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Abstract

Purpose Multimodality registration of liver CT and MRI

scans is challenging due to large initial misalignment, non-

uniform MR signal intensity in the liver parenchyma, incom-

plete liver shapes in Open-MR scans and non-rigid deforma-

tions of the organ. An automated method was developed to

register liver CT and open-MRI scans.

Methods A hybrid registration algorithm was developed

which incorporates both rigid and non-rigid methods. First,

large misalignment of input CT and Open-MR images

was compensated by intensity-based registration. Maximum

intensity projections (MIPs) of CT and MR data were regis-

tered in 2D, and the corresponding rigid transform parame-

ters were used to align 3D images in axial, coronal and sagit-

tal planes. Use of MIP projections compensates for intensity

inhomogeneities inherent in the Open-MR data. A bounding

box of MIP images defines an ROI which removes outliers

and copes with incomplete MR data. Next, principal com-

ponents analysis (PCA) was used to align MR and CT data

datasets. The corresponding translation and rotation parame-

ters were then used to increase the global registration accu-

racy. A modified TPS-RPM point-based non-rigid algorithm

was used to accommodate local liver deformations. Surface

points on the liver and branching points of the portal veins

were input as landmarks to TPS-RPM method. Incorporating

vascular branching points improves registration since tumors

are usually found near vessels, so greater weight was given

to branching points compared with surface points.
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Results The automated registration algorithm was com-

pared with both rigid and non-rigid methods. Quantitative

evaluation was performed using modified Hausdorff distance

and overlap measure. The mean modified Hausdorff dis-

tances of liver and tumor were decreased from 23.53 and

40.03 mm to 9.38 and 8.88 mm, respectively. The mean over-

lap measures of liver and tumor were increased from 39 and

0 % to 78 and 27 %, respectively. Statistical analysis of the

outcomes resulted in a p value less than 5 %.

Conclusion MIP-PCA-based rigid multimodality CT–MRI

registration of liver scans compensates for large misalign-

ment of input images even when the data are incomplete. A

modified TPS-RPM algorithm, in which vascular points are

emphasized over surface points, successfully handled local

deformations.

Keywords Medical image registration ·

Maximum intensity projection · PCA-based registration ·

Open-MR/CT registration

Introduction

Liver cancer is considered as one of the main causes of the

death worldwide [1]. Liver tumors are treated by surgery,

chemotherapy or radiotherapy. In the radiotherapy method, a

microwave-emitting needle is inserted into a patient’s body

and radiofrequency waves are used to burn the tumors [2].

Detection of hepatic tumors, extraction of vascular struc-

tures and determination of portal venous segments and sub-

segments are the crucial steps prior to any liver treatment

planning [3]. A physician needs to get information about

shape and volume of liver and size and location of tumors to

plan a treatment that makes as low as damage to the liver [4].
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(a) (b) (c) (d)

Fig. 1 Several cases in which tumors are not clearly seen in Open-MR images. Approximate location of tumors is shown with red arrow. a no. 1,

b no. 3, c no. 4, d no. 5

Recently, physicians have used computer-assisted diagnosis

systems to analyze liver images as tools to detect and evaluate

abnormalities and perform treatment planning [5].

Medical scanners can detect, localize and quantize tumors

accurately. Open-MR scanners are a class of MR modality

that are used in conjunction with radiofrequency ablation by

microwave. When the patient is fixed on the bed, MR images

are acquired immediately, and using a software, the locations

of the tumors are manually traced [2].

The low magnetic field (0.5 T) and limited acquisition time

(<2 s) reduce image contrast and make detection of tumors

difficult. Figure 1 shows several cases in which tumors are

not clearly seen in MR images. Thus, it is not a practical

approach to employ conventional classification algorithms

to directly segment lesions in MR images. In this case, a CT

image is acquired a few days before surgery and is used to

find all tumors accurately. The contrast of tumors is higher

in a CT image. Compared with MR scanners, a CT modality

uses ionizing radiation and has no multi-planar capability.

Thus, MR modalities are preferred during liver surgery [2].

However, it remains to register the CT data on the Open-MR

image.

Registration of CT–MR images is a challenging task due

to several problems. First, fixed and moving images do not

exactly belong to the same scene. Second, inhomogeneity

of an Open-MR image makes intensity-based registration a

difficult job. Third, due to limited acquisition time of Open-

MR images, only the important part of liver is scanned. Thus,

the fixed image is an incomplete data.

Image registration algorithms sometimes employ a trans-

formation model together with a measure which evaluates

the goodness of the registration result. The transformation

model is either rigid or non-rigid. The measure is sometimes

the distance between two sets of landmarks (landmark-based

approach) or an appropriate distance based on the intensity of

the two images (intensity-based approach). An optimization

algorithm is employed to find the parameters of the registra-

tion model which best fits moving image to the fixed image.

Choosing an appropriate transformation model and mea-

sure depends on the problem to be solved. Liver is a non-

rigid organ which may deform easily by patient movements.

Therefore, a non-rigid model is the proper selection. In a

case of CT to Open-MR registration, the MR image does not

usually belong to the same scene as the CT data. Therefore,

we have to register a complete CT data to an incomplete

MR image. The Open-MR data have a low resolution, and its

intensity is not uniform due to magnetic field inhomogene-

ity. Selection of geometric or biomedical landmarks as dis-

tinguishing features in a landmark-based approach improves

the registration results. The number and location of the land-

marks may affect the result of the alignment to a great extent.

In this paper, we propose a hybrid method based on

intensity- and landmark-based approaches to register a CT

data to an incomplete open-MR image. In the second section,

we review previous works and then explain our method in the

third section. The fourth and fifth sections are devoted to the

results and discussion, respectively. In the last section, we

conclude the paper.

Previous works

Liver registration methods can be grouped into 2D/3D

(dimensionality), rigid/non-rigid (deformation model), auto-

matic/semiautomatic (amount of user interaction), and

landmark-/intensity-based approaches. The similarity mea-

sures are sometimes sum of square differences, (normal-

ized) mutual information and visual inspection of the fused

images. Some researchers have used a simple rigid transform

to model deformations of liver since translation and rotation

are the major factors of the organ deformations [6–8]. Other

researchers have used intensity-based methods that are com-

binations of rigid and non-rigid schemes [9,10]. Since opti-

mization of the registration cost function is sensitive to initial

misalignment [9], a number of researches have been devoted

to pre-alignment of fixed and moving images.

Medical applications have been developed as tools for reg-

istration and surgery assistance [11]. 3D Slicer is a software

developed by Harvard Medical School as a system for surgi-

cal planning and guidance. Its main focus is organ segmen-
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tation, registration, visualization, preoperative planning and

trajectory assistance [11].

Rigid approaches

Huang et al. [6] used an intensity-based rigid registration to

align MR and CT images of abdominal region. Since a patient

was set on his/her back during the scanning procedure, they

concluded that translation is the dominant factor of misalign-

ment. They validated their results using visual inspection of

the difference image [6].

The method proposed in [7] may be regarded as an exten-

sion to the work presented by Huang et al. [6]. The author

employed exhaustive search over all integer translations and

local search over rotation. To increase the speed of the search,

FFT was employed which increased the run time by 50–

500 times. The cost function was sum of square differences.

The method was employed to pre-align CT and MR images,

and the results were compared with intensity-based rigid

registrations. The assessment of the method was performed

using pixel displacement from the gold standard in a defined

ROI [7].

In [8], the authors have concluded that mutual informa-

tion and local optimization methods are sensitive to initial

misalignment. When the overlapping of the image extends

is limited, global optimization algorithms such as simulated

annealing and genetic algorithm can fail too. They proposed

volume sweeping and bodyline matching methods as a rem-

edy. In volume sweeping, an image was swept through the

other and a similarity measure was computed to find the

best position. In body line matching, a profile was extracted

from the furthest anterior or posterior body boundary points

(patient bodyline profile). The bodylines were matched to

align the two images. They applied their method on 19

PET/CT images. The absolute difference error between the

proposed method and the gold standard was between 2 and

6 mm [8].

Reider et al. [12] employed local rigid registration for eval-

uation of radiofrequency ablation on pre-/post-interventional

liver CT images. They applied rigid registration on a local

region around the manually segmented tumors. Thus, they

excluded non-rigid deformations of liver [12].

Zhang et al. [13] used affine registration to align multi-

phase CT images of abnormal livers. Alpert et al. [14] com-

pensated initial misalignment by introducing the method of

principal axes registration.

Non-rigid approaches

Tang and Wang [9] segmented liver in CT and MR images

and employed a combination of rigid and non-rigid registra-

tion. Their algorithm relied on an intensity-based scheme.

Evaluation of the results was performed by visual inspection

and overlap error of liver tumors. The largest overlap measure

was 0.89.

In [15], the authors registered gadoxetic acid-enhanced

magnetic resonance imaging (Gd-EOB-DTPA-enhanced

MRI) datasets and contrast-enhanced portal-phase CT

images. The Gd-EOB-DTPA-enhanced MRI was used for its

higher detection rate, and CT image was used because of its

higher specificity and better vessel visibility. They proposed

an organ-focused mutual information (OF-MI) measure to

improve MI metrics. The OF-MI used spatial information as

well as intensity of voxels to calculate the cost function of

the registration optimization [15].

Lee et al. [10] proposed a sequential non-rigid registration

of ultrasound and CT images. Information about liver vessels

together with the surface information of liver and gallbladder

was used to find transformation parameters. They applied

their algorithm on ten datasets [10].

Song et al. [16] used a hybrid of affine transformation and

B-spline registration to align CT and MR images. Passera et

al. [17] employed a hybrid of affine and B-spline registration

methods to register pre- and post-radio frequency ablation

CT images.

Chen et al. [18] proposed a non-rigid registration tech-

nique based on the free-form deformation (FFD) with a sim-

ilarity measure of normalized mutual information (NMI).

As far as we know, no research has been devoted to reg-

istration of incomplete Open-MR images to CT data. In

such cases, there are several challenges to be solved which

we address them in this paper. First, the two images may

have been undergone large misalignments. Second, the mag-

netic field of an Open-MR scanner is not uniform, which

causes an image to suffer from intensity inhomogeneity.

Due to the limited acquisition time, the whole liver is not

scanned. Thus, we have to register a complete CT image

to an incomplete MR data. The innovations of our method

are as follows: (1) To compensate for large global misalign-

ments, we employ MIP images of liver masks to estimate

rotation and translation parameters of a rigid registration.

(2) To exclude outliers in case of incomplete MR data, We

define liver bounding box (ROI) using MIP images. (3) PCA

is utilized to find the dispersion of liver masks and to esti-

mate rotation angles. (4) To compensate for intensity inhomo-

geneities, we use a modified RPM registration [19], which

is a non-rigid approach, and include the vascular branch-

ing points of liver in addition to surface points to locally

register livers in MR and CT data. We implemented the pro-

posed algorithm in a multi-scale framework to increase accu-

racy.

The proposed method

The steps of our method are shown in Fig. 2.
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Fig. 2 The flowchart of our

method

MIP-based pre-alignment

PCA-based rigid registration  

Modified RPM

Liver segmentation & volume resampling 

Extracting vessels branching points 

Mesh representation  

Multi-Resolution point selection 

Defining ROI

MR image 

(reference)
CT image 

(sensed)

Registered CT 

image 

Known 
correspondence 

Unknown 

correspondence 

The proposed method consists of four steps: (1) pre-

processing, (2) MIP-based pre-alignment and ROI extrac-

tion, (3) PCA-based rigid registration, and (4) non-rigid reg-

istration. In preprocessing, liver is segmented in CT and MR

images, and if it is necessary, they will be resampled to have

the same spacing. In the second step, large misalignments

are compensated using maximum intensity projection (MIP).

MIP projections are also used to reduce the input image size

(hence decreasing run time of the code) and rejecting out-

lier points too. Then, PCA is employed for rigid registration.

Finally, we use vessel branching points as biological land-

marks together with liver surface points to register liver and

tumor in a non-rigid approach.

Preprocessing

The first step consists of liver segmentation in CT and Open-

MR images. We developed a MATLAB-based software to

segment livers [20]. We use the EM algorithm together with

K-means to segment livers in low-contrast datasets. The final

segmentation results are improved by “geodesic active con-

tours” algorithm [20]. Livers in MR images were manually

segmented by a physician.

If the spacing of the two images is not the same, it will

be resampled to the minimum voxel size. Steps of the pro-

posed liver segmentation method are shown in Fig. 3. For

the proposed segmentation algorithm, the average Dice mea-

sure and average RMS surface distance were 0.933 and

3.95 mm, respectively. Details of our algorithm are explained

in [20].

MIP-based pre-alignment and ROI extraction

Compensation for large misalignment prevents next steps of

rigid and non-rigid registrations to trap into local minimums.

Due to limited time in acquisition of Open-MR images, mis-

alignment between two datasets exists. In this case, MIP pro-

jections are used to align two liver images (Fig. 4).

Comparison of MIP views of reference and sensed images

gives an estimate of translation and rotation parameters. As

we have observed, misalignment can extensively be seen in

axial, then sagittal and finally coronal views. We follow the

same order to calculate pose parameters. Open-MR (refer-

ence) and CT (sensed) images are registered using MI sim-

ilarity measure and “gradient descent” optimization algo-

rithm. The corresponding rotation and translation parameters

are stored in the transformation matrices as defined in Eq. (1)

and applied on the volume data.

Taxial =

⎡

⎢

⎢

⎣

cos θz − sin θz 0 0

sin θz cos θz 0 0

0 0 1 0

t xaxial t yaxial 0 1

⎤

⎥

⎥

⎦
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Fig. 3 Steps of the proposed liver segmentation method. a The search

range of the liver’s boundary, b candidate pixels and c index pixels of

the liver, d smoothing by the AD filter, e thresholding the image of part

(d), f smoothing the boundary by the Fourier transform, g comparison

of initial (green), final (blue) and true liver border (red), h Smoothed

surface of the liver by the GAC method

Fig. 4 Maximum intensity projections of a typical CT data. a Three anatomical directions. MIP of b axial, c sagittal and d coronal views

Tsagital =

⎡

⎢

⎢

⎣

cos θy 0 sin θy 0

0 1 0 0

− sin θy 0 cos θy 0

t xsagital 0 t zsagital 1

⎤

⎥

⎥

⎦

Tcoronal =

⎡

⎢

⎢

⎣

1 0 0 0

0 cos θx − sin θx 0

0 sin θx cos θx 0

0 t ycoronal t zcoronal 1

⎤

⎥

⎥

⎦

(1)

To reduce resampling error, the three transformation matri-

ces are concatenated as TMIP = TCoronal × TSagittal × TAxial

and a single transformation matrix (TMIP) is applied on the

liver mask of a CT image. Based on our experience, the near-

est neighbor interpolation is the most suitable method for

resampling mask images.

In Fig. 5, the results of pre-alignment using MIP projec-

tions are shown in which green and purple volumes cor-

respond to Open-MR and CT images and white area cor-

responds to overlapped region. The left, middle and right

columns are axial, sagittal and coronal views, respectively.

The top and bottom rows belong to MIP views of before

and after alignment. The typical Open-MR image shown in

Fig. 5b belongs to an incomplete data. The results of rigid

registration shown in Fig. 5d–f prove that the proposed MIP-

based method can align incomplete images too.

The aligned MR and CT masks in the previous step are

used to find the ROI of the two images too. As already

stated, we adopt a point-based scheme to non-rigid regis-

tration which needs the complete surface points of the two

images. Thus, the registration algorithm fails when reference

data (Open-MR) are incomplete. Another novelty proposed

in our method is to define an ROI which includes the common

region between CT and Open-MR data. Therefore, a large

number of outlier points in the sensed image are rejected.

Extraction of the ROI can reduce the run time of our method

too. To extract the ROI in the axial plane, we find the max-

imum and minimum coordinates of liver voxels in X and

Y directions. They define the bounding box of liver in the
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Fig. 5 Typical results of pre-alignment using MIP projections. Images

belong to before (top row) and after (bottom row) alignment. Green and

purple colors correspond to Open-MR and CT volumes. White regions

indicate aligned regions. Left column axial view. Middle column sagittal

view. Right column coronal view

Fig. 6 Extracting the bounding box of liver in axial direction. The red

lines indicate the bounding box and the green lines is the extended

bounding box which is used as the ROI

axial plane (Fig. 6). To include a margin, the extracted ROI

is extended by 10 % (Fig. 6). The two other ROIs in coronal

and sagittal planes are found in a similar way.

PCA-based rigid registration

MIP-based rigid registration aligns input images in 2D. For

better alignment of input images, we need to find the para-

meters of rotation angles in 3D. Thus, we employ rigid reg-

istration using PCA analysis. In addition to describing the

variance of high-dimensional data, PCA characterizes dis-

persion of volume points too [21].

Consider N voxels of a liver mask as V ={pi =(xi , yi , zi )

|1 ≤ i ≤ N }. We apply PCA on the voxels of mask data cor-

responding to reference and sensed images. PCA compen-

sates for rotations less than 90 degrees in 3D. Using eigen-

vectors of the covariance matrix, we align them to improve

rotation angles of the MIP-based pre-alignment step. We use

Eq. (2) to calculate the rotation angles.

θx = cos−1

(

EigVect p1 × EigVectq1
∣

∣EigVect p1

∣

∣ ×
∣

∣EigVectq1

∣

∣

)

,

θy = cos−1

(

EigVect p2 × EigVectq2
∣

∣EigVect p2

∣

∣ ×
∣

∣EigVectq2

∣

∣

)

θz = cos−1

(

EigVect p3 × EigVectq3
∣

∣EigVect p3

∣

∣ ×
∣

∣EigVectq3

∣

∣

)

(2)

In Eq. (2), EigVectpi and EigVectqi correspond to the

i th eigenvector of Open-MR and CT images and θx, θy

and θz are the rotation angles about x, y and z axes,

respectively.

The rotation center is selected as the center of gravity.

Since the eigenvectors are perpendicular to each other, if

the two vectors are aligned, the third vector will be aligned

automatically. In Fig. 7, a typical rigid registration using PCA

is shown. In Fig. 7a, the Open-MR eigenvectors are shown

in red and the CT eigenvectors before and after alignment

are shown in blue and yellow, respectively. In Fig. 7b, c, CT

volumes before and after registration are shown together with

the MR volume.

Non-rigid registration

We adopt a landmark-based approach to non-rigid registra-

tion. Landmarks include any salient features such as points,
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Fig. 7 Alignment of Open-MR and CT liver masks. a Two liver vol-

umes (red MR, blue CT) before and after alignment together with the

corresponding eigenvectors. The two liver volumes (b) before registra-

tion, (red MR, blue CT) and c after rigid registration, (red MR, yellow

registered CT)

Fig. 8 Extracted vessels in

typical Open-MR images. Top

row typical slices, bottom row

extracted vessels are overlaid in

green

lines, curves and surfaces. They are registered to one another,

and the transformation is applied on the moving image.

The most useful features are points. When the points are

found automatically, especially in cases of 3D images, find-

ing correspondence between the two sets is a difficult prob-

lem. Detection and rejection of outliers is another chal-

lenge in landmark-based registration methods. Therefore,

most of researchers have followed intensity-based registra-

tion approaches.

In this paper, we adopt a new landmark-based approach

to non-rigid registration which considers both liver surface

points and branching points of portal veins (biological land-

marks). The benefit of inclusion of vascular points is twofold.

First, tumors are located inside the liver, and for accurate

registration of tumors, inclusion of internal points of vessels

is necessary. Second, tumors are usually located near blood

vessels to be supplied by them. Thus, registration of vascular

structures indirectly improves registration results of tumors

too.

Extraction of liver surface points is performed using

marching cube algorithm [22]. Typical results include a large

number of points. We smooth surface of liver and reduce

number of points from a typical number of 30,000–300 by

the method proposed in [23]. Outlier points are found using

the extracted ROI.

We extracted portal veins of liver by Frangi method [24]

using a scale range of [1. . .8] with a step size of 2. In Fig. 8,

the extracted vessels in an Open-MR image are shown in

green. We employed skeletonization method proposed by

Lee et al. [25] and found medial axes of portal veins and

branching points of large vessels by graph analysis. The

results of this step were not acceptable. Thus, we devel-

123

Author's personal copy



1260 Int J CARS (2015) 10:1253–1267

Fig. 9 GUI developed to find the branching points of the portal veins. In the left and right panels, CT and Open-MR images are shown, respectively

oped a MATLAB-based GUI to find branching points of liver

(Fig. 9). The number of branching points is varied between

10 and 20, and they are used together with the surface points

in a multi-scale algorithm to register livers. The multi-scale

algorithm includes three levels of mesh resolutions.

We modified the TPS-RPM algorithm introduced in [19]

and employed it as the non-rigid registration method. The

TPS-RPM is a robust method that aligns two sets of points

with unknown correspondence. The two sets may have dif-

ferent number of points, and the algorithm rejects some of

them as outliers. Our modification includes introducing soft

assignment of correspondence with variable weights for vas-

cular and surface points. A fixed large weight is assigned

to biological landmarks, while a smaller weight is initially

assigned to surface points.

Assume two point sets as V = {va, a = 1, 2, . . . , K } and

X = {xi , i = 1, 2, . . . , N }. An energy function is defined

(Eq. 3) that iteratively tries to find correspondence and reg-

istration transform [19].

min
Z ,F

E(Z , F) = min
Z ,F

N
∑

i=1

K
∑

a=1

zai ||xi − f (va)||2

+ λ||L f ||2 − ζ

N
∑

i=1

K
∑

a=1

zai . (3)

In Eq. (3), zai is a fuzzy parameter that defines the correspon-

dence between point va and xi , f (.) is a function that trans-

forms va to ua , i.e., ua = f (va), the Laplacian operator, Lf,

considers smoothness of the transform function, and the con-

straint
∑N

i=1

∑K
a=1 zai prevents too many points from being

rejected as outliers. The (N +1)th row and (K +1)th column

of Z matrix are reserved for outlier points. Finding a solution

for Eq. (3) is difficult when the correspondence in unknown.

However, the soft assign and deterministic annealing tech-

niques are used to iteratively solve the correspondence prob-

lem and calculate the transform function [19]. The soft assign

technique replaces a binary correspondence matrix with a

fuzzy one which can be in the range [0. . .1] and adds an

entropy term T
∑N+1

i=1

∑K+1
a=1 mai log mai to Eq. (3) (Eq. 4).

In higher temperatures, correspondences become fuzzy.

E(M, F) =

N
∑

i=1

K
∑

a=1

mai ‖xi − f (va)‖2 + λ ‖L f ‖2

+ T

N
∑

i=1

K
∑

a=1

mai log mai − ζ

N
∑

i=1

K
∑

a=1

mai . (4)

The iterative method is similar to the EM algorithm in which

the temperature is decreased gradually to converting fuzzy

correspondence into binary and then finding the transforma-

tion function f (.).

The implementation of the above algorithm for a rigid

transform is a straightforward task. To employ a non-rigid

transform, updating correspondence coefficients of non-

outliers and outliers are treated differently. Correspondence

coefficients of non-outlier points are updated as in Eq. (5).

mai =
1

T
exp

(

−
(xi − f (va))T (xi − f (va))

2T

)

. (5)

The correspondence coefficients of outliers of the fixed shape

are defined as in Eq. (6).
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mK+1,i =
1

T0
exp

(

−
(xi − vK+1)

T (xi − vK+1)

2T0

)

. (6)

The correspondence coefficients of outliers of the moving

shape are defined as in Eq. (7).

ma,N+1 =
1

T0
exp

(

−
(xN+1 − f (va))T (xN+1 − f (va))

2T0

)

.

(7)

In Eqs. (6) and (7), vK+1 and X N+1 are the centers of clus-

ters {v} and {x}, respectively. The correspondence matrix

defined through Eq. (5) to Eq. (7) is normalized by iteration

using Eqs. (8) and (9).

mT +1
ai =

mT
ai

∑K+1
b=1 mT

ai

, i = 1, 2, . . . , N . (8)

mT +2
ai =

mT +1
ai

∑N+1
j=1 mT +1

aj

, a = 1, 2, . . . , K . (9)

In Eqs. (8) and (9), the superscripts T , T + 1 and T + 2 are

the iteration steps. After updating the correspondence matrix,

the transform is calculated by Eq. (10).

min
f

E( f ) = min
f

N
∑

i=1

K
∑

a=1

mai ||xi − f (va)||2 + λT ||L f ||2.

(10)

Equation (10) can be rewritten in a simpler form as in Eq. (11)

in which ya may be regarded as the new location of va esti-

mated by total point set xi [19].

min
f

E( f ) = min
f

N
∑

i=1

K
∑

a=1

||ya − f (va)||2 + λT ||L f ||2.

ya =

N
∑

i=1

mai xi . (11)

The non-rigid registration is the thin-plate spline (TPS)

method which is a point-based algorithm. It provides an

interpolated mapping function consisting of affine and non-

rigid terms. As stated earlier, the landmarks used in our

method consist of liver’s surface points together with branch-

ing points of portal veins. The correspondences between

the branching points are known. Thus, we assign the corre-

sponding elements in the correspondence matrix a fixed value

of 1.

We employ a multi-resolution approach which is a

Gaussian pyramid that decimates an input image using 8 × 8

and 4×4 windows. To reduce the cumulative effect of resam-

pling, an input image is resampled using two scales. The

registration function of each step is applied directly to the

surface points, and the results are used as the input of the

next step of the registration algorithm.

Results

We evaluated our method extensively using both rigid and

non-rigid methods. Evaluations were performed quantita-

tively by minimum, maximum, modified Hausdorff distances

and overlap measure. Qualitative evaluation was performed

using surface rendering of liver and tumors and checkboard

views.

Dataset

We applied our method on 18 sets of Open-MR and CT

images. Manual liver masks were prepared by a radiolo-

gist. Typical images are shown in Fig. 10 in which inten-

sity inhomogeneity of Open-MR data can be seen clearly.

Input images saved as 16-bit short integers in Meta format.

In-plane resolution of CT data ranged from 0.586 × 0.586 to

0.68 × 0.68 mm2, and inter-slice resolution ranged from 3 to

7 mm. Dimension of CT data ranged from 512 × 512 × 21

to 512 × 512 × 89. Resolution of Open-MR data was 1.17 ×

1.17 × 5 mm3, and dimension ranged from 256 × 256 × 24

to 256 × 256 × 36. Except for datasets nos. 3, 4 and 7, the

other MR data included incomplete liver images. Anatom-

ical orientation of Open-MR and CT images was RPI and

RAI, respectively. Orientation of CT images was changed

into RPI using ITKSnap [26]. We also employed 3D Slicer

to resample Open-MR images [27]. Interpolation methods

for grayscale and mask images were B-spline and nearest

neighbor, respectively.

MIP- and PCA-based rigid registration

In Fig. 11, rigid registration of two sets of images using PCA

is shown. In Fig. 11a, the result belongs to a complete image

in which the whole liver is scanned by an Open-MR scanner.

Figure 11b shows the result of registration of a CT data to an

incomplete Open-MR image. Since the liver on the Open-MR

data was not scanned completely, estimation of the rotation

angles would be a difficult task using conventional registra-

tion algorithms.

Quantitative measures

The evaluation of our method was performed using an exten-

sive set of measures including average, minimum, maximum

and modified Hausdorff [28] distances together with overlap

measure. They are defined in Eq. (12) to Eq. (16) in which

d(a, b) is the Euclidean distance between the points a and

b, Na and Nb are number of points in the two sets, and VCT
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(a)

(d) 

(b)

(e) 

(c) 

(f) 

Fig. 10 Typical Open-MR (top row) and the corresponding CT (bottom row) images. Tumors are shown with red arrows. Datasets: left column

no. 2, middle column no. 5, right column no. 8

Fig. 11 Typical results of

registration using PCA.

a a Complete MR data.

b Incomplete MR data

and VMR are tumor volumes in CT and Open-MR modalities,

respectively. The Hausdorff distance is sensitive to outliers.

Thus, we employed modified Hausdorff distance introduced

in [28].

RMS dist. =

√

∑

a∈A (minb∈B (d(a, b)))2

Na

. (12)

Min dist. = mina∈A {minb∈B (d(a, b))} . (13)

Max dist. = maxa∈A {minb∈B (d(a, b))} . (14)

Modified Hausdorff

= max

[{

1

Na

∑

a∈A

d(a, B),
1

Nb

∑

b∈B

d(b, A)

}]

. (15)

Overlap = 2 ×
|VCT ∩ VMR|

|VCT| + |VMR|
(16)

In Tables 1, 2 and 3, quantitative measures before registra-

tion, after rigid registration and after non-rigid registration

are given, respectively.

Comparison to other methods

For further evaluation of our algorithm, we compared it with

two sets of methods: rigid and non-rigid. The rigid methods

included rigid, affine, ICP and modified ICP methods.

In rigid and affine approaches, mutual information was

used as the cost function. ICP and modified ICP algorithms

are landmark-based methods in which transformation func-

tion and correspondence problem are solved iteratively. The

rigid and affine registrations were implemented using 3D-

Slicer software [27]. The ICP and modified ICP methods

were implemented as in [29] and [30]. The rigid methods
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Table 1 Distance measures of liver and tumor before registration

Data number Metric

Liver Tumor

RMS Min Max Mod_H Overlap RMS Min Max Mod_H Overlap

1 23.13 0 60.53 20.82 0.43 N/A N/A N/A N/A N/A

2 17.28 0 47.79 14.69 0.65 28.73 10.51 42.23 27.62 0

3 25.52 0 67.32 21.84 0.32 38.3 6.20 58.07 35.58 0

4 41.11 0 103.39 33.38 0.12 40.39 7.32 60.66 37.81 0

5 25.42 0 55.46 21.02 0.46 54.85 42.54 66.00 54.54 0

6 35.78 0 103.73 26.17 0.51 27.14 14.73 38.57 26.49 0

7 31.81 0 70.99 26.67 0.30 56.62 31.72 78.54 55.5 0

8 19.84 0 58.17 16.35 0.58 34.66 27.83 41.57 41.16 0

9 33.89 0 77.59 30.9 0.19 36.93 30.97 41.81 41.58 0

Average 28.19 0 71.66 23.53 0.39 39.70 21.48 53.43 40.03 0

SD 7.90 0 20.09 6.27 0.18 10.89 13.52 14.56 10.79 0

Table 2 Distance measures of liver and tumor after rigid registration

Data number Metric

Liver Tumor

RMS Min Max Mod_H Overlap RMS Min Max Mod_H Overlap

1 9.22 0 30.57 7.68 0.78 N/A N/A N/A N/A N/A

2 10.96 0 47.91 8.11 0.75 4.24 0 12.33 3.31 0.37

3 17.67 0 73.05 11.49 0.77 32.81 0 82.46 20.97 0.23

4 42.21 0 123.89 26.46 0.63 11.69 0 24.33 10.01 0.27

5 14.68 0 51.42 11.5 0.75 17.98 6.13 26.76 17.57 0

6 13.9 0 51.54 10.75 0.75 7 0 15.61 5.77 0.13

7 6.74 0 25.46 5.9 0.84 7.33 0 18.11 6.07 0.27

8 13.62 0 42.61 10.13 0.71 3.24 0 7.9 7.56 0.21

9 7.2 0 20.64 6.22 0.83 9.27 4.57 13.42 12.95 0

Average 15.13 0 51.89 10.91 0.75 11.70 1.33 25.12 10.53 0.19

SD 10.78 0 31.35 6.21 0.06 9.71 2.51 23.99 6.19 0.13

were compared to the results of our proposed MIP-PCA rigid

registration (detailed results are shown in an on-line supple-

ment).

Using rigid registration, we performed statistical signifi-

cance analysis on all liver cases and found p values of 0.03,

0.10 and 0.02 for RMS, maximum and modified Hausdorff

distances, respectively. In tumor cases, we found p values

of 0.04, 0.10 and 0.03 for RMS, maximum and modified

Hausdorff distances, respectively.

The non-rigid methods included B-spline and TPS meth-

ods. The intensity-based B-spline registration was imple-

mented using the ITK toolkit [31]. Non-rigid methods were

compared to our modified TPS-RPM method (detailed results

are shown in an online supplement).

Using non-rigid registration, we performed statistical sig-

nificance analysis on all liver cases and found p values of

0.009, 0.035 and 0.007 for RMS, maximum and modified

Hausdorff distances, respectively. In tumor cases, we found

p values of 0.003, 0.022 and 0.002 for RMS, maximum and

modified Hausdorff distances, respectively.

We evaluated our method qualitatively using checkboard

view and overlaying CT and Open-MR images (Fig. 12).

In Fig. 13, another result is shown in which the continu-

ity of the vessels can be seen clearly. This result proves the

accuracy of the proposed registration method.

Surface rendering visualization of two sets of complete

data and two sets of incomplete data are shown in an online

supplement too.
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Table 3 Distance measures of liver and tumor after non-rigid registration

Data number Metric

Liver Tumor

RMS Min Max Mod_H Overlap RMS Min Max Mod_H Overlap

1 8.27 0 25.53 7.04 0.80 N/A N/A N/A N/A N/A

2 11.56 0 34.55 8.97 0.80 3.10 0 9.08 4.13 0.43

3 11.01 0 37.69 8.71 0.79 25.87 0 70.62 19.87 0.40

4 20.37 0 91.87 14.57 0.65 12.61 0 29.82 10.39 0.34

5 18.58 0 52.31 14.39 0.70 20.31 18.2 25.05 17.80 0.00

6 14.52 0 42.24 11.04 0.76 7.35 0 13.12 4.04 0.19

7 6.25 0 22.56 5.43 0.87 5.45 0 16.61 4.19 0.29

8 11.11 0 40.70 9.02 0.78 3.58 0 8.05 6.61 0.26

9 6.50 0 30.56 5.29 0.88 2.58 0 5.66 3.98 0.24

Average 12.02 0 42.00 9.38 0.78 10.11 2.28 22.25 8.88 0.27

SD 4.99 0 20.76 3.42 0.07 8.75 6.43 21.28 6.54 0.14

Fig. 12 Qualitative evaluation of the results. Checkboard view of the CT and Open-MR data (a, c) before and (b, d) after rigid registration. Dataset

7: slice 41

Fig. 13 Qualitative evaluation of the results. Checkboard view of the CT and Open-MR data (a, c) before and (b, d) after rigid registration. Dataset

9: slice 18

Discussion

A large number of researches have been devoted to registra-

tion of single and multimodality images. They have mainly

relied on either intensity of voxels or position of surface

points and employed rigid/non-rigid methods. Registration

of Open-MR and CT images is a special case in which there

are several challenges including large misalignment, non-

uniform intensity of Open-MR data, incomplete data and

non-rigid deformations of the organ. We adopted a hybrid

registration approach combining benefits of intensity-based

rigid and landmark-based non-rigid registration methods.

Our proposed rigid scheme is used as a remedy for inten-

sity inhomogeneity of Open-MR data, large misalignment

and incomplete data acquisition. Open-MR data consider-

ably suffer from non-uniform intensity (Fig. 10a, b). To deal

with this problem, we use MIP projections of liver images

together with an intensity-based registration method. As can
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Fig. 14 Due to large inter-slice resolution, the tumor (shown by red

arrow) exists only in one slice in dataset no. 5

be shown in Fig. 5, the method can successfully align two

liver images especially in case of incomplete data. Concate-

nation of MIP- and PCA-based rigid registrations improves

the results and prevents non-rigid registration to trap in local

minimum. Our pre-alignment method considers the compen-

sation of both translation and rotation.

Comparing the results of Tables 1 and 2, it can be seen

that all distance measures of liver and tumor have been

improved. Maximum and modified Hausdorff distances of

liver were decreased from 71.66 and 23.53 mm to 51.89 and

10.91 mm, respectively. The results for tumors are even bet-

ter. Maximum and modified Hausdorff distances of tumor

were decreased from 53.43 and 40.03 mm to 22.32 and

9.35 mm, respectively. Based on the results of Tables 1 and

2, overlaps of tumors were increased by 16 % using MIP-

PCA-based rigid registration. However, there is no overlap

between tumors in CT and MR data in datasets nos. 5 and 9.

In these data, size of tumors is small and they can be seen in

only one or two slices (Fig. 14). Overlap measure of dataset

no. 9 is later improved after non-rigid registration.

The statistical results in Tables 1, 2 and 3 reveal that sub-

sequent applying of MIP-PCA and RPM methods reduces

distance measures and increases overlap metrics. For exam-

ple, the average RMS distance of livers is reduced from 28.20

to 15.13 (MIP-PCA registration) and then to 12.02 mm (RPM

registration) in case of liver and from 39.7 to 11.7 and then to

10.11 mm in case of tumor. The p-values show that the results

of the proposed method are statistically (pvalue <0.05) sig-

nificant in case of MIP-PCA rigid registration and the results

are highly significant (pvalue <0.01) in case of RPM reg-

istration. However, the p value corresponding to maximum

distance is high. This is because maximum distance measure

is sensitive to outliers to a large extent.

In dataset nos. 2 and 8, the upper parts of livers do no exist

in MR data. Thus, they are considered as severely incomplete

data (Fig. 15). Nevertheless, our rigid method improved over-

lap of tumors by 37 and 21 % in case of data nos. 2 and 8,

(a) (b)

(c) (d)

Fig. 15 Two typical incomplete datasets. Left column axial view of the

first upper slice of dataset a no. 2 and c no. 8. In coronal view, b no. 2

and d no. 8, it can easily be seen that the upper part (red oval) of liver

does not exist in MR data

respectively. These results also prove the effectiveness of ROI

definition to reduce the impact of outliers.

The results of rigid registration of complete data are

noticeable. As can be shown in surface rendering result

shown in the online supplement, the two images had large

misalignments (both translation and rotation) and the tumors

are considerably separated from each other. The MIP-PCA-

based registration improved overlap of livers and tumors.

Comparing our MIP-PCA-based registration method with

other rigid algorithms (shown in the on-line supplement)

reveals that our method reduced distance measures of liver

and tumors superior to other rigid methods. ICP and modified

ICP obtained better results in case of liver distance measures.

However, our goal is to accurately register tumors to perform

radiofrequency ablation. Regarding tumor distance measures

(shown in the on-line supplement), our algorithm outper-

formed both ICP and modified ICP methods. The modified

Hausdorff metric is a precise measure by which we eval-

uated our method. Regarding the liver and tumor distance

measures shown in the online supplement, our method is the

best algorithm among rigid registration approaches.

Definition of an ROI is a useful technique for registration

of incomplete data and to remove outliers in non-rigid reg-

istration. The surface rendering results (shown in the online

supplement) prove that our method can deal with registra-

tion of incomplete data well. The tumors are separated before
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registration while they have an acceptable overlap after reg-

istration.

In case of MIP-PCA-based rigid registration, the mean

distance measures including RMS, maximum and modified

Hausdorff distances are improved by 13, 20 and 13 mm,

respectively. In cases of dataset nos. 3 and 4, the maximum

distances were not improved. However, increasing maximum

distance is not itself a proper measure for evaluation of our

results since it is so sensitive to outliers. The average overlap

measures (shown in the on-line supplement) revealed that

they were increased by more than 36 % in case of liver and

16% for tumors. While the overlap measure is zero for some

tumors before registration, it is about 20 % after registration.

In this research, we aimed at the registration of incomplete

MR data to complete CT images. If parts of the liver in an

MR image are not scanned, a 3D rigid registration scheme

will be trapped into local minimum and the registration will

fail. In our method, we followed an initial 2D MIP-based

rigid registration by a 3D rigid alignment. Considering MIP

of a liver in axial direction, the projection will not be affected

so much if the upper and lower parts of the liver are absent

from the image (Fig. 5a, d). Thus, the initial 2D MIP-based

rigid registration compensates for incomplete liver images

and prevents the 3D rigid registration scheme to be trapped

into local minimum.

Regarding non-rigid registration using modified TPS-

RPM method, our algorithm increased overlap of livers and

tumors by 3 and 9 % respectively. We conclude that incor-

poration of vascular branching point improved tumor regis-

tration more than the liver results. The results of modified

ICP are better compared with the ICP results. Comparison

of our method with other non-rigid methods (shown in the

online supplement) reveals that our results are superior to

TPS-RPM and B-spline methods. The results also indicate

that intensity-based non-rigid registration, such as B-spline,

is not sufficient to get good results and landmark-based meth-

ods, such as TPS-RPM, get better results. It is also evident

that inclusion of vascular landmarks improves the results

of TPS-RPM. Our proposed method improved the average

modified Hausdorff measure of liver from 23.53 to 9.38 mm

which is 14.15 mm improvement while the improvement in

case of TPS and B-spline are 12.23 and 11.75, respectively.

We conclude that using vascular landmarks prevents trans-

formation function from too much deformation.

The TPS-RPM method is based on radial basis function.

If the landmarks are not distributed evenly, liver voxels that

are far from the control points are not registered accurately.

Thus, it is needed to have an appropriate number of landmarks

around tumors. It is needed to notify that the computational

cost of TPS-RPM method is increased when the number of

control points is increased.

The mean RMS error of the proposed method is 10.11 mm.

Although the error is not zero, our method reduced initial

Table 4 Typical run times of rigid and non-rigid registration methods

Method Rigid Affine ICP MICP TPS B-spline Proposed

method

Time (s) 120 200 180 240 280 300 540

RMS error from 39.70 to 10.11 mm. The reduction in error is

impressive. If we include more biological landmarks around

tumors, our modified RPM method may further reduce error

and localize tumors more accurately.

Comparison of run time of our method with other methods,

shown in Table 4, reveals that the run time of the code is a

problem with our algorithm. This is because our algorithm

was coded in MATLAB environment. Based on our previous

experience, the proposed algorithm will be run faster if it is

implemented in C++ environment. Improvement in the run

time encourages users to employ the proposed algorithm as

a medical application.

Comparison of our method with the results of Tang and

Wang [9] shows that the overlap measures of their results

are greater than 0.83 which is better than our results. This is

because our algorithm is designed to confront two challenges:

incomplete liver data (Fig. 15b, d) and severely inhomoge-

neous intensities. Except for dataset no. 7, all MR images suf-

fered from incomplete data, non-uniform intensity or both. It

is also important to note that Tang and Wang [9] evaluated the

overlap error of large tumors (tumors larger than 10 mm in

size) while we computed an overlap method for all available

tumors including both large and small tumors. Concatena-

tion of 2D MIP-based and 3D rigid registrations considers

for MR incomplete data and employing a point-based non-

rigid registration ignores intensity inhomogeneities.

Conclusion and future works

We proposed a hybrid rigid–non-rigid registration method

that relies on intensity- and landmark-based algorithms. The

results proved that concatenation of these two approaches

improved the results compared to each method alone.

The proposed algorithm reduced registration error signif-

icantly from 39.7 to 11.7 mm. However, in cases of small

tumors (for example a 2 mm tumor), it cannot find their posi-

tions accurately. We plan to extend our algorithm to improve

registration of small tumors too.

In this paper, we extracted the branching points of ves-

sels manually. As the next step of our research, we intend

to find these points automatically. To improve rigid registra-

tion results, other anatomical landmarks may be used such as

spinal landmarks. We plan to extend the proposed method to

registration of brain images too. The MIP-PCA method may

also be utilized as a preprocessing step to registration of other

non-rigid organs to compensate for large misalignment.
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