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ABSTRACT

In this paper, we present a non-linear 3-dimensional (3-D) interpolation scheme for gray-level

medical images. The scheme is based on the moving least squares (MLS) method but introduces

a fundamental modification. For a given evaluation point, the proposed method finds the local

best approximation by reproducing polynomials of a certain degree. In particular, in order to

obtain a better match to the local structures of the given image, we employ locally data-adapted

least squares methods that can improve the classical one. Some numerical experiments are pre-

sented to demonstrate the performance of the proposed method. Five types of data sets are

used: MR brain, MR foot, MR abdomen, CT head, and CT foot. From each of the five types, we

choose 5 volumes. The scheme is compared with some well-known linear methods and other

recently developed non-linear methods. For quantitative comparison, we follow the paradigm

proposed by Grevera and Udupa 1998. (Each slice is first assumed to be unknown then interpo-

lated by each method. The performance of each interpolation method is assessed statistically.)

The PSNR results for the estimated volumes are also provided. We observe that the new method

generates better results in both quantitative and visual quality comparisons.

INTRODUCTION

Medical imaging systems such as MRI or CT usually obtain 3-D data sets in slice-by-slice or-

der. Since the resolution of the slice direction is generally poorer than the in-slice resolution, the

3-D image (which refers to the slices parallelly stacked) does not have equal spatial resolution.

Isotropic discretization is a required property of a 3-D image since algorithms for volume analy-

sis usually presume isotropy. Interpolation algorithms have been served in order to remove user

interactions when analyzing the acquired data such as object identification. Moreover, there is a

need for the images to be re-discretized in order for the expert to collaboratively diagnose using

multiple images obtained from different modalities or at different time sequences.

3-D image interpolation methods in medical imaging can be categorized into two types

(Grevera and Udupa 1998): scene-based and object-based. Scene-based methods determine



the interpolating intensity directly from the given scene (i.e., the 3-D image) while object-

based methods extract information of the objects from each given slice in order to find better

interpolation. Traditional methods such as linear or cubic spline interpolations with globally

fixed convolution kernels are very simple yet most widely used (Lehmann et al.1999). They

fall into the former category and are shown in Grevera and Udupa 1998 to be inferior to the

object-based methods due to failure to respect the local statistics around the features in the

image. Registration(Castillo et al.2009) is, in fact, the decisive process where sudden shift of

anatomical regions between adjacent slices can be adjusted in order for the interpolation artifacts

to be minimized. In the case of object-based, the registration is rather explicitly spelled out in

the algorithms. On the other hand, in the case of conventional scene-based, the registration is

omitted. However, some scene-based algorithms have the process implicitly built-in in their

algorithms (Tian et al.2007, Hladüvka and Gröller 2001, Haußecker and Jähne 1996, Mai et

al.2011, Morozov et al.2011 and Takeda et al.2007).

Most object-based methods find an intermediate slice from two given adjacent slices. Shape-

based interpolations (Raya and Udupa 1990, Grevera and Udupa 1996, Grevera and Udupa

1998, Grevera et al.1999, Lee and Lin 2002) transform each slice into a certain gray image

after which the linear interpolation between two adjacent gray images is back-transformed to

generate the intermediate slice. In Raya and Udupa 1990 each image is segmented into a black-

and-white image then converted to a gray image by distance transform for binary images. Later

in Grevera and Udupa 1996, the idea is extended to gray input by representing a 2-D gray slice

as a 3-D binary image then applying a generalized version of the distance transform. The ac-

curacy of the shape-based algorithms is compared statistically in Grevera and Udupa 1998. As

a method specifically applied to detect and to quantify multiple sclerosis lesions of the brain

via MRI, the performance of the shape-based algorithms is discussed in Grevera et al.1999. In

order to improve the shape interpolation result, the feature line-segments are computed to better

guide the shape-based methods (Lee and Lin 2002).

Other strategies for interpolation between neighboring slices are algorithms finding an al-

ternative direction other than the slice direction (Wang et al.2001, Wang et al.2004, Goshtasby

et al.1992, Penny et al.2004 and Frakes et al.2008). In order to find the direction of maximum

coherence, approaches in Wang et al.2001 and Wang et al.2004, divide the volume space be-

tween two consecutive slices into one layer of cubes then model the behavior of the surface

inside each cube with the assumption that only one flat surface is passing through each cube.

Registration-based methods are developed by establishing spatial correspondence between two

adjacent slices in Goshtasby et al.1992, Penny et al.2004 and Frakes et al.2008. The technique

in Goshtasby et al.1992 iteratively matches the magnitude and the direction of gradients. The

authors of Penny et al.2004 employ the nonrigid registration algorithm based on B-spline which

optimizes the normalized mutual information similarity measure. Linear interpolation of the im-

age intensities is then carried out along the directions called the ‘interpolation lines’. In Frakes

et al.2008, the cubic B-spline is used for the inter-slice registration and for interpolation. This

type of strategy is also used in tensor data processing such as DT-MRI. In Mai et al.2010, a

diffusion tensor image is up-sampled by means of non-rigid inter-slice registration incorporat-

ing the underlying anatomical shape information. In order to interpolate time-varying image

sequences, Ehrhardt et al.2006 uses more than two consecutive images based on the assumption

that pixel values in the same region of an object do not change. Recently Zhang et al.2012 make

use of sparse representation approach by finding a patch based dictionary in order to generate

intermediate slices of 4D-CT of lung, whose anatomical patterns between adjacent slices may

very different affected by the patient’s breathing.



In relation to the 3-D image acquisition process, the main feature of the object-based

method is to analyze each obtained slice then to generate the intermediate slice. This property

becomes an obstacle when it requires heavy preprocessing such as user interactions, huge mem-

ory storage or computational complexity. Since interpolation happens only in the slice-direction,

the methods are not applicable for in-slice resolution control or for 3-D image zooming.

In fact, there are other methods which can be categorized as scene-based but take the in-

formation of the underlying object into account (Tian et al.2007, Hladüvka and Gröller 2001,

Haußecker and Jähne 1996, Mai et al.2011, Morozov et al.2011). Firstly, an algorithm that

iteratively determines the optimal parameter value for cubic spline in single dimension is in-

vestigated in Tian et al.2007. Secondly, there are tensor-based approaches. In Haußecker and

Jähne 1996 and in Hladüvka and Gröller 2001, by analyzing the eigen system of the structure

tensor which is based on multiplications of first order difference operators in each of the three

coordinate directions, interpolating direction is determined. As for the off-grid points, the tensor

of the nearest grid point is copied in order to determine the corresponding tensor at the position.

The study in Morozov et al.2011 formulates the problem for finding a uniform tensor-product

of 1-D B-spline basis which best fits the given irregularly sampled multidimensional images

while penalizing the non-smooth solutions. As an attempt to increase the in-slice resolution of

human cardiac DT-MRI, the method in Yang et al.2011 interpolates the primary vector fields

using thin plate spline. The process consists of two steps, denoising and up-sampling, and thin

plate spline is employed in both steps.

The objective of this work is to provide a data-adapted MLS (DA-MLS) method for 3-D

image interpolation. The proposed method incorporates the local features or structures of the

given image. MLS methods are very efficient in approximating multi-dimensional data (Farwig

1986 and Levin 1998) in 2-D image processing (Liu et al.2010, Hung and Siu 2012), includ-

ing image deformation (Schaefer et al.2006) and medical image registration (Sathyanarayanan

and Bodenheimer 2009) and also in computer graphics domain such as surface reconstruction

(Wang and Oliveira 2003, Co et al.2004, Shachar et al.2005, Cresson et al.2008). The idea is in

adjusting the weight function of classical MLS in order to adapt the local edge information. We

extend this idea into 3-D image in order to adapt the directional feature of the object captured in

the volume. Since the shape information is extracted directly from the local data, the DA-MLS

requires neither any user interactions nor any computational analysis of shape extraction within

each slice. This is an important difference of the proposed method from the object-based meth-

ods which often involve heavy pre-(and/or post-) processing in analyzing each slices. Some

numerical results are provided to demonstrate the performance of the proposed method. The

scheme is compared with some well-known linear methods and other recently developed non-

linear methods. We will see that the proposed method outperforms the other schemes in both

quantitative and visual quality comparisons.
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