloglu1,2

Due to its real-time, non-radiation based three-dimensional (3D) imaging capabilities, ultrasound (US) has been incorporated into 
various orthopedic procedures. However, imaging artifacts, low signal-to-noise ratio (SNR) and bone boundaries appearing several 
mm in thickness make the analysis of US data diffi cult. This paper provides a review about the state-of-the-art bone segmentation 
and enhancement methods developed for two-dimensional (2D) and 3D US data. First, an overview for the appearance of bone sur-
face response in B-mode data is presented. Then, classifi cation of the proposed techniques in terms of the image information being 
used is provided. Specifi cally, the focus is given on segmentation and enhancement of B-mode US data. The review is concluded by 
discussing future directions of research and additional challenges which need to be overcome in order to make this imaging modality 
more successful in orthopedics.

Keywords: Ultrasound; Segmentation; Enhancement; Bone; Review.

INTRODUCTION
Th e demand for an accurate, effi  cient and less invasive surgery is increas-
ing the importance of surgical procedures performed with computer 
assistance. High precision during interventions, the ability to perform 
operations with minimal incision, decreased operation time, declined 
uncertainty for intra- and post-operative complications and improved 
safety (reduced radiation exposure) to both patient and surgeon are 
some of the important advantages of such systems. Th e fi rst application 
of computer assistance in surgery, with the use of stereotactic frames, 
was for neurosurgery in order to locate brain tumors1.

Following this initial procedure, computer-assisted surgery (CAS) 
systems started to grow in diff erent application domains with computer-
assisted orthopedic surgery (CAOS) being one of the main ones. Due to 
the rigid structure of the target anatomy (bone) orthopedic procedures 
are especially suitable for CAS systems. Th e fi rst clinical study, where 
a CAOS system was investigated, described an in-vitro validation ex-
periment for spinal fusion surgery2. Following this initial study, similar 
technologies have been adapted to many diff erent procedures in the 
fi eld of orthopedics such as total hip replacement (THR)3, total knee 
replacement (TKR)4, intramedullary nail locking5 and tibial, pelvic and 
distal radius osteotomies6–8.

Imaging is one of the most important components of any CAOS 
system. Currently the dominant imaging modalities used in CAOS are 
pre-operative X-ray, computed tomography (CT) and magnetic resonance 
imaging (MRI) and intra-operative two- (2D) or three- (3D) dimen-
sional fl uoroscopy (fl uoro-CT)5,9–12. Due to the superior bone imaging 
quality, CT is the preferred pre-operative modality used for planning 
the intervention11,12. However, MRI has also emerged as pre-operative 

imaging alternative specifi cally for procedures where CT is not necessarily 
required such as femoroacetabular impingement surgeries13,14 or total 
knee arthoplasty using patient specifi c instrumentation15,16. Th e main 
drawbacks of MRI and CT in CAOS are the cost of imaging, radiation 
exposure from CT and mostly being performed pre-operatively for plan-
ning the intervention. Th e principal imaging modality for intra-operative 
imaging in CAOS is 2D/3D fl uoroscopy devices10,17–20. However, 2D 
representation of a 3D anatomy necessitates multiple fl uoroscopy scans 
taken from different directions. Therefore, accuracy of the surgical 
procedure and reproducibility of the surgical actions therefore largely 
depend on information obtained from 2D fl uoroscopy images and the 
experience of the surgeon. Th ree-dimensional fl uoroscopy units provide 
3D information; however, they are twice as expensive and not widely 
available as standard 2D units. Finally, both of these modalities operate 
with ionizing radiation causing important concerns for the safety of the 
operating staff  and patient. 

In order to provide a radiation-free, real-time and 3D imaging 
alternative to intra-operative fl uoroscopy special attention has been given 
to incorporate ultrasound (US) into CAOS procedures21–25. US-based 
guidance systems for non-surgical procedures such as epidural anesthesia 
and/or spinal blocks have also been developed26–30. Nonetheless, due to 
the high levels of noise, imaging artifacts, limited fi eld of view and bone 
surfaces appearing blurred and several mm in thickness, US has not 
become a standard imaging modality in orthopedics (Fig. 1). Th ese dif-
fi culties prohibited the use of US as a standalone intra-operative imaging 
modality and the collected scans were registered to pre-operative plan 
developed using CT/MRI data. Accurate, automatic and real-time regis-
tration is critical for effi  cient image guidance and anatomical restoration 
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in many orthopedic procedures. In order to achieve this goal, focus has 
been given to develop bone segmentation methods from US data which 
is the main focus of this review paper.

In their review paper Noble and Boukerroui31 provide an overview 
of many segmentation methods developed for US imaging in the context 
of soft  tissue segmentation. Specifi c focus was given to cardiology, breast 
cancer and prostate cancer31 applications. Moradi et al.32, in their review 
paper, focus on the application of US-based diagnosis systems for prostate 
tissue. A review of segmentation and registration methods of MRI and 
US data for prostate cancer detection has been provided by Zhu et al.33 
Katouzian et al.34 provide an overview of the segmentation algorithms 
developed for intravascular US (IVUS) images and discuss methodologi-
cal challenges associated with the developed algorithms. Molinari et al.35 
present a review paper about measurement of intima-media thickness 
(IMT) and wall segmentation from carotid US data. In a recent book 
chapter publication, Schuman provides a review of US registration ap-
proaches for computer assisted orthopedic interventions36. Th is paper 
provides a review of methodologies developed for the segmentation of 
bone surfaces from US data. In this review paper, methods developed for 
the enhancement of bone surfaces from radiofrequency (RF) and B-mode 
US data are also included since these enhanced images could potentially 
be used as an input to a subsequent segmentation or registration method.

Th e review paper is organized as follows: It starts with an analysis 
of US image response characteristics for bone surfaces. It then examines 
major works on bone US image segmentation and enhancement classifi ed 
by image information being used with a specifi c focus on B-mode data. 
Th e review is fi nalized with the author’s conclusions and discussions about 
possible future trends in the fi eld of bone imaging with US.

MATERIALS AND METHODS

Bone response characteristics in ultrasound data
US images are formed by measuring the amplitude and the travel time of 
the refl ected sound echoes to reach the US transducer. If there is a high 
acoustic impedance mismatch between two tissue interfaces the refl ected 
sound echo signal will have a high amplitude resulting in a high intensity 
pixel appearance in the formed US image. A high-intensity pixel in an 
US image indicates a strong likelihood of the presence of a boundary, 
such as soft  tissue interface or bone. Since bone tissue has one of highest 
acoustic impedance values compared to other tissues such as muscle, fat, 
liver or water, most of the signal is refl ected back from the bone interface 
resulting in a high-intensity feature in the reconstructed US image. Th is 
high-intensity bone feature is followed by a region with very low-intensity 
values appearing right aft er bone boundary. Th is low-intensity region, 
“shadow region”, is one of the typical US imaging artifacts denoting 

that interior bone surfaces cannot 
be imaged with US imaging. Th e 
high-intensity feature depicting 
bone boundary response looks 
like a line with a shape closely 
resembling the surface. However, 
compared to bone surface appear-
ance in CT or fl uoroscopy imaging, 
the surface response in US is not a 
sharp transition region but rather 
has a thickness which can reach a 
value of 4 mm in certain cases. Th e 
response thickness is aff ected by 
the inclination of the image surface 
with respect to the US transducer. 
Th e greater the inclination of the 
imaged surface, the greater the re-
sponse thickness. Furthermore, the 
fi nite beam width in the elevational 

direction produces a thick response when it is projected to a 2D plane. 
Th e actual bone boundary may merge within this response37 (Fig. 2).

Figure 3 shows B-mode US images obtained in vivo by scanning a 
femur bone. Data are collected by changing the orientation of the US 
transducer with respect to the imaged 3D anatomy. Despite the fact that 
the US images are representing the same bone, the features corresponding 
to the bone surface appear diff erent with varying scanline profi les (Fig. 3; 
bottom row). Th e bone surface feature shown on the right US image has 
the typical characteristics namely a high-intensity feature followed by an 
intensity drop representing the shadow region. Th is is also confi rmed with 
the corresponding scanline profi le (Fig. 3; bottom right). However, the 
response features on the middle and left  US images appear very diff erent. 
Th e bone surface response on the left  image is not a high-intensity region 
any longer and soft  tissue interfaces have similar intensity values as the 
bone feature. Th e bone surface response on the middle US image has a 
thick response and the shadow region does not have a distinct intensity 
drop compared to the other two images shown.

Due to the previously mentioned imaging artifacts manual iden-
tifi cation of bone surfaces from B-mode US data has been reported in 
the earlier proposed US-guided CAOS applications22,23,38. Despite the 
accurate results obtained in these studies, a major drawback was the time 
needed for manual segmentation. Th e accuracy of the segmentation also 
depends on the operator performing the manual segmentation which 
may introduce signifi cant inter- and intra-user variability23,38. Several 
groups have explored ways to automate US bone segmentation for vari-
ous applications. Th e proposed methods were based on the use of image 
intensity and gradient information or local phase image features. In the 
next sections, we outline the details of the developed methods in terms 
of the features being used.

Segmentation and enhancement of bone surfaces using image 
intensity and gradient information
Initial work on segmenting bone surfaces from US data has focused on 
the use of image intensity and gradient information. Since the shadow 
region is an important indication of bone surface presence in the acquired 
US data, this information was later incorporated, as an additional feature, 
into the proposed segmentation methods to improve the accuracy and 
robustness of the segmentation. In their work, Kowal et al.39 used a 
combination of depth-weighted thresholding, image morphology and 
connected component labeling. Th e proposed method was validated on 
scans obtained from bovine and porcine phantoms. A mean accuracy of 
0.42 mm and a 0.8-second average processing time for each US image frame 
was reported. Daanen et al.40 proposed a multi-stage framework. During 
the fi rst stage, the B-mode US intensity image was masked with an Otsu-
thresholded image to create a new image called fuzzy intensity image (FII). 

Figure 1 B-mode US images of different bone surfaces (left to right: femur, pelvis, distal radius). Red arrows point to 
the soft tissue interfaces with similar intensity values as the bone surfaces, which are pointed with yellow arrows.
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FII results in the enhanced representation of the high-intensity features 
belonging to the bone surfaces in the acquired US images. Th e obtained 
FII was used during the second stage of the algorithm which used the 
fact that all the US signal is refl ected back from the bone surface creating 
the shadow region. Bone structures were segmented, from the FII, by 
scanning each column in the image and extracting the fi nal pixel before 
the intensity drop. Th is extracted surface was further optimized by using 
the information that the bone surfaces appear as continues features in the 

image. Th e method was validated on three diff erent cadavers and in-vivo 
patient scans. Results were compared with manual expert segmentation. 
For patients, the maximum mean error was 8.8 pixels, with a pixel size 
of 0.112 mm × 0.109 mm, while the minimum mean error was 4.545 
pixels. For cadavers, the maximum mean error was 4.056 pixels and the 
minimum mean error was 2.679 pixels. Th e time to delineate one image 
was less than 4 seconds. Jain et al.37 proposed a Bayesian probabilistic 
framework converting the B-mode US images to a probability image 

Figure 2 (a) Propagation of an ultrasound (US) pulses (red shapes) along one particular scanline (yellow line). Example echo (blue shape) was generated 
by refl ections of the pulse from structures in the tissue medium all along this path, and the echoes (red shapes) travel back to the transducer. The image 
is showing a B-mode US image of a distal radius obtained in vivo. (b) Thicker bone surface response is observed due to the elevational beam thickness. 
The actual bone response ends up being merged inside this thick response. (c) Effect of the imaged surface geometry on the bone surface response. The 
received echoes from different directions other than the main direct line of sight result in an increased bone response.

Figure 3 Bone response characteristics. Top row: In vivo US images of femur bone. Bottom row: Bone scanline profi les belonging to the bone surfaces 
shown in the top row. The selected scanline is indicated as white vertical line in the B-mode US image data.
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where the bone surfaces were represented with higher values. Qualita-
tive results on in-vitro scans, obtained by scanning a female pelvic bone 
immersed inside a water tank, were reported. Quantitative validation was 
not reported due to the fact that the authors were interested in using the 
enhanced images as an input to a registration method. Foroughi et al.41 
introduced a method based on dynamic programing. Th e two-stage 
segmentation method involved enhancement of US images using intensity 
and shadow region information followed by a cost function which was 
iteratively optimized to segment the bone surfaces. Th e proposed method 
was evaluated on cadaver scans and achieved an accuracy of less than 
0.3 mm with a computation time of 0.55 seconds. Lopez-Perez et al.42 
segmented elongated bones such as ulna, humerus or clavicle using an 
active snake models. Phantom data validation achieved a surface recon-
struction error of 1.16 mm. Masson-Sibut et al.43 proposed a three-stage 
bone segmentation algorithm. Th e fi rst stage involved vertical gradient 
image fi ltering followed by intensity thresholding. Th e second stage was 
used to eliminate false positive points by using the continuity informa-
tion of bone surface. Th e fi nal stage consisted closing the extracted bone 
contour using least square polynomial approximation. In-vivo volunteer 
scans were collected for quantitative validation. Th e reported maximum 
the RMSE was 0.8 mm with a processing time of 10–15 images per second.

Some groups have combined segmentation techniques with intra-
operative registration of CT to US21,44–46. Th e purpose of these studies 
was to overcome the limitations of US image segmentation by fusing CT 
datasets where bone is more easily identifi ed. Amin et al.21 combined 
three diff erent image features: high-intensity feature indicating bone 
surface presence, edge feature obtained from the bone shadow region 
by using a directional edge detector and a spatial prior obtained from 
the CT scan. Instead of explicit segmentation of the bone surfaces from 
the US data, the three features were incorporated into the registration 
method and optimized at each iteration. No accuracy results for the bone 
surface segmentation were provided; rather, registration error results 
were reported which were 1.94 mm for average translation and 0.90° 
for average rotation21. Brendel et al.44 used only an adaptive depth gain 
compensation method where high-intensity features appearing in the 
middle of the US image were enhanced. Bone surfaces from CT data were 
segmented by using the physics US bone imaging. Th e mean registration 
accuracy, obtained from in-vivo human lumbar spine scans, was 0.5° and 
0.5 mm. In the study by Ionescu et al.45, the bone surface was extracted 
using linear fi ltering followed by watershed-based image segmentation. 
Th is segmentation is then updated during the US-CT registration process. 
Reported mean accuracy for in-vivo vertebrae surface registration was 
lower than 2° and 0.87 mm. Beitzel et al.46 proposed the use of image 
thresholding, morphology, connected component labeling and cubic 
B-spline smoothing operations, respectively for segmenting the bone 
features from US data. Th is segmentation was updated iteratively during 
the registration process. Bone detection validation on cadaver scans 
achieved a mean root mean square distance (RMSD) of 0.38 mm between 
the automatic and manual segmented surfaces. Th e C++ implementation 
using OpenCV achieved a processing time of 20–30 milliseconds. Yan 
et al.47 used a backward tracing method making use of the US shadow 
regions for surface extraction. Th e backward tracing method traversed 
shadow regions until it reached the high-intensity bone pixels which were 
selected for segmentation. Th e extracted bone surfaces were used during a 
subsequent CT-US registration method. Phantom and cadaver validation 
experiments yielded target registration errors (TRE) of under 1 mm for 
the phantom and under 1.6 mm for the cadaver scans. Registration time 
was 2 minutes but the computation time for US bone surface extraction 
was not reported. Penney et al.48 enhanced bone surfaces using a measure 
based on the high pixel intensity, representing to the bone surfaces, and 
the ratio of the number of zero pixels between the pixel of interest and 
the last pixel of the corresponding column to the total number of pixels 
between them. Th e main idea was based on the fact that both of these 
measurements will result in high values for bone features because of the 

large diff erence in acoustic impedances between soft  tissue and bone. 
Registration was performed on scans obtained from cadaver experiments. 
Th e reported mean TRE was 2.3 mm. Bone surface localization accuracy 
was not reported. Rasoulian et al.49 used the same method as that by 
Forough et al.41 for segmenting the spine bone surfaces from US data. 
However, the Gaussian fi lter, part of the original algorithm, was replaced 
by sticks fi lter followed by anisotropic diff usion fi ltering. Phantom and 
sheep cadaver experiments resulted in a mean TRE of 1.99 mm and 2.2 
mm, respectively. Bone localization error was not reported. In a recent 
work, Baka et al.50 proposed a machine learning-based approach where 
the intensity-based features were used as an input to a two diff erent 
classifi ers to create probability maps showing the expected bone interface 
in the collected US images. During the second step, bone surfaces were 
segmented using a dynamic programing approach similar to that by 
Forough et al.41 Th e reported segmentation recall and precision rates 
were 0.87 and 0.81, respectively.

Segmentation and enhancement of bone surfaces using image 
local phase information
Image phase information is a key component in the interpretation of 
a scene as it conveys more information regarding the image structure 
than magnitude information51. Figure 4 demonstrates the importance 
of image phase for bone US data. Investigating the reconstructed images 
(Fig. 4c,d), we can see that the dominant structure in the image cor-
responds to the one where the phase information was combined (Fig. 4). 
Th e use of local phase image information in the context of segmentation 
and/or enhancement of bone structures from US data was fi rst proposed 
by Hacihaliloglu et al.52 and extensively investigated in their consecutive 
publications53–56. In their initial work, a 2D Log-Gabor fi lter was used to 
extract the image phase information which was combined into a feature 
descriptor named phase symmetry (PS) in order to extract bone features52. 
Th e method was validated on phantom and in-vitro experiments and 
achieved a mean localization error of 0.4 mm with a processing time 
of 0.5 seconds. Th e same method was also used for the localization of 
bone fractures52. Th is work was later extended for segmenting 3D bone 
surfaces from volumetric US data and was validated on clinical scans 
as well53,54. In further works of Hacihaliloglu and colleagues55,56, local 
phase information was used to construct an image descriptor called local 
phase tensor (LPT) which enhanced spine bone surfaces from US data. 
Validation was performed by registering a statistical shape model (SSM) 
of the spine to the enhanced bone surfaces. Th e overall reported target 
registration error (TRE) was 0.2 mm ± 0.4 mm where the processing time 
for a 2D US image was 0.05 seconds.

One of the important aspects of local phase-based image enhance-
ment is the optimization of the fi lter parameters. Hacihaliloglu et al.53,57 
achieved this using the information obtained from the image domain. 
Optimum fi lter parameters improved the localization error results and 
the robustness of the algorithm to typical US imaging artifacts53,57. Since 
the fi ltering is performed in the frequency domain, Anas et al.58 proposed 
a framework for the optimization of the filter parameters using the 
information extracted from the frequency domain. Phantom validation 
experiments resulted with mean localization error of 1.08 mm. Th e same 
method was recently extended to 3D for processing volumetric US data59. 
Cadaver validation achieved an average mean surface and Hausdorff  
distance errors of 0.7 mm and 1.8 mm, respectively59.

Hybrid approaches
Hybrid approaches, where local image phase information was combined 
with image intensity information, were also proposed for extraction of 
bone surfaces from US data60,61. Jia et al.60 combined local image phase 
information with local image intensity information and proposed a 
dynamic programming-based segmentation method. Validation was per-
formed on in-vivo volunteer scans obtained from the greater trochanter 
area of the femur bone. Th e average Euclidean distance error, of the 
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proposed method, was 0.12 mm with a processing time of 4.1 seconds. 
Berton et al.61 combined image intensity, gradient and shadow region 
features with local phase image features and local binary patterns. Th e 
obtained image features were used as an input to a classifi cation method 
segmenting the image into three regions: bone, soft  tissue and acoustic 
shadow. Validation results obtained from in-vivo volunteer scans achieved 
a dice similarity coeffi  cient values of 85%, 91% and 92% for bone, acoustic 
shadow and soft  tissue, respectively. Quader et al.62 combined local phase 
information with local signal attenuation and bone shadowing in order 
to create a bone descriptor called confi dence in PS (CPS). Th e proposed 
method was validated on ex-vivo phantom and in vivo human data. 
Th e localization error for phantom and in-vivo data were 0.54 mm and 
1 mm, respectively. Th e reported computation time was 0.26 seconds. 
Ozdemir et al.63 combined local phase information with local patch 
image intensity statistics, shadowing, attenuation, local binary patterns 
and speckle statistics. Th e extracted features were used during a Markov 
Random Fields (MRF)-based graph modeling approach for segmentation 
of bone surfaces. In-vivo validation results revealed a root-mean-square 
error of 0.59 mm with a computation time of 2 minutes.

DISCUSSION
Specifi c imaging advantages such as, real-time, non-radiation-based 
3D imaging make US a perfect candidate for CAOS procedures. 
However, a wide range of imaging artifacts, low SNR and bone surfaces 
appearing several mm in thickness has limited the applicability of this 

imaging modality in orthopedic procedures. 
Furthermore, a small fi eld of view complicates 
the interpretation of the acquired data. In 
order to overcome these problems, a number 
of studies have attempted to segment the 
bone surfaces from US data. Th e segmented 
bone surfaces were then registered to a 
pre-procedure plan developed using CT or 
MRI imaging modalities. Since accurate and 
robust segmentation proved to be a diffi  cult 
process some researchers have focused on the 
enhancement of the bone surfaces which were 
subsequently registered to the pre-procedure 
plan. Th e registration process also provided 
a solution to the small fi eld of view problem. 
Despite the successful results, of the developed 
segmentation algorithms, integration of US 
into diff erent CAOS procedures continues to 
be a challenging process for the clinicians and 
technicians.

In order to make US an essential imaging 
modality in orthopedics, several important cri-
teria have to be satisfi ed. Th e most important 
criterion is that a clinically acceptable accuracy 
and robustness of the segmentation method 
needs to be ensured. Since the extracted 
surfaces are used during the subsequent 
registration process, the segmentation ac-
curacy needs to be below the required clinical 
accuracy of the computer-guided procedure. 
Another important component during assess-
ment studies is the correct dissemination and 
reproducibility of the studies. One of the major 
missing components in US bone segmentation 
research is that there are still no publicly avail-
able datasets on which diff erent algorithms 
could be compared. A direct comparison of 
the developed methods is diffi  cult since there 
are different metrics used for validation of 

the segmented surfaces to manual segmentation results. One solution 
to this could be a joint eff ort in order to construct a publicly available 
database. In order to make US part of a standard of care imaging modal-
ity in orthopedics, a greater level of standardization in the validation 
process and the construction of a globally acceptable dataset consisting 
of clinically collected scans are required. Of secondary, but still critical, 
importance is the design and associated eff ectiveness of the US-guided 
system. Potential manual interactions during US data processing need 
to be reduced to minimum or better completely removed. Th e spotlight 
should be the surgery and not the image acquisition or segmentation 
process. In addition to the automation process, the computation time 
of the segmentation should not delay the surgical procedure. Promising 
results for general medical image processing employing GPU computa-
tion power64,65 give hope that identical applications applied to US bone 
segmentation could achieve dramatic improvement in the processing 
time. Th e fi nal criterion is the assessment of the proposed methods. Th e 
developed algorithms need to be validated in surgical settings using data 
collected from in-vivo patient studies.

Some of the papers reviewed in this work have tried to address the 
aforementioned criteria with their algorithms. However, only few methods 
fulfi ll these criteria completely. Finally, most of the developed methods 
have focused on a single anatomical bone region and have incorporated 
the distinct appearance of the imaged surface into their framework in 
order to improve robustness and accuracy. A general framework ap-
plicable to segment any bone surfaces is still an open research question.

Figure 4 Importance of image phase information for image reconstruction. (a) In-vivo 2D B-mode 
US image of human femur bone. (b) Different in-vivo 2D B-mode US image of the human femur 
bone obtained by changing the US transducer position and imaging setup. (c) New reconstructed 
image obtained using the phase information from image (b) and magnitude from image (a). (d) 
New reconstructed image obtained using the phase information from image (a) and magnitude 
from image (b). Investigating (c) and (d) we can clearly see that the dominant feature corresponds 
to the image from where the phase information was taken.
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In recent years, researchers have been looking into designing seg-
mentation or enhancement methods based on the information extracted 
from the raw RF US data66. Although access to the RF data is currently 
only available in US machines with dedicated research interfaces, more 
companies are providing access to the signal domain, and it appears that 
this new and rich information will be extensively sought in the coming 
years. Elastography or strain imaging has also been investigated by various 
groups67,68. Despite the fact that deeper tissue displacements are harder to 
detect, the results are promising for bone enhancement or segmentation 
of superfi cial bone surfaces such as radius, ulna or tibia. In a recent work, 
Zhuang et al.69 have proposed a new beamforming approach where they 
have showed that the proposed phase factor-based beamforming results 
in the suppression of noise and enhancement of phantom bone features. 
Although the results were only validated on phantom data, investigating 
new beamforming techniques for enhancement of specular surfaces is 
an encouraging direction. Finally, we also would like to mention that 
methods based on deep learning for medical image segmentation have 
achieved very successful results70,71. Investigation of similar methods for 
the segmentation or enhancement of bone features from US data is also 
a new promising research direction.

CONCLUSIONS
Accurate and robust segmentation of bone surfaces or the enhance-
ment of bone surfaces from acquired US data plays an important role 
in US-based orthopedic procedures. Th is paper presented an extensive 
review of the current US bone segmentation and enhancement methods 
developed for various orthopedic applications. In order to avoid direct 
comparison, algorithms were categorized into three groups: algorithms 
using image intensity and gradient information, algorithms using local 
image phase information and hybrid approaches. Techniques belonging to 
the hybrid group have gained popularity as they link the strengths of both 
intensity and phase-based methods. It should be noted that the segmented 
surfaces are used to register a pre-procedure plan, developed from CT 
or MRI, to the acquired US scans and are not used as standalone images 
for guidance during the orthopedic procedures. Th erefore, some of the 
developed methods have focused more on the success of the registration 
method rather than the bone localization accuracy. Accordingly, we also 
reviewed studies where segmented or enhanced bone surfaces were used 
for registration to a pre-operative modality. However, in order to fully 
characterize the overall guidance error of the developed image guidance 
system, bone surface localization error should be assessed. We fi nalize our 
review by discussing some of the recent works, investigated by various 
groups, which provide encouraging results and new directions for the 
incorporation of US imaging into various orthopedic procedures.

ACKNOWLEDGEMENTS
Th is work was supported in part by the National Institutes of Health 
(NIH-NIBIB 4R25EB014769).

REFERENCES
 1. Brown, R.A. A computerized tomography-computer graphics approach to stereotaxic 

localization. J. Neurosurg. 50, 715–720 (1979).
 2. Nolte, L.-P., Zamorano, L.J., Jiang, Z., Wang, Q., Langlotz, F. & Berlemann, U. Image-

guided insertion of transpedicular screws: A laboratory set-up. Spine 20, 497–500 
(1995).

 3. Jaramaz, B., DiGioia, A.M., III, Blackwell, M. & Nikou, C. Computer assisted measure-
ment of cup placement in total hip replacement. Clin. Orthop. Relat. Res. 354, 70–81 
(1998).

 4. Saragaglia, D., Picard, F., Chaussard, C., Montbarbon, E., Leitner, F. & Cinquin, P.  
[Computer-assisted knee arthroplasty: Comparison with a conventional procedure. 
Results of 50 cases in a prospective randomized study]. Revue Chirurgie Orthopedique 
et Reparatrice de l’Apareil Moteur 87, 18–28 (2001).

 5. Slomczykowski, M.A., Hofstetter, R., Sati, M., Krettek, C. & Nolte, L.-P. Novel computer-
assisted fl uoroscopy system for intraoperative guidance: Feasibility study for distal 
locking of femoral nails. J. Orthop. Trauma 15, 122–131 (2001).

 6. Ellis, R., Tso, C., Rudan, J. & Harrison, M. A surgical planning and guidance system for 
high tibial osteotomy. Comput. Aided Surg. 4, 264–274 (1999).

 7. Langlotz, U., Lawrence, J., Hu, Q. & Muller, M. Computer assisted total hip replacement: 
Preoperative planning and intraoperative execution. In: 4th International Symposium of 
CAOS (1999).

 8. Langlotz, F., Stucki, M., Bächler, R., Scheer, C., Ganz, R., Berlemann, U. & Nolte, L.-P. 
The fi rst twelve cases of computer assisted periacetabular osteotomy. Comput. Aided 
Surg. 2, 317–326 (1997).

 9. Linsenmaier, U., Rock, C., Euler, E., Wirth, S., Brandl, R., Kotsianos, D., Mutschler, W. & 
Pfeifer, K.J. Three-dimensional CT with a modifi ed C-arm image intensifi er: Feasibility. 
Radiology 224, 286–292 (2002).

10. Hott, J.S., Deshmukh, V.R., Klopfenstein, J.D., Sonntag, V.K., Dickman, C.A., Spetzler, 
R.F. & Papadopoulos, S.M. Intraoperative Iso-C C-arm navigation in craniospinal 
surgery: The fi rst 60 cases. Neurosurgery 54, 1131–1137 (2004).

11. Jaramaz, B., Hafez, M.A. & DiGioia, M.A. Computer-assisted orthopaedic surgery. 
Proc. IEEE 94, 1689–1695 (2006).

12. Zheng, G. & Nolte, L.-P. Computer-assisted orthopedic surgery: Current state and 
future perspective. Front. Surg. 2, 66 (2015).

13. Griffi n, J.W., Weber, A.E., Kuhns, B., Lewis, P. & Nho, S.J. Imaging in hip arthroscopy 
for femoroacetabular impingement: A comprehensive approach. Clin. Sports Med. 35, 
331–344 (2016).

14. Saito, M., Tsukada, S., Yoshida, K., Okada, Y. & Tasaki, A. Correlation of alpha angle 
between various radiographic projections and radial magnetic resonance imaging for 
cam deformity in femoral head–neck junction. Knee Surg. Sports Traumatol. Arthrosc. 
25, 77–83 (2016).

15. Mattei, L., Pellegrino, P., Calò, M., Bistolfi , A. & Castoldi, F. Patient specifi c instrumenta-
tion in total knee arthroplasty: A state of the art. Ann. Transl. Med. 4, 126 (2016).

16. Schotanus, M., Sollie, R., van Haaren, E., Hendrickx, R., Jansen, E. & Kort, N. A 
radiological analysis of the difference between MRI- and CT-based patient-specifi c 
matched guides for total knee arthroplasty from the same manufacturer. Bone Joint 
J. 98, 786–792 (2016).

17. Joskowicz, L., Milgrom, C., Simkin, A., Tockus, L. & Yaniv, Z. FRACAS: A system for 
computer-aided image-guided long bone fracture surgery. Comput. Aided Surg. 3, 
271–288 (1998).

18. Kraus, M., von dem Berge, S., Schöll, U., Krischak, G. & Gebhard, F. Integration of 
fl uoroscopy-based guidance in orthopaedic trauma surgery — A prospective cohort 
study. Injury 44, 1486–1492 (2013).

19. Ochs, B.G., Gonser, C., Shiozawa, T., Badke, A., Weise, K., Rolauffs, B. & Stuby, 
F.M. Computer-assisted periacetabular screw placement: Comparison of different 
fl uoroscopy-based navigation procedures with conventional technique. Injury 41, 
1297–1305 (2010).

20. Stöckle, U., König, B., Schäffl er, A., Zschernack, Y. & Haas, N. [Clinical experience 
with the Siremobil Iso-C (3D) imaging system in pelvic surgery]. Der Unfallchirurg 
109, 30–40 (2006).

21. Amin, D.V., Kanade, T., Digioia, A.M. & Jaramaz, B. Ultrasound registration of the bone 
surface for surgical navigation. Comput. Aided Surg. 8, 1–16 (2003).

22. Barratt, D.C., Penney, G.P., Chan, C.S., Slomczykowski, M., Carter, T.J., Edwards, P.J. 
& Hawkes, D.J. Self-calibrating 3D-ultrasound-based bone registration for minimally 
invasive orthopedic surgery. IEEE Trans. Med. Imaging 25, 312–323 (2006).

23. Beek, M., Abolmaesumi, P., Luenam, S., Ellis, R.E., Sellens, R.W. & Pichora, D.R. 
Validation of a new surgical procedure for percutaneous scaphoid fi xation using 
intra-operative ultrasound. Med. Image Anal. 12, 152–162 (2008).

24. Brendel, B., Winter, S., Rick, A., Stockheim, M. & Ermert, H. Registration of 3D CT 
and ultrasound datasets of the spine using bone structures. Comput. Aided Surg. 7, 
146–155 (2002).

25. Chen, T.K., Abolmaesumi, P., Pichora, D.R. & Ellis, R.E. A system for ultrasound-
guided computer-assisted orthopaedic surgery. Comput. Aided Surg. 10, 281–292 
(2005).

26. Grau, T., Leipold, R.W., Conradi, R., Martin, E. & Motsch, J. Effi cacy of ultrasound 
imaging in obstetric epidural anesthesia. J. Clin. Anesth. 14, 169–175 (2002).

27. Perlas, A. Evidence for the use of ultrasound in neuraxial blocks. Reg. Anesth. Pain Med. 
35, S43–S46 (2010).

28. Tran, D., Kamani, A.A., Al-Attas, E., Lessoway, V.A., Massey, S. & Rohling, R.N. Single-
operator real-time ultrasound-guidance to aim and insert a lumbar epidural needle. 
Can. J. Anesth. 57, 313–321 (2010).

29. Tran, D., Kamani, A.A., Lessoway, V.A., Peterson, C., Hor, K.W. & Rohling, R.N. 
Preinsertion paramedian ultrasound guidance for epidural anesthesia. Anesth. Analg. 
109, 661–667 (2009).

30. Yamauchi, M., Kawaguchi, R., Sugino, S., Yamakage, M., Honma, E. & Namiki, A. 
Ultrasound-aided unilateral epidural block for single lower-extremity pain. J. Anesth. 
23, 605–608 (2009).

31. Noble, J.A. & Boukerroui, D. Ultrasound image segmentation: A survey. IEEE Trans. 
Med. Imaging 25, 987–1010 (2006).

32. Moradi, M., Mousavi, P. & Abolmaesumi, P. Computer-aided diagnosis of prostate 
cancer with emphasis on ultrasound-based approaches: A review. Ultrasound Med. 
Biol. 33, 1010–1028 (2007).

33. Zhu, Y., Williams, S. & Zwiggelaar, R. Computer technology in detection and staging 
of prostate carcinoma: A review. Med. Image Anal. 10, 178–199 (2006).

1730004.indd   791730004.indd   79 5/31/2017   10:52:42 AM5/31/2017   10:52:42 AM



REVIEW

80 TECHNOLOGY  l  VOLUME 5  •  NUMBER 2  •  JUNE 2017
© World Scientific Publishing Co.

34. Katouzian, A., Angelini, E.D., Carlier, S.G., Suri, J.S., Navab, N. & Laine, A.F. A state-
of-the-art review on segmentation algorithms in intravascular ultrasound (IVUS) 
images. IEEE Trans. Inf. Technol. Biomed. 16, 823–834 (2012).

35. Molinari, F., Zeng, G. & Suri, J.S. A state of the art review on intima–media thickness 
(IMT) measurement and wall segmentation techniques for carotid ultrasound. Comput. 
Methods Prog. Biomed. 100, 201–221 (2010).

36. Schumann, S. State of the art of ultrasound-based registration in computer assisted 
orthopedic interventions. In: Computational Radiology for Orthopaedic Interventions 
(eds.) Zheng, G. & Li, S. (Springer, 2016), pp. 271–297.

37. Jain, A.K. & Taylor, R.H. Understanding bone responses in B-mode ultrasound images 
and automatic bone surface extraction using a Bayesian probabilistic framework. In: 
SPIE Proceedings (2004).

38. Tonetti, J., Carrat, L., Blendea, S., Merloz, P., Troccaz, J., Lavallée, S. & Chirossel, J.-P. 
Clinical results of percutaneous pelvic surgery. Computer assisted surgery using 
ultrasound compared to standard fl uoroscopy. Comput. Aided Surg. 6, 204–211 (2001).

39. Kowal, J., Amstutz, C., Langlotz, F., Talib, H. & Ballester, M.G. Automated bone 
contour detection in ultrasound B-mode images for minimally invasive registration 
in computer-assisted surgery: An in-vitro evaluation. Int. J. Med. Robot. Comput. Assist. 
Surg. 3, 341–348 (2007).

40. Daanen, V., Tonetti, J. & Troccaz, J. A fully automated method for the delineation of 
osseous interface in ultrasound images. In: International Conference on Medical Image 
Computing and Computer-Assisted Intervention (Springer, 2004), pp. 549–557.

41. Foroughi, P., Boctor, E., Swartz, M., Taylor, R. & Fichtinger, G. Ultrasound bone 
segmentation using dynamic programming. In: IEEE Ultrasonics Symposium (2007), 
pp. 2523–2526.

42. Lopez-Perez, L., Lemaitre, J., Alfi ansyah, A. & Bellemare, M.-E. Bone surface reconstruc-
tion using localized freehand ultrasound imaging. In: Annual International Conference 
of the IEEE Engineering in Medicine and Biology Society (2008), pp. 2964–2967.

43. Masson-Sibut, A., Nakib, A., Petit, E. & Leitner, F. Computer-assisted intramedullary 
nailing using real-time bone detection in 2D ultrasound images. In: International 
Workshop on Machine Learning in Medical Imaging (Springer, 2011), pp. 18–25.

44. Brendel, B., Winter, S., Rick, A., Stockheim, M. & Ermert, H. Bone registration with 
3D CT and ultrasound data sets. In: International Congress Series (Elsevier, 2003), pp. 
426–432.

45. Ionescu, G., Lavallée, S. & Demongeot, J. Automated registration of ultrasound with CT 
images: Application to computer assisted prostate radiotherapy and orthopedics. In: 
International Conference on Medical Image Computing and Computer-Assisted Intervention 
(Springer, 1999), pp. 768–777.

46. Beitzel, J., Ahmadi, S.-A., Karamalis, A., Wein, W. & Navab, N. Ultrasound bone 
detection using patient-specifi c CT prior. In: Annual International Conference of the 
IEEE Engineering in Medicine and Biology Society (2012), pp. 2664–2667.

47. Yan, C.X., Goulet, B., Pelletier, J., Chen, S.J., Tampieri, D. & Collins, D.L. Towards ac-
curate, robust and practical ultrasound-CT registration of vertebrae for image-guided 
spine surgery. Int. J. Comput. Assist. Radiol. Surg. 6, 523–537 (2011).

48. Penney, G.P., Barratt, D.C., Chan, C.S., Slomczykowski, M., Carter, T.J., Edwards, P.J. 
& Hawkes, D.J. Cadaver validation of intensity-based ultrasound to CT registration. 
Med. Image Anal. 10, 385–395 (2006).

49. Rasoulian, A., Abolmaesumi, P. & Mousavi, P. Feature-based multibody rigid registra-
tion of CT and ultrasound images of lumbar spine. Med. Phys. 39, 3154–3166 (2012).

50. Baka, N., Leenstra, S. & van Walsum, T. Machine learning based bone segmentation 
in ultrasound. In: International Workshop on Computational Methods and Clinical Ap-
plications for Spine Imaging (Springer, 2016), pp. 16–25.

51. Oppenheim, A.V. & Lim, J.S. The importance of phase in signals. IEEE Proc. 69, 529–541 
(1981).

52. Hacihaliloglu, I., Abugharbieh, R., Hodgson, A.J. & Rohling, R.N. Bone surface 
localization in ultrasound using image phase-based feature. Ultrasound Med. Biol. 35, 
1475–1487 (2009).

53. Hacihaliloglu, I., Abugharbieh, R., Hodgson, A.J., Rohling, R.N. & Guy, P. Automatic 
bone localization and fracture detection from volumetric ultrasound images using 3D 
local phase features. Ultrasound Med. Biol. 38, 128–144 (2012).

54. Hacihaliloglu, I., Abugharbieh, R., Hodgson, A.J. & Rohling, R.N. Automatic adaptive 
parameterization in local phase feature-based bone segmentation in ultrasound. 
Ultrasound Med. Biol. 37, 1689–1703 (2011).

55. Hacihaliloglu, I., Rasoulian, A., Rohling, R.N. & Abolmaesumi, P. Statistical shape model 
to 3D ultrasound registration for spine interventions using enhanced local phase 
features. In: International Conference on Medical Image Computing and Computer-Assisted 
Intervention (Springer, 2013), pp. 361–368.

56. Hacihaliloglu, I., Rasoulian, A., Rohling, R.N. & Abolmaesumi, P. Local phase tensor 
features for 3-D ultrasound to statistical shape+ pose spine model registration. IEEE 
Trans. Med. Imaging 33, 2167–2179 (2014).

57. Hacihaliloglu, I., Guy, P., Hodgson, A.J. & Abugharbieh, R. Automatic extraction of 
bone surfaces from 3D ultrasound images in orthopaedic trauma cases Int. J. Comput. 
Assist. Radiol. Surg. 10, 1279–1287 (2015).

58. Anas, E.M.A., Seitel, A., Rasoulian, A., John, P.S., Pichora, D., Darras, K., Wilson, D., 
Lessoway, V.A., Hacihaliloglu, I., Mousavi, P. et al. Bone enhancement in ultrasound 
using local spectrum variations for guiding percutaneous scaphoid fracture fi xation 
procedures. Int. J. Comput. Assist. Radiol. Surg. 10, 959–969 (2015).

59. Anas, E.M.A., Seitel, A., Rasoulian, A., John, P.S., Ungi, T., Lasso, A., Darras, K., Wilson, 
D., Lessoway, V.A., Fichtinger, G. et al. Bone enhancement in ultrasound based on 3D 
local spectrum variation for percutaneous scaphoid fracture fi xation. In: International 
Conference on Medical Image Computing and Computer-Assisted Intervention (Springer, 
2016), pp. 465–473.

60. Jia, R., Mellon, S.J., Hansjee, S., Monk, A., Murray, D. & Noble, J.A. Automatic 
bone segmentation in ultrasound images using local phase features and dynamic 
programming. In: IEEE 13th International Symposium on Biomedical Imaging (2016), 
pp. 1005–1008.

61. Berton, F., Cheriet, F., Miron, M.-C. & Laporte, C. Segmentation of the spinous process 
and its acoustic shadow in vertebral ultrasound images. Comput. Biol. Med. 72, 201–211 
(2016).

62. Quader, N., Hodgson, A. & Abugharbieh, R. Confi dence weighted local phase features 
for robust bone surface segmentation in ultrasound. In: International Workshop on 
Clinical Image-Based Procedures (Springer, 2014), pp. 76–83.

63. Ozdemir, F., Ozkan, E. & Goksel, O. Graphical modeling of ultrasound propaga-
tion in  tissue for automatic bone segmentation. In: International Conference 
on  Medical Image Computing and Computer-Assisted Intervention (Springer, 2016), 
pp. 256–264.

64. Novotny, P.M., Stoll, J.A., Vasilyev, N.V., Pedro, J., Dupont, P.E., Zickler, T.E. & Howe, 
R.D. GPU-based real-time instrument tracking with three-dimensional ultrasound. 
Med. Image Anal. 11, 458–464 (2007).

65. Kutter, O., Shams, R., & Navab, N. Visualization and GPU-accelerated simulation of 
medical ultrasound from CT images. Comput. Methods Prog. Biomed. 94, 250–266 
(2009).

66. Wen, X. & Salcudean, S. Enhancement of bone surface visualization using 
 ultrasound radio-frequency signals. In: IEEE Ultrasonics Symposium (2007), 
pp. 2535–2538.

67. Hussain, M.A., Hodgson, A.J. & Abugharbieh, R. Strain-initialized robust bone surface 
detection in 3-D ultrasound. Ultrasound Med. Biol. 43, 648–661 (2017).

68. Parmar, B.J., Yang, X., Chaudhry, A., Shajudeen, P.S., Nair, S.P., Weiner, B.K., Tasciotti, 
E., Krouskop, T.A. & Righetti, R. Ultrasound elastography assessment of bone/soft 
tissue interface. Phys. Med. Biol. 61, 131 (2015).

69. Zhuang, B., Rohling, R. & Abolmaesumi, P. Phase-factor-based beam forming to 
improve the visualization of hyper-echoic targets. In: SPIE Medical Imaging, International 
Society for Optics and Photonics (2017), pp. 1013910–1013910.

70. Ronneberger, O., Fischer, P. & Brox, T. U-Net: Convolutional networks for biomedical 
image segmentation. In: International Conference on Medical Image Computing and 
Computer-Assisted Intervention (Springer, 2015), pp. 234–241.

71. Moeskops, P., Wolterink, J.M., van der Velden, B.H., Gilhuijs, K.G., Leiner, T., Viergever, 
M.A. & Išgum, I. Deep learning for multi-task medical image segmentation in multiple 
modalities. In: International Conference on Medical Image Computing and Computer-
Assisted Intervention (Springer, 2016), pp. 478–486.

1730004.indd   801730004.indd   80 5/31/2017   10:52:42 AM5/31/2017   10:52:42 AM



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue true
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 901
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50055
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 901
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50055
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


