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Introduction:

Medical imaging technologies are essential to disease diagnosis and surgery planning, such as computa-
tional tomography (CT), which expresses the acquired tomographic medical image data as a set of slice
sequences. In order to decrease the radiation amount received by the patients, it is a common practice
to reduce the sampling rate and improve the scanning speed, which resulting in the loss of some valuable
temporal information and remarkably large slice interval. Therefore, most medical imaging volumes are
taken anisotropically with a high intra-slice resolution and a low inter-slice resolution. This phenomenon
leads to problems such as rough or even broken tissue boundaries in 3D reconstructed models, which
will undoubtedly affect the accuracy of lesion analysis result. As such, an accurate and reliable method
to upsample the low inter-slice resolution, which we refer to as the medical image slice interpolation
techniques, is much needed in research. In addition to generating accurate 3D reconstructions, medical
slice interpolation can also be widely used in medical image segmentation, multi-frame super-resolution
(MFSR) reconstruction , and other fields. By adding new virtual slices between every two consecutive
images, as shown in Fig. 1, the number and information of experimental data sets are increased, in
order to boost MFSR and medical image segmentation accuracy. Especially, increasing the amount of
training samples is indispensable for the popular research method such as neural network. Therefore, it
is necessary to improve the inter-slice interpolation techniques to increase the axial spatial resolution of
the data acquired using medical imaging modalities.

Image interpolation technology has been wide-spread used in various area of image processing, es-
pecially in the field of medical image processing. The methods for this task can be categorized into
four groups. (1) Grayscale-based interpolation methods [12, 13] directly use the grayscale information of
two consecutive images, to interpolate the inter-layer images through a set of basis functions. Nearest
neighbor interpolation [2] , linear interpolation [1] and cubic B spline interpolation [11] are the common
types of such interpolation methods. This method is widely used in image interpolation because of its
computational simplicity and less computationally expensive. However, the interpolated images obtained
by these methods are usually too smooth and contain the artifacts. (2) The shape-based interpolation
methods [3, 7] generate contours of the image to be interpolated directly based on the contour shapes
of two consecutive images. Compared with the grayscale-based interpolation methods, it can effectively
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eliminate the artifacts and improve the quality of interpolated images. However, the shape-based methods
still have significant limitations. On the one hand, it requires high quality of tissue contours for the case
where the input images are very similar. On the other hand, the extraction and representation of contours
have complicated the method and reduced the efficiency of the algorithms. (3) Methods based on registra-
tion [8] achieve inter-layer interpolation by finding correspondences between consecutive images to match
local anatomical structures, and obtain the deformation information of the pixel points to be interpolated
according to the found deformation fields. This kind of methods can eliminate the boundary artifacts
while taking into account various non-rigid deformations of human organ structures, which can produce
the satisfactory visual effects. The currently popular non-rigid registration methods can be divided into
two categories: one is based on spatial transformation [10], the other is based on physical models, such as
the alignment methods based on optical flow estimation [5, 6]. However, registration-based interpolation
methods have approximation calculations in the alignment process, which may generating anomalies of
missing pixels. Furthermore, the computational complexity is higher compared to the shape and grayscale
based interpolation methods. (4) In recent years, the rapid development of deep learning has enabled
neural networks to bring new breakthroughs on medical image slice interpolation. Thus, deep learning
based medical image slice interpolation techniques [9, 4] are promising. However, their inherent unpre-
dictability and uninterpretability in handling sophisticated tasks remain to be explored. In addition,
deep learning based methods rely on large amounts of data, which is difficult to meet in most practical
application scenarios.
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Fig. 1: Slice interpolation in fault medical images.

Main Idea:

As we all known, image interpolation technoloty consumes a certain amount of time inevitably while
enhancing the image data. In view of the high reliability and real-time requirements of medical image
processing system, it is essential to study a slice interpolation method with low computing complexity,
in order to really improve the accuracy and efficiency of 3D reconstruction. Therefore, in this paper we
propose a method that generates inter-layer images based on spatial geometry polynomial fitting, which
can reconstruct an arbitrary number of intermediate medical slices from two consecutive slices via a priori
information from three consecutive slices. An overview of our method is illustrated in Fig. 2. At first, the
reverse sampling on original slice sequence is adopted to locally construct a ternary quadratic polynomial
space geometry, which is used to generate the unit space geometry by weighted average. Then, all unit
space geometries are pieced together to fit the space geometry. Finally, the spatial geometry is resampled
to reconstruct the inter-layer slice. Our method is used to increase the axial spatial resolution in the
CT sequence image at any scale. Meanwhile, the proposed interpolation method can reduce the time
consuming and obtainthe interpolation results quickly.

In summary, the main contributions of this work are summarized as follows:

1)We propose a fast and flexible medical image volume interpolation method based on polynomial

Proceedings of CAD’21, Barcelona, Spain, July 5-7, 2021, 134-138
© 2021 CAD Solutions, LLC, http://wuw.cad-conference.net



http://www.cad-conference.net

136

° . .

N e
: y . . -
. .
Reverse je \\\ . Interpolated Slice
Sampling k1 ‘e o
J=1i-1 i i+1
Consecutive Slices
+ Raw Pixels Interpolated Pixels

Spatially Interpolated Pixels

Fig. 2: Algorithm framework.

fitting of spatial geometry. Unlike the traditional model in which two consecutive frames are used as input,
it uses three adjacent frames as input to predict the motion trajectory information of the intermediate
frames.

2) Using the relevant theory of computer graphics, the spatial geometry structure is constructed in
3D space and resampled to generate new pixels to interpolate the inter-slice images. This method can be
applied to fast interpolation of images in arbitrary directions and scales, and can greatly reduce the time
complexity while generating good visual results.

Next, we will briefly present our interpolation method, including the constraints, key solution proce-
dure, etc. The proposed method relies on two constraints:

Condition 1: The pixels between the inter-slice image to be interpolated and the original image
sequence are continuously varying, and they contain similar structures.

Condition 2: The similarity between the inter-slice image to be reconstructed and the two adjacent
images of the original is inversely related to its distance from these two images.

Suppose three consecutive slices S;_1(0 < k < t), Si and Sp4+1(0 < k < t) , the interpolated image
Sk+4(0 < d < 1) consists of m x n pixels V,; j k44,7 = 1,2,...,m,j = 1,2,...,n, and the pixels to be
generated can be regarded as the sampled values on the spatial geometry F(x,y,z). For the sake of
discussion, let each pixel V; j z4+4 be sampled from the unit volume, that is,

Vigwsa= [ £14185 [1283 [ 2830(o,1,2)F (o, 2)dodyd (L.1)

In three dimensions, the space geometry, f;;x(x,y,2),i = 2,3,....m —1,7 =2,3,...,n— 1,k =
2,3,...,t — 1, is subject to the following condition: if the F(z,y,z) in Eqn. (1.1) is ternary quadratic
polynomial, then f; ; x(z,y, z) can accurately reconstruct F(z,y, 2z), that is, fi j x(z,y, 2)=F(z,y, z) Let
u=z—1,v=y—jw=z—k Then ternary quadratic polynomial f; ; x(z,y,2) can be written on the
[-1.5,1.5] x [-1.5,1.5] x [-1.5,1.5] space as,

fiju(z,y, 2)=aru® + azv? + azw? + aguv + asuw + agvw + aru 4 agv + agw + ayo, (1.2)

where, a1, as,...,a19 are all unknown coefficients. Next, these unknown coefficients are solved for. To
reduce the computational effort, first discuss how to determine a7, ag, ag, and then calculate the remaining
seven coefficients.

Assuming that F'(z,y,z) can be defined by Eqn. (1.2), P;;x is defined by sampling Eqn. (1.1),
brought into the solution can be obtained:
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ar =e1 = (Pip1jk —Piz1jk) /2
ag =ez = (Pijr1 6 —Pija1r)/2

ar+ag=es = Pij1 116 — Picij1k)/2 (1.3)

ar +as + a9 = e13 = (Piv1 jr1,641 — Pic1j—1,6-1) /2.

To reflect the contour properties of the image as much as possible, the unknown coefficients ar, as, ag
are determined by the least squares method with constraints.The objective function is

[G(a7, as, ag) = Wy ((l7 - 61)2 + ’U)Q(CLS - 62)2 +...+ ’w13(117 + ag + ag — 613)2. (14)
The unknown coefficients can be found by minimizing the objective function:

0G (a7, ag, ay)
8(17

aG(a'?a as, ag)
aag

aC;’(a"ﬂ as, a9)
8@9

=0, =0, =0. (1.5)

The same least-squares method with constraints is used to determine the remaining parameters.

Conclusions:

A fast inter-slice interpolation method for medical image based on spatial geometry polynomial fitting
is proposed in this paper. This method enables generating an arbitrary number of intermediate medical
slices from every two consecutive slices, and takes into consideration the time costs. In order to compre-
hensively evaluate the performance of the proposed method, we present relevant simulation experiments
based on three different sets of CT datasets. The performance of the proposed method is evaluated
from three aspects: visual effect, quantitative analysis and time complexity. The interpolation results
are shown in Fig. 3, which show that the intermediate image obtained by this method does not lose the
relevant information. The internal details are clear, and the effect of smooth transition can be achieved,
which can effectively improve the resolution between slices. It is worth noting that the interpolation
on CT sequence images does not generate new lesion information, but the resolution of CT images is
improved to make subsequent three-dimensional reconstruction processing more convenient.

It is well known that the existing quantitative evaluation results are not a good substitute for hu-
man visual perception, and temporal coherence cannot be measured by numerical standards. We find
that compared to the state-of-the-art methods, the visual quality differences and competitiveness of this
methods are much greater than the numerical differences. In summary, it can be stated that the pro-
posed method effectively improves the axial resolution of medical image sequence by quickly generating
an arbitrary number of intermediate images. In the future works, we will further investigate the new
target functions to construct the spatial geometry corresponding to the image sequence, for improving
the interpolation accuracy.
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Fig. 3: Interpolation results of tomographic medical images: (a) Input image 1; (b) Interpolation result
1; (¢) Input image 2; (d) Interpolation result 2; (e) Input image 3; (f) Interpolation result 3; (g) Input
image 4.
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