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Purpose
Carcinoma of the exocrine pancreas accounts for over 90 % of pan-

creatic tumors [1]: among these, 95 % are of pancreatic ductal

adenocarcinoma (PDAC) type.

Contrast-enhanced multi-detector computed tomography

(MDCT) is the most widely used imaging technique for pancreatic

cancer detection and staging. PDAC usually appears as an hypo-

dense area in MDCT images, after a venous medium contrast

administration. One of the main limits of this imaging technique is

that only vascularized tumor area, that is the inner one, looks

hypodense, and hypodensity decreases from the center to the

boundary of the tumor. Thus, the tumor boundary is difficult to

detect, because it is not easy to discriminate between health and

tumor tissue. The aim of this work is the realization of a 3D

reconstruction tool which provides a virtual model of the pancreas

in which the tumor mass is discriminated from the health tissue and

rendered preserving information on different hypodensity levels.

This information gives a better description of tumor morphology,

and it’s useful to identify resection margins in pre-operatory

planning.

The virtual model is sent to a 3D printer, to provide a physical

model to the surgeon, in order to increase adherence to the operatory

room reality.

Methods
The 3D reconstruction tool has been developed on abdominal MDCT

images with venous contrast medium injection, relating PDAC cases

with different superior mesenteric vein grade of involvement.

We perform a semiautomatic segmentation of the main abdominal

structures, using a specific tool, Endocas Segmentation Pipeline (ESP)

[2]. ESP has been developed at Endocas Research Laboratory of Pisa

(Italy), as a tool for the open source software ITK-SNAP (http://

www.itksnap.org) [3], based on ITK, VTK and FLTK libraries. This

segmentation tool is studied to face main problems in pancreas seg-

mentation: in fact, the pancreas is in contact to other abdominal

structures and cannot be easily distinguished from them, because of

great similarity in Hounsfield Unit.

Furthermore, ITK-SNAP software offers a manual segmentation

tool, which has been used to complete ESP with tumor mass seg-

mentation and indication of vascular and retroperitoneal involvement.

This feature has been useful to compare our tumor semiautomatic

segmentation to a manual one performed by an expert.

Once the segmentation of the whole pancreas and main abdominal

structures has been obtained through ESP, we perform image analysis

using Matlab� (R2007b, The MathWorks, Natick, MA). We first

import the label set in Matlab� environment, and we select labels of

interest (in our case, relating pancreatic parenchyma) through an

interactive interface. Selected labels are used as a filter mask, to

isolate the portion of interest in each MDCT slice. In this way, we can

apply discrimination algorithm only to those pixels that belong to

pancreatic parenchyma (see Fig. 1a). Discrimination between health

and tumor tissue is carried out using fuzzy logic. Fuzzy logic has been

preferred to other classification algorithms because it

1. allows the construction of flexible systems

2. is an intuitive approach, based on simple mathematical concepts

3. can be built on the experience of experts, in our case radiologists

4. is tolerant of imprecise data

In order to discriminate between health tissue and tumor mass, we

analyze each image pixel using specific criteria. After a preliminary

study, we have chosen the following ones:

Fig. 1 a Original MDCT image filtered by pancreas labels, b RGB image

resulting from the elaboration and c the corresponding volume rendering
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1. pixel similarity to the tumor mass center gray level

2. pixel similarity to the health tissue gray level

3. similarity of the 3x3 pixel neighborhood average to the gray level

of tumor mass center

The last criterion has been introduced to eliminate those pixels

with tumor-like gray level, but not belonging to the tumor mass.

To retrieve the above characteristics from images, we need an

interactive procedure, because of the great similarity between the two

tissue type densities. Thus, we provide an interactive interface to the

user, to select a characteristic gray level for tumor and health tissue,

directly on images. These values are used to initialize a Fuzzy

Inference System that is a system that carries out an input-output

mapping based on fuzzy logic. This is a fundamental passage to

develop a system able to adapt to different image datasets and not

affected by changes in tissue densities.

Our discrimination FIS analyzes each image pixel, giving in out-

put its probability of belonging to the tumor. The output ranges

between 0 and 1, where 0 denotes a pixel certainly coming from the

health tissue, and 1 refers to a pixel that surely belongs to the tumor.

We can remap the original image into a new RGB image that depicts

tumor hypodensity levels, thanks to a 64 level color map, defined

according to the surgeon (see Fig. 1b).

Results
We get a new pancreas label set, in which tumor is highlighted in

different colors, relating to various hypodensity levels. Evaluated

labels are re-inserted in the original label set, where pancreas labels

are replaced with the new ones. Then, we export labels from Matlab�
to ITK-SNAP, where they are rendered as a 3D volume. The resulting

model is completely navigable and structures visibility and trans-

parency can be set, in order to assess tumor relation with other

structures (see Fig. 1c and the detail).

The 3D reconstruction can be converted in a STL file, suitable for

3D printing: thus, we can provide to the surgeon both virtual (Fig. 2a)

and physical (Fig. 2b) model.

Conclusion
We have preliminary tested our algorithm effectiveness comparing

manual and semiautomatic segmentations of 6 PDAC cases with

different grade of superior mesenteric vein involvement. Tumor

morphology is correctly identified and additional information is given

by hypodensity levels. We have also realized a physical model, that

gives best adherence to reality, in surgeon opinion.
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Purpose
A joint histogram of two images is a two-dimensional (2-D) matrix

containing the number of intensities at the same position in the two

images. Computing joint histograms is a time consuming task in

image registration algorithms that use mutual information as a simi-

larity measure of reference and floating images. Thus, some

acceleration methods are required to rapidly construct joint histo-

grams for real-time registration of multimodality images.

The graphics processing unit (GPU) is an emerging accelerator not

only for graphics applications but also for general applications. Some

researchers tried to accelerate joint histogram computation using this

low-cost PC hardware. Shams and Kennedy implemented joint his-

togram computation on the compute unified device architecture

(CUDA). Their method has local joint histograms for threads that

count the number of intensities in their responsible region. After this

parallel computation, local joint histograms are reduced into a single

joint histogram.

Although the previous work showed successful acceleration

results, the performance can be improved by better utilization of the

memory hierarchy available in the GPU. The GPU has on-chip

memory called shared memory, which has short latency but with

small capacity. A challenging issue here is that the entire joint his-

togram cannot be stored in shared memory due to this capacity

limitation.

In this paper, we present a CUDA-based implementation capable

of rapidly computing joint histograms using on-chip memory for

acceleration of image registration. Our method solves the capacity

issue mentioned above by exploiting the sparse structure of joint

histograms.

Methods
As we mentioned earlier, medical images usually generate sparse joint

histograms. Furthermore, plots in their joint histogram come together

around the diagonal of the 2-D matrix, as the floating image

Fig. 2 Pancreas 3D virtual (a) and physical (b) reconstruction
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converges to an optimal solution (i.e., the reference image). There-

fore, we can reduce the data size of the joint histogram by eliminating

empty bins located far from the diagonal.

Suppose that we have a pair of images with n grayscale levels. Let

P(L) be a parallelogram with base L and height n - 1 having the

center on the diagonal, as shown in Fig. 1. Suppose that all plots exist

within P(L). Our method then stores bins located within P(L), as

shown in Fig.1. More formally, bins of the naive joint histogram are

transformed into those of our joint histogram as follows:

r0; f 0ð Þ ¼ r; f � r þ L=2ð Þ; ð1Þ

where (r, f) represents the location of the source bin in the naive data

structure and (r’, f’) represents that of the destination bin in the

proposed data structure.

Given a plot located at (r, f), our method checks if the plot exist

within P(L) or not. To do this, we evaluate the following condition:

r � L=2� f � r þ L=2: ð2Þ

According to this evaluation result, our method switches its

behavior as follows:

– If Eq. (2) is true for all plots, bins within P(L) are updated using

on-chip memory. Bins outside P(L) are not computed because

they are empty.

– Otherwise, all bins are computed using off-chip memory as the

previous method does.

For both modes mentioned above, threads fetch the values of their

responsible voxels to update the number of counts in their own local

joint histogram. Similar to the previous method, local joint histograms

are reduced into a single histogram to obtain the final result.

Note that L is determined according to n, the bin width, and the

capacity of shared memory. For instance, the data size of P(L) reaches

256L in bytes if 8-bit bins are used for 8-bit (n = 256) images. In this

case, we need L B 192 to store P(L) in shared memory whose

capacity is currently 48 KB at most.

Results
To evaluate our method in terms of execution time, we applied the

method to nonrigid registration. We used 512 9 512 9 256 voxel

images of the liver, which have n = 256 grayscale levels. We com-

pared our method with Shams’ method and a CPU-based method. All

methods employ the same registration algorithm that uses the

B-spline interpolation as a deformation model and normalized mutual

information as a similarity measure. GPU-based methods are imple-

mented using the CUDA while the CPU-based method is

multithreaded by OpenMP directives. Our experimental machine has

a quad-core 3.3 GHz Intel Core i5 2,500 K processor and an NVIDIA

GeForce GTX 580 card. We used CUDA 4.0 with Windows 7.

For four datasets (Fig. 2), our method takes 43.5–55.5 seconds to

align them. These results are 1.4 times faster than Shams’ method,

demonstrating the effectiveness of shared memory. In comparison

with the CPU-based method, our method achieves a speedup of

6.1–6.9 over the multithreaded implementation. Thus, our method

contributes to realize rapid nonrigid registration that completes

alignment within a minute.

Conclusion
We have presented an acceleration method for joint histogram com-

putation on the GPU. Our method exploits the sparse structure of joint

histograms to reduce their data size, making it possible to store them

in small shared memory. In experiments, we evaluated our method

with nonrigid registration of the liver. As a result, our method

achieved a speedup of 1.4 by using shared memory. We think that our

method is useful to accelerate registration algorithms that use mutual

information for multimodality alignment.
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Purpose
We have been studying 2D/3D registration method using Powell’s

algorithm to obtain the 3D motion of knee joint using bi-plane

dynamic fluoroscopy and 3D-CT images [1]. The 2D/3D registration

is performed for each frame of fluoroscopy image consecutively and

automatically. The failure of registration should be avoided because it

requires many operations to manually correct the parameter and

increases the total processing time. If flexion motion of knee joint is

fast, it is most likely that Powell’s algorithm provides a mismatch

because initial parameters are far from ideal parameters. In this paper,

a bi-gradient optimization algorithm combining Powell’s algorithm

with Nelder-Mead simplex algorithm is applied to overcome the fast

motion problem.

Methods
Fundamental 2D/3D registration algorithm
Flowchart of the 2D/3D registration algorithm is shown in Fig. 1.

Initially, both bi-plane dynamic fluoroscopy and static 3D-CT images
Fig. 1 Joint histogram organization. a The naive structure and b our

structure

Fig. 2 An axial image (a) before registration and (b) after

registration
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are acquired. Next, bone regions are segmented from the CT image

and made ready to be moved according to rotation and translation

parameters. Virtual fluoroscopy images called DRRs (digitally

reconstructed radiographs) are generated by projection of the 3D-CT

image in the same geometry as that of the real fluoroscopy system. A

cost function is defined by the similarity between the DRR and the

real fluoroscopy image. In this study, the gradient correlation was

used as the cost function.

Segmented bones in CT data are translated and rotated until the

cost function reaches an optimum value. In the previous study, the

Powell’s algorithm was used to optimize the translation and rotation

parameters of each bone. The resultant information provides the 3D

knee joint movement.

Bi-gradient optimization algorithm combined Powell’s with simplex
Plattard et al. introduced the combined algorithm with Powell’s and

simplex algorithm [2]. It is composed of the basic Powell’s and

simplex algorithm. First, simplex algorithm is applied for global

search. After that, Powell’s algorithm starts from optimal parameters

given by the previous simplex algorithm and searches more accurate

optimal parameters.

Initial parameter setting of simplex optimization step
In 3D rigid translation, seven initial parameter vectors are utilized in

the simplex optimization step. Three of seven vectors are set using

optimized parameters of the previous frame as:

P
1ð Þ

init tð Þ ¼ Popt t � 1ð Þ

P
2ð Þ

init tð Þ ¼ 2Popt t � 1ð Þ � Popt t � 2ð Þ

P
3ð Þ

init tð Þ ¼ 3Popt t � 1ð Þ � 2Popt t � 2ð Þ

ð1Þ

Here, Pinit
(j) = {Tx, Ty, Tz, Rx, Ry, Rz} represents jth initial parameter

vector including three translation parameters (Tx,Ty,Tz) and three

rotation parameters (Rx,Ry,Rz) at tth frame. Popt(t) represents

calculated optimum parameter vector by the 2D/3D registration

processing at tth frame. Other four parameter vectors are set based on

any of following procedures.

Uniform random setting (UR)
Initial parameter vector Pinit(t) is determined using the previous

optimum parameter and uniform random number as:

P
jð Þ

init;i tð Þ ¼ P
ðjÞ
opt;i t � 1ð Þ þ w;w�U �n; nð Þ; i ¼ 1; . . .; 6; j ¼ 4; . . .; 7ð Þ

ð2Þ

Here, i represents the index of vector P, w is random number gen-

erated between -n and n based on uniform random number. n is range

factor of uniform random number. This time, n was set to 2

empirically.

Modulated random setting (MR)
Similar to UR, the uniform random numbers are added to previous

optimum parameter as:

P
jð Þ

init;i tð Þ ¼ P
ðjÞ
opt;i t � 1ð Þ þ w;w�U �mi;mið Þ;

i ¼ 1; . . .; 6; j ¼ 4; . . .; 7ð Þ
ð3Þ

Here, mi represents the range of random number. Difference from UR

is to utilize the individual range for each parameter. Each range factor

is determined by calculating the average deviation during flexion

motion.

Knee motion model based setting (KM)
KM is a derived type of UR. The bias based on a knee motion model

is given to initial parameters. A knee motion model, d(t) is the

average parameter function of frame constructed from healthy and

patient’s knee datasets; the vertical axis denotes average parameter

value and the horizontal axis denotes frame number normalized

0 to 1.

P
jð Þ

init;i tð Þ ¼ P
ðjÞ
opt;i t � 1ð Þ þ Ddi t=Tð Þ þ w;w�U �n; nð Þ;

i ¼ 1; . . .; 6; j ¼ 4; . . .; 7ð Þ
ð4Þ

Here, Dd(t/T) represents difference between d(t/T) and d((t - 1)/T)

and T is number of frame of target dataset. Similar to the UR, n was

set to 2.

Experiment and results
An experiment was conducted for five datasets of patient to measure

the accuracy and processing time. In fluoroscopy image acquisition,

each subject flexed his/her knee joint from about 60 degrees flexion

angle to full extension. In order to simulate the fast flexion motion

and standardize the velocity of flexion motion, frames of fluoroscopy

image were resampled at proper intervals from 60 degrees flexion

angle to full extension. In this study, two kinds of velocity, i.e. 60 and

90 frames per flexion, were simulated.

These images were processed by seven optimization procedures

which are original Powell’s algorithm, original simplex algorithm

using three kinds of initial parameter setting procedure, and bi-gra-

dient optimization algorithm using three kinds of initial parameter

setting procedure, consecutively and automatically. The root mean

square error (RMSE), success ratio and processing time were evalu-

ated. We defined the case that error in at least one parameter exceeds

1 mm or 1 deg as failure. The obtained parameters using the previous

2D/3D registration technique with appropriate initial parameters for

each frame manually were defined as gold-standard parameters.

Table 1 shows results of experiment. (a) is the result of 60 frames

situation, (b) is the result of 90 frames situation. In both situations,

success ratios using original Powell’s or simplex algorithms were

around 60 %. On the other hand, success ratio of the bi-gradient

algorithm is more than 90 % except for 60 frames situation using MR

initial parameter setting method. Increase of processing time remains

small compared with the conventional Powell’s algorithm.

Fig.1 Flow of the 2D/3D registration

S74 Int J CARS (2012) 7 (Suppl 1):S71–S88

123



Conclusion
In this study, bi-gradient optimization algorithms were introduced for

2D/3D registration method to improve the robustness for fast knee

motion. We found through evaluation experiment with five patient

datasets that bi-gradient optimization algorithms can provide more

than 90 % success ratio of the 2D/3D registration without much

increase of processing time compared with the previous methods. In

order to further improve the success ratio, more intelligent initial

parameter setting procedures have to be developed.
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Purpose
In medical imaging applications of magnetic resonance imaging, the

acquired image is dependent on various chemical species as well as

the magnetic field inhomogeneity. The main utility of this scheme is

the suppression of unwanted signals from species such as fat, which

often obscures the underlying pathology. Since the induced frequency

shift causes image distortions in many MRI acquisition schemes, a

precise estimate of the field map is crucial in obtaining distortion-free

reconstructions.

In fact, MR water-selective imaging is a clinically relevant tech-

nique, since the suppression of the bright fat signal can improve the

detection of lesions and abnormalities [1]. In low field MRI, fat/water

separation is the only spectral technique available, since RF fat sat-

uration is not viable. The 2-point Dixon technique [2] allows lower

sampling frequencies to be used with respect to 3-point techniques,

with a benefit on SNR. However, the need of a phase map calculated

from out-of-phase images is a challenge for the subsequent phase

unwrapping. For such a purpose, a data conditioning step is usually

performed. It is often accomplished by a simple square box filtering of

the entire phase map [3].

In this work, more advanced data filtering algorithms are devised

and analysed, based on unconventional image processing algorithms,

to fit the peculiar characteristics of the MR tissue response in the

specific body regions under investigation.

Methods
Several sets of phase maps, extracted from the raw data stored on a

0.3 T MRI scanner (O-scan, Esaote, Italy [4]), were processed by

computer using the image processing platform Matlab. All filters

operate on the complex domain of phase signals (i.e. unit phasors),

since processing directly the phase angles leads to significant bias and

errors because of the circular nature of angular domain. A new class

of filters with adaptive spatial supports was devised and tested. The

filters operate on a square domain of size N but, unlike a standard

kernel filter, process only a subset of the pixels chosen by an auto-

matic clustering ad hoc procedure, according to the spatial coherence

of their phase values. The performed cluster consists of the M pixels

whose sum of absolute difference of phasors has the minimum value

over all the possible choices of M pixels out of N2. In other words, the

minimum ‘‘mean of absolute distance’’ criterion was adopted. This

criterion is non-linear and satisfies the requirement of accounting for

the phase of the majority of pixels inside the support, thus avoiding

averaging pixels that may eventually belong to different anatomic

structures. The M pixels are then filtered by averaging the M phasors.

In this work, clusters of M = 5, 13, and 25 pixels have been extracted

from N2 = 9 (3 9 3), 25 (5 9 5), and 49 (7 9 7) pixels, respectively.

Table 1 Results of experiment. (a): result of 60 frames/flexion situation, (b): result of 90 frames/flexion situation

Opti. method Init. method Translation [mm] Rotation (deg) Success ratio Proc. time [s/frame]

Tx Tx Tz Rx Ry Rz

(a)

Powell – 7.69 3.02 6.25 3.69 7.40 3.66 0.57 19.5

Simplex UR 1.30 0.40 0.99 0.64 1.74 2.14 0.48 5.1

MR 1.63 0.46 1.02 0.77 2.63 2.03 0.49 5.5

KM 0.67 0.29 0.63 0.43 1.12 1.43 0.63 5.5

Simplex + Powell UR 0.35 0.23 0.44 0.20 0.56 0.40 0.91 19.2

MR 6.20 2.24 3.80 0.61 0.49 1.39 0.88 18.9

KM 0.21 0.16 0.33 0.16 0.44 0.40 0.94 19.3

(b)

Powell – 7.62 3.90 9.14 7.38 6.58 2.18 0.57 16.5

Simplex UR 0.58 0.53 1.00 0.56 1.89 2.28 0.61 4.2

MR 1.51 0.60 1.35 0.81 2.52 2.90 0.49 4.1

KM 0.46 0.33 0.59 0.48 0.92 1.60 0.68 4.2

Simplex + Powell UR 0.61 0.19 0.32 0.19 0.46 0.31 0.94 17.0

MR 0.26 0.18 0.33 0.18 0.34 0.40 0.92 17.1

KM 0.31 0.20 0.35 0.20 0.44 0.40 0.93 16.7
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Results
The first target for the filtered phase maps is that they no longer show

any anatomical structure, but only the smooth shape of the static field.

The second is that the filter be able to follow the static field inho-

mogeneity, rapidly increasing with the distance from the isocentre.

The two targets require respectively a large and a small support,

making the use of an adaptive algorithm desirable. The first target is

readily obtained by letting N grow from 3 to 5; the adaptive filter also

has the ability to preserve the contours, not mixing pixels coming

from the noise background into the anatomical region under exami-

nation. Figure 1 shows the filtered phase maps (angles in radians),

with N = 3, 5, 7, left to right, respectively. However, a rapidly

changing phase cannot be properly filtered using a large support size,

and this results in errors (‘‘swaps’’) water-only image in peripheral

regions, although the smoothing operated by the large support enables

a better depiction of fine structures in the region near the image

centre. Figure 2 displays the water only images obtained from the

filtered phase maps with N = 3, 5, 7, respectively, where the

arrowheads indicate the ‘‘swapped’’ areas.

Conclusion
A novel phase image processing method has been devised to enhance

the quality of medical images in low field MRI based on fat/water

separation. The adaptive phase filtering enables removal of the

residual anatomical structure from the phase map, leading to a more

reliable phase unwrapping and fat-water separation of fine structures;

however, large support sizes cannot handle regions of quickly varying

phase. An adaptive support size, guided by the quality of the phase

data (in terms of smoothness and/or spatial derivatives) can be con-

sidered the next step in improving phase maps in Dixon-like

techniques. The obtained results show the effectiveness of the new

image processing method.
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Purpose
Boundary based active contours had three main traditional draw

backs: small capture range, sensitivity to noise and weakness of

concavity penetration. The small capture range has been conquered

by the gradient vector flow (GVF) force and some others. The

sensitivity to noise could be suppressed by the vector filed convo-

lution (VFC). Penetration into concavities is the last remained

drawback. Although some work such as Generalized GVF (GGVF)

tried to address the problem, but the GGVF and VCF that are both

generalized types of GVF did not handle the space between two

adjacent borders specifically. Subsequently, the external force could

not navigate the deformable model through the region between them

and the two disjoint objects segment as a uniform jointed shape

usually.

In this paper, we propose a new external force to enhance con-

cavity penetration of deformable models. For this reason, the

manifold regions—space between two adjacent borders—segment

and in continue, manifold force computes to complement the VCF

force. By this enriched force, the deformable model could penetrate in

narrow regions.

Methods
Snakes, Internal and External force

Active contour is an energy minimizing spline based on internal

constrains and external forces to guide the evolution. An energy

function E(c) can be defined on the contour as

E cð Þ ¼ Eint cð Þ þ Eext cð Þ ð1Þ

Where, Eint and Eext denote the internal and external energies

respectively. The internal constrains determines the regularity, i.e.,

smooth shape, of the contour with parameters control the tension and

rigidity of the contour commonly. At the minima of (1), the contour

must satisfy the Euler-Lagrange equation which could be formulated

as a force balance equation:

fint cð Þ þ fext cð Þ ¼ 0 ð2Þ

The external force is the sum of forces generated from contour

and/ or image. Different external forces have been proposed to

improve the performance such as edge based or region based forces.

Image gradient based force is once that most widely used that with

small attraction range needs near final border initialization. The

balloon force addresses this problem, but lead to leakage problem

when there are significant gaps in the image because of none zero

external force.

The GVF is defined by vector filed fgvf(x,y) = [ugvf(x,),ugvf

(x,y)] that minimizes the energy function

E gvf ¼
ZZ
½lðjru gvfj^2þ jrv gvfj^2Þ

þjrfj^2jf gvf�rfj^2�dx dy

ð3Þ

Where l is a parameter controlling the degree of the GVF filed and

the f is an edge map derived from the image. Generalized GVF has

been proposed to improve the ability to capture narrow concavities,

but it could not eliminate the problem completely because of global

gradient based operator of image.

Fig. 1 Phase maps (in rad) filtered with N = 3, 5, 7 (left to right)

Fig. 2 Water only images obtained from the filtered phase maps

(with N = 3, 5, 7)
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Manifold Force:
At the first step, the edges Detect based on global or local adaptive

edge detector operator. Local algorithm enhances the detection of

weak local edge that could be eliminated by global operators.

Euclidian distances transform computes based on noise eliminated

borders. Then, distance map analysis and ridge type region extracts.

The ridge height is the controlling parameter of the narrow region

width. In other word, the height of ridge type shape corresponded to

adjacent borders distance. The top of the ridge extract by gradient

vector analysis in distance map. This type of narrow detection in

distance map is more immune to noise than direct gradient vector

analysis of image.

After candidate extraction, Post processing algorithm applies such

as filling and thinning to achieve a skeleton of narrow manifold. the

manifold force computes in the skeleton direction that can be con-

veniently obtained by a 90 rotation of the gradient vector field. The

equilibrium equation of 3 changes as below:

fint cð Þ þ ð1� aÞ fVFC cð Þ þ asign f cð Þð ÞfNMF cð Þ ¼ 0 ð4Þ

The a is a control parameter to balance the force between traditional

VFC and local manifold force. The value is 1 in the manifold center

and by faring from it the external force back to the main traditional

force. Equation 5 is a used weighting functions for this purpose.

a ¼ exp½ �½ �^ðð �f NMFk kÞ=kÞ ð5Þ

One another Important parameters is sign(f(c)). Also the manifold

force is a one direction force by chain rule utilization; it must be

bidirectional forces to navigate the initial border to destination regard

less of different initialization location. The sign(f(c)) control the

manifold force direction to comply with the snake moving direction

calculate based in fint(c). The equation 6 does this task:

sign f cð Þð Þ ¼ �sign fint cð Þ:fNMF cð Þð Þ ð6Þ

Results
We compared our method to the GVG, GGVF and VCF due to their

abilities to address difficulties in the previous snakes. The proposed

algorithm tested in synthetic deep narrow U shape and CT scan for

bone joint segmentation as medical image example. The proposed

method could overcome to narrow concavity penetration problem. In

Figure 1, the different step of proposed algorithm and the results are

considered. It must be mentioned, we are not able to modify the

gradient vector flow locally in conventional methods, but based on the

two different static forces, the force direction in the manifold region

could be changed, Fig 1e.

Conclusions
In Fig. 1 you can see that the proposed algorithm results are obviously

better than GGVF and VCF. It is clear that the boundary curve of the

new enriched external force got deeper into the concave regions while

preserving the boundary smoothness.

Although the edge detection enhances by local adaptive methods,

if the borders does not detect at the first step, the manifold force could

not be calculated.

The new external force is a static force and not depends on the

contour location, therefore not leads to more computation time.

Moreover, the proposed method utilize a new semi dynamic force acts

based on the snake position and subsequently better convergence with

no more computation cost.

Fast reconstructed radiographs from Octree compressed CT

M. Fisher1

1University of East Anglia, Computing Sciences, Norwich, United

Kingdom

Keywords Reconstructed radiographs, GPU acceleration, 2D-3D

registration, Data visualization

Purpose
The generation of simulated x-ray images from CT volumetric data is

a key step in 2D-3D registration for image-guided surgery and patient

alignment in radiation oncology. The evaluation of a line integral

through the volume by raycasting is an established rendering tech-

nique for this task.

However, as 2D-3D registration is achieved by iteratively solving

an optimization problem in 6-degrees of freedom, the considerable

number of reconstructed x-ray images needed by the process is an

acknowledged bottleneck. Shear-warp and lightfield rendering have

been proposed as optimizations of raycasting but the performance of

both of these is ultimately constrained by memory access time. Par-

allel processing can speed-up the process, and recent work has been

Fig. 1 a Femur and pelvis bone joint in a CT Image as a concave

region, the blue rectangle is focused in the continue images.

b Extracted manifold region based on proposed algorithm (red lines).

c Tradition external force compute based on GGVF. d Traditional

external force compute based on VCF. e Proposed external force

consists of conventional external force i.e. GGVF- green arrows- and

proposed manifold force—red arrows. f Final proposed external

force. g Initial contour and the final result of traditional GGVF.

h Initial contour and the final result of the algorithm
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done to investigate the most appropriate partitioning of tasks between

GPU and CPU. Recently the direct projection of voxels to the imaging

plane, originally proposed in the 1990s has become a viable alter-

native approach due to the availability of high performance graphics

processing unit (GPU) hardware. Previous work has demonstrated

that direct projection of voxels easily outperforms brute force ray-

casting by a factor of 10–20 but the quality of images is severely

limited due to the precision with which numbers are stored at the GPU

and aliasing effects.

Typically, only a small fraction of voxels lie within structures that

present significant x-ray absorption and many of the voxels are within

the surrounding. Some implementations of raycasting and direct

projection algorithms take advantage of this by applying a threshold.

Typically they only render the 10 % or so of voxels which represent

bony tissue. Octree compression is another approach which can be

used to eliminate redundant information in volumetric data. Previous

work has shown when used within a 2D-3D registration framework,

Octree compressed CT volumes of 93 % deliver clinically acceptable

registrations. In this work we show that direct projection of an Octree

compressed volume provides better performance and image quality.

This work aims to show that Octree compressed volumes can be

rendered by direct projection using the GPU at a quality that does not

compromise the 2D-3D registration accuracy.

Method
A CT volume quantised in 256 x 256 x 133 mm3 voxels was used in

this study. Simulated reference x-ray images were reconstructed using

a conventional raycasting algorithm. The volume was subject to an

Octree compression and representations of the internal spaces were

encoded as particle sprites which are subject to a perspective pro-

jection to the viewing plane by the vertex shader. The fragment

shader renders the particles using a ‘cuboid’ texture which is gener-

ated in real time (on-the-fly) to simulate absorption at each voxel

(dependent on orientation). This is achieved using a textbook ‘ray-

box’ intersection algorithm working at a reduced resolution of

64 x 64 pixels. This approach reduces aliasing, compared with similar

techniques that use fixed Gaussian texture models and so-called

‘wobbled splatting’. Both vertex and fragment shaders are imple-

mented using OpenGL shading language (v1.2).

Normalised cross-correlation is used to assess the similarity of

reconstructed x-rays produced by raycasting and direct projection.

The reference (raycast) radiograph and the direct projection

derived from the Octree volume represent the total number of image

pixels. In this case images are the same size and both are rendered

using identical 3D geometry.

Results
Examples of digitally reconstructed radiographs from the raycasting

and direct projection algorithms are shown in Fig. 1.

The time required to render the direct projection depends on the

compression factor (see Table 1).

Possible accuracies that might be possible within a 2D-3D regis-

tration approach were assessed by a generating a correlation surface

matching a reference x-ray reconstruction produced by a conventional

raycasting approach and an uncompressed volume with a direct

projection of a Octree volume compressed at 96.4 % (Fig. 2). This

surface is similar to that published previously but rendered with a

conventional raycasting approach.

Conclusion
Compression artefacts normally apparent in raycast x-ray reconstruc-

tions of Octree compressed volumes are reduced in the direct projection
Fig. 1 Examples of DRRs produced by raycasting and direct

projection

Table 1 Rendering times

Intel Xeon CPU 2.67 GHz

(4 cores)

Intel Xeon CPU 2.27 GHz

(8 cores)

nVidia FX 350 nVidia GTX 580

Compression Raycasting Direct

projection

Raycasting Direct

projection

96.4 % 1.8 Hz 58.0 Hz 2.0 Hz 400 Hz

94.6 % 1.8 Hz 40.6 Hz 2.0 Hz 380 Hz

91.5 % 1.8 Hz 33.7 Hz 2.0 Hz 360 Hz

87.2 % 1.8 Hz 24.5 Hz 2.0 Hz 270 Hz

75.3 % 1.8 Hz 15.7 Hz 2.0 Hz 168 Hz

Fig. 3 Correlation surface showing match between uncompressed

reference (raycast x-ray) and compressed (96.4 %) projection

Fig. 2 Example texture, (generated on-the-fly)
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because particles are subject to a perspective transformation. The visual

quality of reconstructions directly rendered from Octree compressed

data appears to be higher than that derived from raycast.

Early results of x-ray reconstructions from direct projection of

Octree compressed volumes suggest that this approach may be able to

deliver performance and image quality necessary for real-time 2D-3D

registration.

TubeTK: an open-source toolkit of algorithms operating
on images of tubes
D. Pace1, A. Enquobahrie1, P. Reynolds1, J. Jomier2,

E. Bullitt3, S. Aylward1

1Kitware Inc, Carrboro, United States
2Kitware SAS, Villeurbanne, France
3Neurosurgeon, Chapel Hill, United States

Keywords Medical imaging � Tubular structures �
Image processing and analysis � Open-source software

Purpose
Tubes are a common geometrical structure that occur at multiple

scales throughout the body and are visible in a variety of medical

imaging modalities. Examples of anatomical tubular structures include

blood vessels, nerves, bile ducts and bronchi. Quantifying tubular

structures extracted from medical images provides a way of measuring

anatomical response to disease status. We have shown, for example,

that vascular tortuosity can be used to grade both tumor response to

treatment [1] and the progression of retinopathy of prematurity. Also,

preservation of vasculature structures is a common treatment goal that

also motivates tube segmentation. Furthermore, the geometry of tubes

equates to image features that are insensitive to noise, contrast, and

imaging modality [2], and therefore not only support anatomic quan-

tification but also provide a basis for image registration [3]. We have

shown, for example, that tubes in computed tomography, magnetic

resonance imaging and ultrasound support image registration for

longitudinal change detection, image-guided interventions and statis-

tical atlases formation to distinguish populations.

With these applications in mind, our goal is to develop a software

toolkit of algorithms for images depicting tubular structures. Driving

clinical applications for our toolkit include using vascular features to

(1) align intra-operative ultrasound with pre-operative images during

image-guided brain tumor resection and abdominal ablation inter-

ventions, (2) achieve image-based quantification of retinal diseases

and of tumor progression, and (3) parameterize populations to identify

biomarkers for stroke and schizophrenia.

Methods
We have developed an open-source software library ‘‘TubeTK’’ for

segmentation, registration and analysis of images depicting tubular

structures (www.tubetk.org). TubeTK currently includes software for:

• Tube segmentation based on centerline extraction and radius

estimation, which operates on 2D and 3D images acquired from

multiple modalities such as MR angiograms, X-ray CT, and

B-mode ultrasound [2].

• Vessel and surface enhancing diffusion filtering, based on local

image geometry measures [4].

• Tube tortuosity metrics, which have been shown to be predictive

of vascular abnormalities in the brain [1] and retina.

• Vascular network model-to-image registration that operates across

modalities [3].

TubeTK also provides implementation of several medical imaging

algorithms that take advantage of other image geometrical constructs

(e.g., points and surfaces), in addition to some that are generally

applicable, including:

• Image registration that aligns images of sliding anatomy, such as

respiration-induced sliding of the lungs and abdominal organs

against the chest wall [5].

• Probability density function (PDF)-based image segmentation,

which inputs a rough initial segmentation and incorporates

interactive refinement.

• Fundamental image processing algorithms, such as edge-enhanc-

ing, coherence-enhancing and hybrid anisotropic diffusion filtering.

• ‘‘ImageMath’’: an easy-to-use command line interface to many of

ITK’s basic image processing capabilities, such as histogram-

based filtering, thresholding, blurring, resampling, image-fusion

and image statistics.

• ‘‘tubeImageViewer’’: a light-weight application for 3D image

viewing.

TubeTK’s algorithms are implemented in C++ with extensive use

of ITK (www.itk.org) and VTK (www.vtk.org), and also using CTK (

www.commontk.org) and Qt. TubeTK provides both a command line

interface and integration with the 3D Slicer open-source medical

imaging application (www.slicer.org). The project undergoes nightly

regression testing with online dashboard reporting using CMake/

CTest/CDash (www.cmake.org), representing high-quality software

engineering practices. The source code is distributed within an online

git repository (www.tubetk.org/tubetk.git) under the Apache 2.0

license, and thus is freely available for use by both non-commercial

and commercial organizations.

Results
Example results of image processing and analysis using TubeTK are

shown in Figure 1. Figure 2 shows screenshots of TubeTK’s software

in operation.

Fig. 1 a Vessels, liver and tumor models extracted from multiple,

registered CT scans taken at different phases of contrast progression.

b A 3D model of a patient’s intracranial arteries, colored by

connectivity, and overlaid on one slice of visualization of a vascular

atlas that depicts expected vessel locations (red cloud) and regions

having equal probability of containing a vessel segment (green
parcellation of space)

Fig. 2 Screenshots of TubeTK’s (a) command-line interface, b inte-

gration in 3D Slicer, c tubeImageViewer

Int J CARS (2012) 7 (Suppl 1):S71–S88 S79

123

http://www.tubetk.org
http://www.itk.org
http://www.vtk.org
http://www.commontk.org
http://www.slicer.org
http://www.cmake.org
http://www.tubetk.org/tubetk.git


Conclusion
The development of algorithms specially designed for image-based

analysis of tubular structures has wide implications for image-guided

diagnosis, interventions, and disease monitoring. We have presented

TubeTK, an open-source software toolkit that distributes a variety of

medical imaging algorithms for images depicting tubular structures,

with the aim of accelerating research, development and clinical

translation in the field.
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Purpose
To develop a method to segment the small bowel on high-resolution

contrast-enhanced CT scans using the mesenteric vasculature as a

roadmap.

Methods
The method is motivated by the strong anatomic relationships

between the mesenteric vasculature and the small bowel, and the fact

that the segmentation of the mesenteric vasculature is easier than that

of the small bowel on contrast-enhanced CT scans. The method

consists of three steps.

First, to reduce the effect of line-like structures in fat and occlu-

sions of bones, the internal abdomen region of the body is

automatically identified. The subcutaneous fat, spine and pelvic bones

are removed from the outside in using region growing, morphological

techniques and adaptive thresholding [1, 2].

Second, the mesenteric vasculature is automatically extracted to

create a map. In this step, multi-view multi-scale Frangi’s line-

structure filters [3] are used on maximum intensity projection (MIP)

images to detect vessels, where the MIP image slabs are generated by

rotating and resampling the 3D coronal volume. Then, non-vessel

lines (false positives) located at the edges of abdominal organs and

tissues are detected and deleted. In this step, we use the expected

Gaussian distribution of vessel profiles and the Kullback-Leibler

distance [4] measurement between candidate distribution and the

reference, where the lines detected by the filter are the candidates

while the true vessels are the references. Vessels which supply the

large bowel and organs other than the small bowel are excluded based

on a local distance map, where scale-based thresholds of membership

values are used.

Third, the small bowel region is segmented using the mesenteric

vasculature map. A connected component method is used to detect the

vessel bifurcations in MIP images and construct chains of bifurcation

points to make it easier to map the structure of the mesenteric vas-

culature. Then, the extrema points of the mesenteric vasculature map

are detected. These extrema points are connected to the last points in

each bifurcation chain and identify the mesenteric side of the small

bowel wall. From the mesenteric side of the small bowel wall, fuzzy-

connectedness [5] is used to identify the opposite side of the small

bowel wall (the ‘‘anti-mesenteric’’ side).

To evaluate the performance of our system, high-resolution con-

trast-enhanced abdominal CT scans of six patients suspected of having

small bowel carcinoid tumors were acquired at 1 mm thickness and

0.5 mm reconstruction interval, following oral administration of

Volumen and intravenous administration of Isovue-300. The mesen-

teric vasculature of one case and small bowels of six cases were

manually labeled as the standard-of-reference for evaluation.

Results
An example of the small bowel segmentation is shown in Fig. 1. The

method could automatically detect mesenteric vessels with diameters

as small as 1 mm. The average point-to-point volume overlap (seg-

mentation accuracy) for the vessels was 82.3 % with a 3.6 % false

positive rate. The small bowel segmentation accuracy was 79.3 %

with 3.8 % standard deviation, and the false positive rate was 21.2 %

with 4.5 % standard deviation. False positives were mainly located on

nearby solid organs and soft tissues with intensity similar to small

bowel. False negatives were mainly a consequence of having missed

small mesenteric vessels.

Conclusions
We proposed a novel mesenteric vessel map-guided framework for

segmenting the small bowel. The preliminary results show that the

mesenteric vasculature can be used as a roadmap to accurately locate

the small bowel. The small bowel segmentation may have application

for automated detection of small bowel tumors such as carcinoid.
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Purpose
Segmentation of intracranial tumors in magnetic resonance (MR) data

sets and classification of the tumor tissue into vital, necrotic, and

perifocal edematous areas is required in a variety of clinical appli-

cations. Manual delineation of the tumor tissue is a tedious and error-

prone task, and reproducibility is limited. Fully automatic tumor

segmentation and classification algorithms on the other hand may fail

in a lot of cases, since tumor tissue is not uniform, and its appearance

in MR data sets is highly variable.

A variety of automatic segmentation approaches for intracranial

tumors in MR data can be found in the literature, which are mainly

based on statistical and variational methods. Tumor tissue classifi-

cation mostly requires information of several MR protocols and

contrasts. We developed a nearly automatic segmentation and clas-

sification algorithm for intracranial tumor tissue working on T1

weighted contrast enhanced (T1CE) and fluid attenuated inversion

recovery (FLAIR) data sets [1,2]. Both are included in clinical routine

MR intracranial tumor protocols. Generally, in T1CE the vital tumor

appears hyperintense, and the enclosed non-enhancing region

corresponds to necrosis. In FLAIR the perifocal edema is hyperin-

tense. This complementary information is used for tumor

segmentation and tumor tissue classification.

Methods
The segmentation and classification algorithm for intracranial tumor

tissue working on T1CE and FLAIR data sets presented here is based

on a region growing technique for identifying hyperintense regions.

The main required user interaction is a mouse click to provide the

starting point in the enhanced tumor part in the T1CE data set. The

region growing thresholds are automatically adapted to the require-

ments of the actual data sets [3]. The region growing is applied

alternatingly on the T1CE and FLAIR data sets, first on a coarse

resolution, and subsequently on the original resolution. Segmented

regions in the T1CE and FLAIR data sets are transferred from one to

the other by a global rigid 3D transformation. The so identified

hyperintense regions in the T1CE and FLAIR data sets are classified

as vital tumor tissue and edema, respectively. The necrotic tumor part

is defined as being enclosed by vital tumor tissue. Alternatively, a ray

search criterion can be used for identifying the necrosis [4].

If the automatic segmentation result is not fully satisfying, the user

is allowed to adapt the algorithmic parameters for final fine-tuning.

We developed a user interface, where the data sets can be loaded, the

segmentation can be started by a mouse click, the parameters can be

amended, and the segmentation results can be saved. With this user

interface, the proposed segmentation and classification tool can be

used in the hospital on an image processing workstation or even

directly on the MR scanner.

For validation, the segmentation results were rated on a five-point-

scale (see Tables 1, 2). With ‘‘slightly over-’’ or ‘‘slightly under-

segmented’’ those results were rated which deviated from the visually

correct segmentation by less than about 25 %, i.e. these segmenta-

tions were oncologically acceptable. Hence as satisfactory matching

results (‘‘ok’’) and ‘‘slightly under-’’ or ‘‘slightly over-segmented’’

results were considered. In a first validation round data of 19 patients

(aged 24–77 years, mean age 61 years) with 20 intracranial tumors

(15 glioblastomas, 5 meningiomas) were investigated. The segmen-

tation was done in the research lab, and the results on two

representative slices out of each of these 3D data sets were sent to the

hospital for evaluation by two experienced neuroradiologists in con-

sensus. Finally the segmentation tool was implemented on an image

processing workstation at the University Hospital Bonn, Germany.

Further 20 patient cases (aged 31-85 years, mean age 57 years) with

20 glioblastomas were segmented with this tool directly by the

neuroradiologists.

Table 1 Results of the first validation round on 20 cases of human intracranial tumors (15 glioblastomas, 5 meningiomas)

Severely

under-segm. (%)

Slightly

under-segm. (%)

Ok (%) Slightly

over-segm. (%)

Severely

over-segm. (%)

)Satisfactory

(%)

vital tumor 5 32 58 5 0 95

necrosis 10 0 70 20 0 90

edema 8 12 50 28 2 90

The segmentation on two representative slices out of the 3D data sets was rated by two experienced neuroradiologists in consensus

Table 2 Results of the second validation round on 20 cases of human glioblastomas

Severely

under-segm. (%)

Slightly

under-segm. (%)

Ok (%) Slightly

over-segm. (%)

Severely

over-segm. (%)

)Satisfactory

(%)

vital tumor 30 45 20 5 0 70

necrosis 30 20 45 5 0 70

edema 5 30 50 10 5 90

The segmentation was rated on all slices by two experienced neuroradiologists in consensus
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Results
The results of the first validation round can be seen in Table 1. In

85 % of the 20 test cases, all three tumor tissue types (vital tumor,

necrosis and edema) are satisfactorily segmented in the two repre-

sentative slices. The results of the second validation round are shown

in Table 2. Since now all slices are included in the rating, the fraction

of satisfactory results is lower compared to the first validation round.

In the majority of cases, the segmentation algorithm yielded satis-

factory results for all three tumor tissue types.

Conclusion
We developed a robust segmentation and classification algorithm for

intracranial tumor tissue working on a combination of T1CE and

FLAIR data sets, based on a region growing technique. With a few

seconds computation time the algorithm is fast enough for clinical

routine use. The validation study on 20 cases of human intracranial

tumors (glioblastomas) showed satisfactory results in the majority of

the cases. Major problems occurred in the tumor bearing edge slices

where all three tumor tissue classes are mainly under-segmented. This

problem will be addressed in future research, before the algorithm can

be tested in clinical routine. Furthermore it is planned to add a vol-

umetric evaluation procedure, such that the tumor segmentation and

classification tool can be directly applied in the daily work in the

hospital, for instance in tumor grading and therapy response

monitoring.
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Purpose
Cardiac functional analysis models the motion of the valves and

major compartments of the heart from CT angiography images to

measure indicators such as ejection fraction, left ventricular mass and

stroke volume. Automatic identification of the major compartments of

the heart provides the volumes for these measurements in less time

than if segmented manually. The segmentations can be used to aid

volume visualisation by, for instance, selectively masking out some

compartments. The segmentations can also be used to generate

standard cardiac views such as the four-chamber and short-axis views.

A fully automated algorithm for the segmentation of the superior
vena cava, pulmonary trunk, right atrium & right auricle, right
ventricle, aortic root, left endocardium, left epicardium, left myo-
cardium and the left atrium & left auricle is presented (see figure 1).

Methods
This algorithm takes cues from [4] (in the domain of MR neurology)

whereby a model of tissue/structure classes (c) based on position

(i) and intensity (x) is used. Non-linear registration is used to align the

datasets to an arbitrarily chosen reference dataset. This allows posi-

tion to be used as a feature. This is modeled via Bayes’ theorem:

p cjx; ið Þ / p xjc; ið ÞpðcjiÞ

p cjið Þ can be viewed as a collection of probabilistic masks. For a fixed

position and class, the intensity model p xjc; ið Þis a Gaussian distri-

bution, but the parameters of the Gaussian are allowed to vary at each

point (see Fig. 2). These parameters are inferred off-line from training

data. Each voxel in the novel image is then labeled used MAP esti-

mation. We call this probabilistic generative model a ‘‘spatially

varying Gaussian classifier’’ [4] uses this model to segment tissue

types and compartments within the brain and in the domain of MR,

and we believe that this is the first time this model has been used

outside MR neurology.

Notable differences between [1] and the approach presented here

is the method by which the problem of over-fitting is tackled. The

‘‘spatially varying multivariate Gaussian classifier’’ will generally

have a huge number of parameters and consequently is subject to the

problem of over-fitting. We propose to produce a Gaussian distribu-

tion for every point in the reference but have this calculation

potentially involve every sample in the training volumes, but with

Fig. 1 Automatic segmentation of the heart segmented into several

compartments. Clockwise from the top: Left atrium and left auricle,

pulmonary artery, left endocardium, left epicardium, left myocar-

dium, right endocardium, aortic root
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different weights depending on their distance. This is done via the use

of the general equations for weighted prior, mean and variance. Direct

application of these expressions would be prohibitively expensive so

we have derived algebraically equivalent expressions which render

the calculation tractable in terms of quotients of convolutions of

volumes.

Results
The algorithm was evaluated numerically by measuring the mean

distance in millimeters between the surfaces of the automatically

generated segmentations to the surface of the corresponding user

collected segmentations (ground truth) for 29 datasets.

A leave-one-out strategy is used to make maximum usage of the

data. The dataset which is used as the atlas for the purposes of reg-

istration has been removed from the evaluation on the grounds that

the method would be biased towards this dataset. Our method is

compared to several state of the art algorithms in the same domain.

Kirisli et al [1] acquire segmentations by non-linearly registering 7

atlases to the novel and using majority voting to combine the results

from each. Both Ecabert et al. [2] and Zheng et al. [3] use deformable

models [2] uses a multi-stage approach involving generalised hough

transform, similarity transform alignment, compartment alignment

and then full mesh deformation. In [3] the initial localization problem

is treated as a classification problem and the most likely fit is deter-

mined using marginal space learning and steerable features followed

by a fine to coarse scale mesh point refinement (Table 1).

Conclusion
The spatially varying classifier method is shown to approximately

match the performance of other state of the art algorithms in the field.

Kirsli et al outperforms this algorithm but the number of patients for

which it was evaluated is low. Our runtime is significantly lower since

only one registration is required for this algorithm whereas 7 are

required for Kirsli. Our algorithm performs similar or better to Zheng

et al for most of the compartments but their algorithm is much faster.

Ecabert et al has a similar performance to our own for most of the

compartments although the performance of ours is significantly worse

in the presence of low contrast (right compartments).

Because our algorithm models the intensity at each point, intensity

information can be used to partially compensate for bad registration.

For instance if registration does not exactly align the novel with the

reference image because exact alignment is topologically impossible

or would require a highly tortuous deformation, the segmentation can

still be recovered by analyzing the intensities.

On inspection, the majority of poorly segmented compartments

are due to the presence of turbulent or irregular intensity in some

compartments which leads to highly tortuous and unrealistic seg-

mentations. This indicates that there is no model of shape, unlike [2]

and [3], and an explicit model of shape in the form of a spatially

varying Markov random field may be used to enforce shape con-

straints. The intensity model generalizes well to multiple intensity

features. The inclusion of derived features, such as scale space fea-

tures, neighbouring intensities or spatial derivatives within the same

flexible framework, may lead to further improvements.

The strength of the presented model is its conceptual simplicity

and applicably to a wide range of problems. (The same algorithm has

been used to segment neuroanatomical structures in the human brain

[4] and grey matter white matter).
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Fig. 2 Spatially varying classifier. At each point a separate Gaussian

model of intensity together with a spatial prior is used to label the

novel dataset

Table 1 Comparison of our method to state of the art

Technique Patients LA AorticRoot EndoLV EpiLV RV Pulmonary RtAtrium Runtime

Our method 29 0.76 ± 0.43 0.69 ± 0.61 0.80 ± 0.71 1.13 ± 0.89 1.48 ± 0.91 1.64 ± 1.11 2.34 ± 1.18 *1 min

Kirisli et al. 8 0.66 ± 0.84 0.44 ± 0.56 0.64 ± 0.63 1.04 ± 1.15 1.40 ± 1.88 – 1.44 ± 1.88 *20 min

Ecabert et al. 13 0.71 ± 0.88 0.74 ± 0.89 0.98 ± 1.32 0.82 ± 1.07 0.89 ± 0.96 0.83 ± 1.05 0.89 ± 0.96 –

Zheng et al. 186 1.32 ± 0.42 1.57 ± 0.48 1.13 ± 0.55 1.21 ± 0.41 1.57 ± 0.48 – 1.57 ± 0.48 *4 s

Distance in the form of mean ± SD

All distances measured in millimeters
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Purpose
Computed tomography is the primary modality for imaging lung

cancer patients. However, the problem is that in the native CT scans

the lung regions with the atelectasis and with the malignant tumors

have quite similar attenuation values. The mean intensity of atelec-

tasis area is 36.9 ± 6.5 Hounsfield units (HU) while for the malignant

tumors it is varies in a window of 37.0 ± 7.7 HU. Therefore the

visual discrimination and separation of the atelectasis and tumor is

hardly possible [1].

Recently, some advanced methods of detecting hardly visible

borders between the random image textures have been suggested

[2, 3]. Moreover, it was experimentally proven that these methods

capitalizing on so-called ‘‘generalized gradient’’ are able to highlight

the border which is poorly visible or completely invisible for human

eye [3, 4].

The purpose of this particular paper is to present results of an

experimental study of the ability of the generalized gradient method

to highlight hardly visible tumor borders under condition of adjacent

atelectasis in native CT images of lung cancer patients.

Methods
Materials
In this study we used 40 CT images of the chest of patients with lung

cancer and the atelectasis of a portion of the lung as diagnosed by a

qualified radiologist and confirmed histologically. Thirty three of

them were males and remaining seven were females. The age of

patients ranged from 41 to 80 years with the mean value of 61.7 years

and standard deviation of 8.7 years.

CT scanning was performed on a multi-slice Volume Zoom Sie-

mens scanner with the standard clinical kV and mA settings during

the one-breath hold. The voxel size of 9 tomograms was in the range

of 0.65–0.74 mm in the axial image plane with the slice thickness

equal to the inter-slice distance of 1.5 mm. The voxel size of 31

remaining tomograms was 0.68 mm in the axial image plane with the

slice thickness equal to the inter-slice distance of 5.0 mm. No intra-

venous contrast agent was administered before the collection of scan

data what is a significant detail of present study.

The generalized gradient method
The generalized gradient (GG) method was first introduced as so-

called classification gradient [4] and slightly improved afterwards.

The generalized gradient method treats the voxel values taken from

halves of appropriately sized sliding window as two samples that need

to be compared by a suitable way. Once it is done, the value of

corresponding dissimilarity measure is treated as a ‘‘gradient’’ value

at the current sliding window position for given orthogonal orienta-

tion X, Y and Z. The sets of voxels may, for example, be compared in

a statistical manner using conventional t test or using some classifi-

cation procedure of comparing two samples of voxels. Also in order

to achieve the resultant dissimilarity estimate as precise as possible, a

bootstrap multi-step meta-procedure can be employed [5]. The

example of generalized gradient maps for synthetic images is pre-

sented in Fig. 1.

The evaluation procedure
The ability of the generalized gradient method to highlight tumor

borders under condition of adjacent atelectasis was examined in two

steps.

(a) The total of 40 gradient maps with voxel-by-voxel corre-

spondence to original native CT scans were calculated using unpaired

t test as the elementary procedure of quantification of the difference

between the voxel sets sampled from window halves.

(b) The gradient maps were visually examined synchronously with

original CT images by a chief radiologist. Examination of each par-

ticular map resulted in an integral expert categorization of the map to

one of the following three categories: the map is definitely useful for

detecting tumor border (‘‘yes’’), the map is useless (‘‘no’’), and the

intermediate case where the utility of gradient map in highlighting

tumor border remains unclear by one or other reason (‘‘unclear’’).

Results
Quantitative assessment of the utility of generalized gradient maps in

highlighting lung tumor borders was performed separately for the first

subgroup of 31 native CT images with the slice thickness of 5.0 mm

and remaining 9 images of the second subgroup with the slice

thickness of about 1.5 mm. Typical examples of original CT image

ROIs and corresponding gradient map regions are presented in Fig. 2.

As a result of experimentation, on the first subgroup of patients it

was revealed that the generalized gradient maps were definitely useful

for detecting tumor border in 17 patients (54.8 %) whereas in 9 other

cases (29.0 %) they did not provide any help for solving the problem

of separation the malignant tumor from adjacent atelectasis. The

efficiency of maps in the rest 5 cases (16.1 %) was found to be unclear.

The results of similar examination of CT scans with reasonably

thin slices of about 1.5 mm suggest that it appears to be unlikely the

slice thickness is an important parameter for the method. In particular,

the distribution of cases between the ‘‘yes’’, ‘‘no’’, and ‘‘unclear’’

categories was 5 (55.6 %), 3 (33.3 %), and 1 (11.1 %) respectively.

Conclusion
Results obtained with this experimental study of the ability of gen-

eralized gradient method to highlight lung tumor borders based on a

sample of 40 CT scans allow to draw the conclusions that the gen-

eralized gradient maps provide useful information for detecting

hardly visible border between the malignant tumors and adjacent

atelectasis areas of lung CT images in 55.0 % of cases and therefore

Fig. 1 Original synthetic image (top left) and its generalized gradient

maps obtained using t test (top right) and SVM with sliding window

parameters R = 3, d = 1 (bottom left) and R = 4, d = 2 (bottom
right)
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may be considered as an additional source of visual data for tumor

segmentation, measurement and radiotherapy planning.
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Purpose
Blood flow analysis, and with it the explicit polygonal reconstruction of

vessels, is becoming increasingly important for disease understanding

and treatment planning of pathologies, such as atherosclerosis, con-

genital hear failures and aneurysms. Incorporation flow information

when analysing cerebral aneurysms adds important information to the

decision making process, since their shape and location is not always

sufficient to estimate their risk of rupture.

Blood flow data can be derived from various sources, like CFD

simulations or direct measurement though special MRI sequences (4D

PC MRI). When the analysis aims at specific questions, like the flow

characteristics at the ostium (the area of inflow), the mesh needs to be

separated into different functional areas.

We present an approach for an automatic decomposition and

assorting of vessels adjacent to an aneurysm. Additionally, we derive

an axial plane through all adjacent vessels that is useful for sub-

sequent analysis and visualization. The result is a decomposed

polygonal aneurysm model (three different areas: the aneurysms sac,

the near-vessel- and the far-vessel region) with additional information

about the adjacent vessels (see Fig. 1).

Methods
The polygonal surface mesh is reconstructed from image data,

acquired either by CTA or MRA. Due to the enhanced vessel contrast

(contrast agent / ToF-sequence), we are able to employ thresholding

for segmentation. If the signal-to-noise ratio is low or the vessel

lumen is not sufficiently represented (e.g. incomplete distribution of

Fig. 2 Example ROIs of the original CT images of lung (left column)

and corresponding generalized gradient maps (right column). The first
row represents case where the gradient map is definitely useful for

detecting tumor border whereas the second and the third rows
illustrate cases where the utility of maps is unclear and useless

respectively

Fig. 1 The surface mesh, centerlines and the ostium plane are

employed to separate the surface, calculate the axial plane and

retrieve the vessel order

Int J CARS (2012) 7 (Suppl 1):S71–S88 S85

123



the contrast agent), model-based segmentation [1] is used. The dilated

segmentation result is used as mask for the original data and marching

cubes is applied. A detailed description of the post-processing pipe-

line is given in [2]. Once the morphologic quality of the surface is

sufficient, the quality of the surface mesh is improved by means of an

advancing front remeshing.

A 3D Voronoi diagram is calculated from the surface mesh and

used to define the centerline. This is a very robust approach and the

resulting centerlines directly relate to the polygonal surface, which

makes them suitable as geometric path for subsequent surface

sampling. For details on the calculation of the centerlines we refer

to [3]. We employ the profile of the distances between the center-

line and the surface of an adjacent vessel in order to distinguish

between near- and far-vessel regions. We sample along the vessel

centerline, towards the aneurysm. The first occurrence of a peak (2

* SD), thus the first major deviation from the mean vessel radius,

represents the point, where the centerline ‘‘leaves’’ the vessel and

‘‘enters’’ the area below the aneurysm, which is the near-vessel

region. We can define a cut plane, positioned at this transition point,

with a normal vector parallel to the centerline segment the transition

point belongs to.

After cutting the mesh using the cut planes from every adjacent

vessel, each vessel has a circular transition zone that is orthogonal to

the centerline and marks the border between near- and far-vessel

regions. At this point, the mesh is separated into aneurysm sac, near-

and far-vessel region.

The circular transition zones at each adjacent vessel encode, at

which position and (locally) at which angle the adjacent vessels join

the near-vessel region. Thus, we derive the axial plane from the center

points of these zones. The axial plane is calculated as the best-fit

plane of the center points. The result of this optimization problem is a

plane that tends to cut through all adjacent vessels and the aneurysm,

dividing the model into a front and a back part.

We use the axial plane to reduce the vessel ordering problem from

the in some cases ambiguous 3D domain to the 2D domain. The

center points of each transition zone and the center point of the ostium

are projected into the plane space. Through iterative comparison of

vector angles on the plane, an

Results
The decomposition and computation of the axial plane is mainly

influenced by the configuration of the adjacent vessels. Thus, we

present results based on three representative datasets (small, med-

ium—with satellites, giant) with increasing anatomic complexity (2, 3

and 7 adjacent vessels), taken from the MoBeStAn database. Our

approach could be successfully applied to all three cases. The result

where derived automatically, without the need for user interaction.

Figure 2 shows the decomposed surface models and the axial planes

of the giant aneurysm exemplarily. One example application for the

derived descriptors is the automatic selection of suitable viewpoints

for case reports. A suitable viewpoint provides a minimal grade of

visual occlusion. Thus, using the normal vector of the axial plane as

view direction, we gain a view towards one ‘‘side’’ of the polygonal

model, which meets the requirements of reduce occlusion (see

Fig. 2—right).

Conclusion
Due to the general nature of the algorithms for decomposition, plane

calculation an ordering our approach is applicable to datasets that

exhibit a broad variability with respect to the configuration of the

adjacent vessels. We exemplary showed, how the derived descriptors

can be processed further by using the normal of the axial plane as

viewing direction. The decomposition into near- and far-vessel region

can be used to decompose the underlying flow. This allows for a

differentiated qualitative and quantitative flow analysis, for instance a

comparison of flow features in the aneurysm sac with the flow in the

near-vessel region. In the field of medical visualization, the decom-

position could be used for applying different rendering styles to

different anatomic parts of the aneurysm. In conclusion, the additional

descriptors generated by our approach can be used to aid applications

in the field of exploration, visualization and analysis of cerebral

aneurysms.
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Purpose
The purpose of this work was to examine the influence of display

types, monochrome or color at the same maximum luminance set-

tings, on diagnostic performance. Human observer study results have

been reported out earlier [1]. This paper focuses on the measurements

of physical characteristics of the color and monochrome medical

displays’ spatial resolution and noise performance, which we believe

could affect the clinical performance. Specifically, Modulation

Transfer Function (MTF) and Noise Power Spectrum (NPS) were

evaluated and compared at different digital driving levels (DDL)

between the two medical displays.

Methods
Displays:
The displays used were a monochrome EIZO display GS320 and a

color EIZO display RX320. Both were 3 M pixel displays with a pixel

matrix size of 1,536 9 2,048. Before the evaluation testing they were

all set to the same maximum (400 cd/m2) and minimum (0.75 cd/m2)

luminance levels, similar white points, and were calibrated according

to the DICOM 14 grayscale display function standard [2].

Fig. 2 Results for the giant basilar aneurysm, right image: orthog-

onal view with respect to the axial plane
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Data acquisition:
The data reported below were mainly acquired using the imaging

colorimeter system PM-1423 from Radiant Imaging Inc. It uses full-

frame CCDs with 100 % fill factor, which makes it very suitable to

measure the luminance and chrominance of individual LCD pixels or

sub-pixels on a LCD display device. The CCDs used are 14-bit,

thermoelectrically cooled and temperature stabilized, scientific grade.

Figure 1 provides the experimental setup with the imaging colorim-

eter focusing on the display under test.

Physical evaluation procedure:

The physical evaluation was focused on the spatial resolution and

noise property study in terms of MTF and NPS characterization and

comparison between the two displays.

For MTF characterization, test patterns were generated which

consisted of single horizontal or vertical lines superimposed on uni-

form grayscale backgrounds. Three sets of these test patterns were

used in this study:

• Horizontal and vertical lines with DDL 65 on uniform background

with DDL 55;

• Horizontal and vertical lines with DDL 135 on uniform

background with DDL 120;

• Horizontal and vertical lines with DDL 230 on uniform

background with DDL 210.

These test patterns were then displayed on the center of the display

under test. For RX320, the test patterns were displayed with White,

Red, Green and Blue individually as following,

• White: R = G = B = test pattern value;

• Red: R = test pattern value, G = B = 0;

• Green: G = test pattern value, R = B = 0;

• Blue: B = test pattern value, R = G = 0.

For the monochrome display GS320, only the grayscale test pat-

terns need to be displayed.

Then images were taken using the PM-1423 from the center of the

displays. The luminance images acquired were then saved for MTF

derivation. The MTF measurement in this study was based on the line

spread function approach. The MTFs were derived for the horizontal

and vertical directions independently. Horizontal and vertical line

images were cut, averaged and processed to remove background

structure and noise. 1D DFT was applied on the resultant noise free

images. Horizontal and vertical MTFs were finally achieved by taking

the absolute value and normalized with the value at DC.

For NPS evaluation, test patterns with uniform DDL values at 25,

50, 75, 100, 125, 150, 175, 200, 225 and 255 were generated. For

color display RX320, again white, red, green and blue colors were

evaluated individually as the following scheme:

• White: R = G = B = test pattern value;

• Red: R = test pattern value, G = B = 0;

• Green: G = test pattern value, R = B = 0;

• Blue: B = test pattern value, R = G = 0.

For monochrome display GS320, only the grayscale uniform test

patterns need to be displayed and evaluated.

Then the images were acquired using imaging colorimeter PM-

1423 from the center of the display under testing. The Fourier analysis

was further applied to derive NPS. To achieve a better estimation of

the NPS, each image acquired were participated into 15 non-overlap

256 9 256 sections and NPS’ derived from them were finally

averaged.

Grayscale MTFs of the color displays are better in the vertical

direction than in the horizontal direction. MTFs for Red, Green and

Blue are better in the vertical direction than in the horizontal direc-

tion. MTFs of the monochrome displays are worse in the vertical

direction than in the horizontal direction.

For NPS results, Figs, 2 and 3 provide two examples. Figure 2

provides the NPS results of RX320 achieved at DDL = 150,

Fig. 1 The experimental setup using an imaging colorimeter
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Fig.2 The 2D NPS for the color display RX320
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Fig.3 The 2D NPS for the mono-chrome display GS320
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grayscale presentation, that is R = G = B = 150. Figure 3 shows the

NPS results of GS320 achieved at DDL = 150.

Conclusion and discussion
The physical evaluation work was focused on the MTF and NPS

characterization of the EIZO RX320 color LCD display and the EIZO

GS320 monochrome LCD display.

The MTF results showed that the spatial resolution for both the

two displays are dominant by the LCD pixels and sub-pixels pitches

and sizes. Note in the results section reported earlier, no correction for

pixels or sub-pixels size were applied. If we approximate the pixel

and sub-pixel outputs as rectangle functions, and apply the corre-

sponding sinc function to correct for the MTF curves, the resultant

MTFs would all close to unit between DC and the Nyquist Frequency.

Note for color display RX320, horizontal MTFs are always worse

than vertical MTFs. However for monochrome display GS320, hori-

zontal MTFs are always better than vertical MTFs. This is not hard to

understand if we carefully examine the pixel and sub-pixel arrange-

ments on the two display panels.

To summarize, for both of the two EIZO displays, MTFs were

dominant by the digitized nature of the display pixels. And the high

peaks in the NPS results were correlated with the structure and pitch of

display pixels and sub-pixels. With the normal viewing distance, one

would not be able to be affected by the structure noise on the displays.

Thus, the physical evaluation results in terms of MTF and NPS do not

show significant difference between RX320 and GS320. In fact, the

human observer study also did not find significant difference in terms

of diagnostic accuracy and visual search efficiency [1].

Meanwhile, in this study, we did observe larger luminance vari-

ation on color display RX320 compared to monochrome display

GS320, especially when color images were displayed.

For color medical images, accurate reproduction of colors are

critical for certain applications. With the advanced imaging color-

imeter and color spectrometer available, further color display study

topics can be readily conducted. These includes: the accuracy and

uniformity of the chrominance and their impact on diagnostic per-

formance, the white point accuracy and stability and its impact on

diagnostic performance, the color gamut and its impact on diagnostic

performance, etc.

This paper summarizes the physical evaluation study we con-

ducted on medical color and monochrome displays. With the

advancement of the technology, now the color displays seem to be

equally capable of serving as primary monitors in a radiology reading

room. They actually are more welcome than their monochrome peers

simply because they bring in one more dimension (color) for image

rendering. However, the accuracy and robustness of color reproduc-

tion on color displays and their impact on clinical applications

deserve further study.
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