Computers in Biology and Medicine 110 (2019) 66-78

Contents lists available at ScienceDirect
Computers in Biology
and Medicine

Computers in Biology and Medicine
B4

journal homepage: www.elsevier.com/locate/compbiomed

Slice interpolation of medical images using enhanced fuzzy radial basis R

Check for

function neural networks heckfo

Zhen Chao”, Hee-Joung Kim™""

 Department of Radiation Convergence Engineering, College of Health Science, Yonsei University, 1Yonseidae-gil, Wonju, Gangwon, 220-710, South Korea
" Department of Radiological Science, College of Health Science, Yonsei University, 1Yonseidae-gil, Wonju, Gangwon, 220-710, South Korea

ARTICLE INFO ABSTRACT

Volume data composed of complete slice images play an indispensable role in medical diagnoses. However,
system or human factors often lead to the loss of slice images. In recent years, various interpolation algorithms
have been proposed to solve these problems. Although these algorithms are effective, the interpolated images
have some shortcomings, such as less accurate recovery and missing details. In this study, we propose a new
method based on an enhanced fuzzy radial basis function neural network to improve the performance of the
interpolation method. The neural network includes an input layer (six input neurons), three hidden layers of
neurons, and the output layer (one output neuron), and we propose a patch matching method to select the input
variables of the neural network. Accordingly, we use two normal pending images to be interpolated as the input.
Final output data is obtained by applying the trained neural network. In examining four groups of medical
images, the proposed method outperforms five other methods, achieving the highest similarity image metric
(ESSIM) values of 0.96, 0.95, 0.94, and 0.92 and the lowest mean squared difference (MSD) values of 35.5, 41.2,
50.9, and 47.1. In addition, for a whole MRI brain volume data experiment, the average MSD and ESSIM values
of the proposed method and other methods are (41.62, 0.95) and (57.13, 0.90), respectively. The results indicate
that the proposed method is superior to the other methods.
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1. Introduction

In the field of modern medicine, Computed Tomography (CT),
Magnetic Resonance Imaging (MRI), and other medical imaging tech-
nologies are widely used. The series of complete two-dimensional data
obtained by medical imaging systems can be improved to three-di-
mensional volume data by reconstruction technologies that allow the
visual display of human tissues or organs [1,2]. However, even though
acquisition time, cost, and human exposure dose can be high, some
medical imaging devices continue to be used extensively by necessity,
such as 32-row or 64-row spiral CTs. In the three-dimensional volume
data obtained by these devices, the spacing between slices is often much
larger than that between adjacent pixels in the same image volume. If
such volume data are directly reconstructed, the results will contain
step-like edges, discontinuous surfaces, interrupted details, and other
phenomena. Therefore, these incomplete data have lower diagnostic
significance [3-5]. Based on this, in order to obtain high resolution and
complete volume data, compensation for missing data has become a
popular research direction. Slice interpolation methods represent a

powerful tool to compensate for missing slice data, as shown in Fig. 1.

For interpolation algorithms, three well-known methods are linear
interpolation, nearest-neighbor interpolation, and cubic interpolation.
These methods are directly based on pixel gray levels [5-7]. The ad-
vantages of these methods are their simple operation principles, low
computational complexity, easy implementation, and wide application.
However, they ignore an important factor: that pixel changes are
caused by an object's structure. This is particularly true for linear in-
terpolation and nearest-neighbor interpolation, which consider very
few adjacent pixels for interpolation processing, and thus many re-
levant pixels cannot be considered. The consequences are that the in-
terpolation accuracy is very low, the resultant images are blurred, some
structural details are lost, visual authenticity is poor, and artifacts may
occur [5,8]. Subsequently, other pixel-based methods have been pro-
posed [9-12], and have attempted to apply higher numbers of adjacent
pixels to interpolation algorithms. Although some progress has been
made, the problems involving artifacts and blurring still exist.

In addition, feature-based methods have been gradually developed.
This type of method was first proposed by Baghaie et al. [13], the
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Fig. 1. Slice interpolation demonstration graph based on CT image sequences.

characteristic of which is to extract the input image information and
obtain the deformation data corresponding to each pixel of the image to
be interpolated. Finally, the pixel values are calculated. Later Penney
et al. [14] proposed a method based on non-rigid registration to better
find the mapping relationship between slices with similar structural
features. In addition, a modified mesh control interpolation method was
proposed [15].

Leng et al. [5] developed a multiresolution registration mode as a
preprocessing step to improve the interpolation accuracy of the con-
ventional methods. This type of algorithm considers the problem of
energy minimization. It is necessary to obtain the deformation field by
using appropriate regularization terms and interpolation constraints.
The initial value of the deformation iteration is usually rigid or pre-
dicted by a ray-like transformation. Based on this, the convergence
positions are not ideal if the criterion is not strictly aligned [16,17]. In
order not to depend on the initial location of registration, a series of
curvature-based registration methods were proposed [17-19]. They
avoid the influence of an unreliable preregistration of affine linearity.
However, the problem of unsatisfactory effects has not been solved
thoroughly for situations where the pending structural differences be-
tween consecutive slices are large. Recently, deep learning technology
has been widely used to improve image quality or create super-re-
solution images. Park et al. [20] applied U-net model to CT super-re-
solution. You et al. [21] proposed the generative adversarial network
(GAN)- based method to create CT super-resolution. The multi-scale
fusion convolution network (MFCN) was proposed to improve the
quality of MR images [22]. These methods made corresponding con-
tributions. However, it needs to be noted that training convolutional
neural networks requires big data. If the data is insufficient, the per-
formance of deep learning will be greatly limted.

In this paper, in view of the shortcomings of the above state-of-the-
art methods, we propose a new method based on an enhanced
Takagi-Sugeno fuzzy radial basis function neural network (EF-RBFNN).
The enhanced system includes five layers. The structure ratio of the
input layer to the output layer is 6:1. Therefore, based on a particular
interpolation data point, six corresponding adjacent normal data points
are used as input. The operation mechanism of the entire neural net-
work conforms to the classical T-S fuzzy model [23,24].

The error backpropagation algorithm (EBPA) is one of the earliest
training methods for neural networks, but its effectiveness depends
highly on the network parameters [25]. In heuristic optimization
methods, the ability of the gravitational search algorithm (GSA) to find
the best solution has been proven many times [26-29]. However, owing
to the complexity of the algorithm, the corresponding search speed is
relatively slow [30,31]. We previously proposed a hybrid of the GSA
and EBPA and successfully applied it to the training of feedforward
neural networks [32]. In addition, to construct a fitness function, we
applied a curvature-based method which can select ideal output data.

In summary, for specific processing pixel, we substitute six input
pixels. In turn, we can obtain the initial data aimed at producing an
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entire interpolated image. A certain number of training cycles is sub-
sequently applied to continuously optimize the neural network. Finally,
we can obtain the optimal output through the updated neural network.
To validate the performance of the proposed neural network, we
compare its performance to the classic linear interpolation method and
the state-of-the-art multiresolution method. The final experimental re-
sults verify that the proposed method outperforms these methods.

2. Materials and methods
2.1. Curvature-based model

The curvature-based model uses nonparametric image registration.
It does not need to extract specific feature points, nor does it need to
specify parameters to conduct a model transformation [33]. This model
is commonly expressed as

E(u) = D[R, T; u] + aS 1

where R is a reference image, T is a floating image. 1 is the deformation
field between these images, and D is a similarity measure function. The
regularization term S represents the smoothing speed function, and a is
a smoothing coefficient. The significance of this equation is that we
need to find the value of p that minimizes the energy function E. Be-
cause this model is a single-direction model, Baghaie et al. [16] pro-
posed an optimized curvature-based model to make it suitable for
processing two images and improve its performance, as follows:

a

2
S 2 S (owpx

B = 5 [ Rx = 1) = Rl + nu)Pes +
Q t=1 Q

2

From Eq. (2), with the plus sign as the dividing mark, the first half of
the expression is actually a similarity measure function or distance
measure function. R; and R, are pending images, r; = d;/(d; + do),
r, = 1 -1, and d; and d, represent the distance between two pending
images and two interpolated images, respectively. For the smoothness
function S (the second half of Eq. (2)), A represents the curvature op-
erator. The dimension is 1. Accordingly, the function S computes the
summation over two dimensions of the image.

Based on this model, the energy function E is minimized to obtain p
by applying Gateaux derivatives of the similarity measure and
smoothness term as follows:

FOe ux) + ad?u(x) =0,x € Q 3

fO6 ) = (R(x + np) — Ri(x — nu)-(VR (x — np) + VR (x + nu))
4

Subsequently, after a series of formulaic operations, the final de-
formation field p can be obtained. Specific operational details can be
found in Refs. [16,33].

In Ref. [16], the interpolated images can be obtained by averaging
the two transformed input images as follows:

R(x + Vz#ﬁnaz) + Ri(x — ﬁ#ﬁnal)

Resultant image = 5 5

However, in our experiments, this simple average interpolation
method is more effective when there is little structural difference be-
tween images. When there is a large structural difference between
images, the performance of the basic method is not ideal. Therefore, we
propose a new interpolation method based on a Takagi-Sugeno fuzzy
radial basis function neural network (Fuzzy-RBFNN).

2.2. Takagi-Sugeno fuzzy model and radial basis function neural network
The well-known Takagi-Sugeno (T-S) fuzzy model was first pro-

posed in Ref. [23]. It adopts the “If-Then” rule. The “Then” part is an
exact function that is usually a variable polynomial. Accordingly, the
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Fig. 2. Structure of enhanced Fuzzy-RBFNN system.
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Fig. 3. Window matching example.

T-S model can generate a high number of complex nonlinear functions
with a small number of fuzzy rules that can effectively reduce the total
number of fuzzy rules used to describe multivariable systems. There-
fore, it is advantageous in the analysis and synthesis of complicated
nonlinear systems [34]. The T-S fuzzy rule is commonly expressed as
follows:

n
RLIf xyis Ki, X% is K2, ..., X, is K, Theny!' = Z alx} +b  i=1,
1

2, ., n 6

wherel =1, 2, ..., m, and m represents the number of fuzzy rules; [x;,
Xa, ..., Xn] is the set of input variables; and [Kj, Ko, ..., K,] represents
fuzzy sets of the corresponding input variables. A fuzzy set K; can be
further divided into several fuzzy subsets K, (j = 1, 2, ..., 0), where o is
the number of fuzzy subsets. A fuzzy subset represents a membership
function, and is commonly defined by a Gaussian function as follows:

2
1 xi —cj
K,-j-(xi) =exp|—— l_lu
2 s 7

where c and o represent the center and width of the Gaussian function,
respectively. After performing all rule operations, the final output of the
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fuzzy model can be expressed as follows:

S, vy
y=El
TV 8

where V' represents the weight of the Ith rule, and is defined as follows:

n
vl = H Kil(xi)
i=1 9

A radial basis function (RBF) network is a forward network based on
function approximation theory. The basic idea behind an RBF neural
network is to use the RBF as the “base” of the hidden units to form the
hidden layer space so that input vectors can be mapped directly to the
hidden space without connection weights. When the central point of the
RBF is determined, the mapping relationship is determined. The map-
ping from the hidden layer space to the output space is linear, that is,
the network output is the weighted sum of the output of the hidden
units [35,36]. Accordingly, RBF neural networks and fuzzy systems are
structurally equivalent. Their combination is the key technology in
realizing an intelligent simulation, which can be adapted to more
complicated problems or fields and has stronger intelligent character-
istics [37].
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Fig. 4. Flowchart of proposed model based on EF-RBFNN.

Table 1
Parameters for the three groups of data.
data size Selected sequence Slice distance
MRI brain data 512 x 512 X 352 173rd 174th 175th 1.5mm
126th 128th 130th 3mm
CT chest data 512 x 512 x 200 158th 160th 162nd 4 mm
CT brain data 256 x 256 x 108 74 76th 78th 4 mm

Underlined items represent interpolated slices.
2.3. Proposed enhanced fuzzy radial basis function neural network

Accordingly, we propose the enhanced fuzzy radial basis function
neural network (EF-RBFNN) with a “6-18-4374-729-1” structure. That

is, the EF-RBFNN is divided into five layers: input, fuzzy partition,
condition formulation, inference, and output. The number of neurons in
the respective layers is 6, 18, 4374, 729, and 1, as shwon in Fig. 2. In
the input layer, the six neurons represent six input variables. In the
fuzzy partition layer, each input variable is divided into three fuzzy
subsets. The condition formulation layer and inference layer are col-
lectively called the rule-making layer. Every six neurons of the condi-
tion formulation layer are mapped to one neuron of the inference layer.
Finally, we can determine the output variable in the output layer ac-
cording to Eq. (8).

2.3.1. Selection of input variables of neural networks
For selecting of input variables of neural networks, we propose a
hybrid of patch matching and pixel similarity method, as follow:(see

Fig. 5. Performance comparison for brain MRI data 1: (al-c1) 173rd, 174th, and 175th slice images, where al and c1 are pending images and b1 is the reference
image; (d1-i1) are interpolated images using the linear interpolation method, multiresolution method, curvature-based method, high order method, proposed
method with RBF model, and proposed method, respectively; (j1-o1) are difference images corresponding to (d1-il).
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Fig. 6. Performance comparison for brain MRI data 2: (a2-c2) 126th, 128th, and 130th slice images, where a2 and c2 are pending images and b2 is the reference
image; (d2-i2) are interpolated images using the linear interpolation method, multiresolution method, curvature-based method, high order method, proposed
method with RBF model, and proposed method, respectively; (j2-02) are difference images corresponding to (d2-i2).

Algorithm 1)

Algorithm. : The hybrid of patch matching and pixel similarity

Require: R; and R, (two pending images).

Require: R; (X - r1ligna) and Ry (X + Iollgnag) (two registered images
based on R; and R, by applying the curvature-based model.

Require: O (the resultant image obtained by Eq, (5).

Stepl: Select a certain pixel of image O. With this pixel as the
center, its neighborhood (in a 3 X 3 window) is delineated.

Step2: Based on this neighborhood window, we find the matching
windows in the images R; and R, by the Sum of Squared Differences
(SSD) per Eq. (10). The search scope is 25 X 25. To make this easier to
understand, we provide a simulated diagram, as shown in Fig. 3

N 2
SSD =

D [RG,j) = O, j)] M(N) =3

i=1 j=1

Mz

10

Step3: Calculate the gradient azimuth of each pixel of the two
matching windows and the central pixel. The calculation of the gradient
azimuth is accomplished by applying Egs. (2)-(7) of [38].

Step4: Apply Eq. (11) to find pixels that are similar to the center
point.

Similar pixel = w(j, k) X 14;(j, k) — Bl i=1, 2 11

70

1840, k) = Al
T

34, k)= [AuG, k) = Agl=0— 7

12
where A;(j, k) is the pixel value at (j, k) of window A, and j, ke {1, 2,
3}; B is the pixel value of the central point; and A is the gradient azi-
muth at (§, k). It must be noted that if the difference in angle is larger
than m, we need to subtract the difference by 2 to obtain the correct
azimuth difference.

Step5: select three pixels each from R; and R, that have the least
differences with the center point. That is, these six pixels are treated as
input variables of the neural network.

2.3.2. Further explanation of neural network based on slice interpolation
Based on a certain pixel of the registered image, six pixels (3-3) are
selected from the two pending images. Each pixel is divided into three
fuzzy subsets, which are expressed by Eq. (7). Subsequently, by using
the condition formulation layer and the inference layer, where the
condition formulation layer represents the conditions of rules and the
inference layer represents the result of rules, an overall rule is estab-
lished based on the combination of the six fuzzy subsets from the cor-
responding fuzzy sets. That is, six conditions determine a rule. By
random allocation, there are 4374 (729 X 6) conditions that define all
corresponding rules. Namely, there are 4374 neurons in the condition
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n3)

Fig. 7. Performance comparison for chest CT data: (a3-c3) 158th, 160th, and 162nd slice images, where a3 and c3 are pending images and b3 is the reference image;
(d3-i3) are interpolated images using the linear interpolation method, multiresolution method, curvature-based method, high order method, proposed method with
RBF model, and proposed method, respectively; (j3-03) are difference images corresponding to (d3-i3).

formulation layer, and 729 rules (neurons) are represented in the in-
ference layer. Finally, the output pixel can be obtained from Eq. (8).
Successively, by processing the entire registered image, we obtain all of
the output data needed to interpolate an image.

2.4. Training of enhanced fuzzy radial basis function neural network

In the initial stage, the parameters of the neural network are set
randomly or empirically. Thus, we need to continuously optimize the
neural network through training. In our previous study, we successfully
used a hybrid combination of the gravitational search algorithm (GSA)
and error backpropagation algorithm (EBPA) to train a Fuzzy-RBFNN
for medical image fusion [32]. In this study, we also apply this training
method to an EF-RBFNN. The overall idea is to consider the short-
comings of both algorithms by implementing the GSA algorithm first,
and then the EBPA algorithm.

The structural characteristics of the neural network require that the
parameters c, g, a, and b be trained into the EF-RBFNN. Based on this,
we selected 50 agents as the initial population of the GSA, which in-
cluded 5139 values (dimensions), as follows:

1 18 19 36 37 4410 4411 5139
)(i=(Xi,"',Xi s Xi e X, X e X, X X)) 13

where X'-X'® and X'°-X3° represent the centers ¢ and widths o of 18
Gaussian functions and X%7-X**1® and X**11-X°1%° represent the coef-
ficients a and b of all rules. i = 1, 2, ..., 50. Using the initial EF-RBFNN
(which is not trained), we obtain 50 groups of output data that can be
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named as actual output data A. In addition, the velocity vector V of the
agents is also defined and has the same structure as X. The mass is
calculated by assuming that the gravitational mass and inertial mass
(we name them M) are equal. The mass M of each agent is then defined
as follows:

fit;(t) — worst (t)

m(t) = ———— =
best (t) — worst (t) 14
i()
M) = —H)
St my (o) 15

where fit; represents the fitness function of the ith agent, as given by Eq.
(14). Best and worst represent the best fitness function values and the
worst fitness function values for all agents, as defined by Egs. (15) and
(16), where t represents the iteration time.

@l - By’
16

In Eq. (14), N is the number of pixels and B is the ideal output data
obtained using the curvature-based method [16].

best(t) = i i (t
est () ie{ll,?,lg, so}ﬁ () 17

worst(t) =

ti(t
e L0 18

igf

Next, we need to calculate the resultant force F and acceleration
which is based on Newton's Second Law. Finally, the velocity and
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Fig. 8. Performance comparison for brain CT data: (a4-c4) 74th, 76th, and 78th slice images, where a4 and c4 are pending images and b4 is the reference image;
(d4-i4) are interpolated images using the linear interpolation method, multiresolution method, curvature-based method, high order method, proposed method with
RBF model, and proposed method, respectively; (j4-04) are difference images corresponding to (d4-i4).

position of agents are updated. The detailed calculation processing of
this part can be referred to Ref. [26].

Each agent (representing a set of parameters of EF-RBFNN) was
updated by performing 100 iterations. Then, the optimal agent that can
be used as the initial parameters of EBPA is determined. EBPA is one of
the earliest training methods used, and details of its operation me-
chanism can be found in Ref. [39]. The algorithm will not be discussed
here. It should be noted that the error function required by EBPA is the
fitness function in the GSA. Once again, by running 100 iterations on
the EBPA, we obtained the final optimal coefficients. Finally, by up-
dating the neural network and curvature-based model, we obtain the
final output data, namely, the resultant images. A flowchart of the
proposed model is shown in Fig. 4.

2.5. Materials and data analysis

In this paper, we selected three real medical volumetric data items
for the experiment: MRI brain data with a 512 x 512 x 352 size, CT
chest data with a 512 X 512 X 200 size, and CT brain data with a
256 x 256 X 108 size [40]. For the MRI brain data, we first selected
the 173rd and 175th slices to be interpolated. Subsequently, in order to
increase the difference in the processed image, the 126th and 130th
slices were interpolated. To further demonstrate the clinical sig-
nificance, the CT chest data of multiple tumors and CT brain data
containing various skull defects were included. For the chest data, the
158th and 162nd slices were selected as two pending images, and we
applied the 74th and 78th slices in our experiments. In short, the
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sequence selection principle we adopted was at intervals of one slice or
at intervals of three slices in respective volume data. Detailed para-
meters are listed in Table 1.

To better validate the performance of the proposed method, we also
implemented the conventional linear interpolation method and three
state-of-the-art methods: the multiresolution method [5], the curvature-
based method [16], and the high order method [19] to be compared to
the proposed method with RBF model (we select the number of input
neurons as six, select the Gaussian function as the activation function,
and train the NN by the GSA and EBPA hybrid). In addition, the edge
strength similarity image metric (ESSIM) [41] and mean squared dif-
ference (MSD) were adopted to provide an objective evaluation.

3. Results

For MRI brain data 1, the 174th slice image was interpolated by two
images of the 173rd and 175th slices, as shown in Fig. 5. Subsequently,
we selected the 126th and 130th slices to obtain the 128th slice image
based on MRI brain data 2, as shown in Fig. 6. For two CT data items
with lesions present, Fig. 7 shows that the 160th slice of the CT brain
volumetric data was processed based on the 158th and 162nd slices.
Finally, we applied the 74th and 78th slices of the CT data displaying
skull defects to obtain the 76th slice image, as shown in Fig. 8. In these
figures, (a) and (c) represent two images to be interpolated, and (b) is
the reference image. Images (d-i) are the interpolated images acquired
via the linear interpolation method, the resultant images after applying
the state-of-the-art multiresolution method, curvature-based method,
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Fig. 9. ESSIM and MSD values for four groups of image data obtained using six different methods.

Table 2

ESSIM performance of three proposed methods based on CT chest data: (b)
proposed method, (c) proposed method based on NN with two input neurons,
and (d) proposed method based on NN with four input neurons.

(©)

CT chest data (b) @

ESSIM 0.94 0.86 0.87

high order method, the proposed method with RBF model, and the
proposed method, respectively.

Indices 1-4 represent the MRI brain data 1 and 2, CT chest data, and
CT brain data, respectively. The respective difference images based on
the interpolated images and reference image are shown in (j-o) of
Figs. 5-8 in order to clearly observe the performance of each method. In
addition, in Figs. 7 and 8, we selected a region of interest (ROI) for
magnification to more accurately observe the tumors and skull defects,
as indicated by the red borders in i3 and i4. The respective ROI images
are shown in the lower right corners of the corresponding images.

To analyze the interpolated images more authoritatively and ob-
jectively, ESSIM and MSD were applied, as shown in Fig. 9, where
Linear, MR, CB, HO, RBF, and proposed are abbreviations for the linear
interpolation method, multiresolution method, curvature-based
method, high order method, proposed method with RBF, and proposed
method, respectively. The lower the value of MSD is, the smaller the
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deviation between the resultant image and the reference image, in-
dicating better performance. The closer the ESSIM value is to 1, the
higher the similarity is between the resultant image and the reference
image. Accordingly, for both the MSD and ESSIM indices, the values
obtained using the proposed method significantly outperformed those
of the five other methods.

4. Discussion

We first discuss the performance of the linear interpolation method
and three state-of-the-art methods. Observing MRI brain data 1, as
shown in Fig. 5(d-g), the performance of the linear interpolation
method was the worst. Differences in the brain circuitry are easily
visible compared with the reference image. Especially in the thalamus,
the black interspace in the middle of the resultant image is significantly
smaller than that in the reference thalamic area. Moreover, the
boundaries of the entire structure become blurred, as shown in Fig. 5(b)
and (d).

In contrast, the performances of the three state-of-the-art methods
(the multiresolution method, the curvature-based method, and the
high-order method) are shown in Fig. 5(e-g), respectively. The pro-
blems involving structural differences were slightly improved compared
to Fig. 5(b). However, after careful observation, the interpolation ef-
fects of the thalamus are not suitable because the structural sizes are
slightly larger than the size of the structure in the reference image.
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Fig. 11. Correction performance based on CT chest data: (a) reference image, (b) proposed method, (c) proposed method based on NN with two input neurons, and

(d) proposed method based on NN with four input neurons.

Next, we increased the interval between the two pending images of
MRI brain data 2 to three slices. Therefore, the structural differences in
the brain circuits are more obvious between the interpolated images
and the reference image when applying the four methods, as shown in
Fig. 6(b) and (d-g). Various structural differences are indicated by red
arrows. Furthermore, because slice interpolation technology can be
more effectively applied to help doctors in the diagnosis of diseases, we
implemented two CT data items displaying chest lesions. For the mul-
tinodular CT chest data, when directly observing the ROI sections at the
lower right corners of Fig. 7(d—g), the reconstruction performance of
the tumor shape achieved by the four methods is unsatisfactory com-
pared to the reference tumor shape of Fig. 7(b).

Regarding image blurring, the performance of the linear interpola-
tion algorithm is the most unsatisfactory. The case of a skull defect
presented by CT brain scan data is shown in Fig. 8. For slice inter-
polation, it is a challenging task to reconstruct the details of the skull
defects. The performances of the linear interpolation method, the
multiresolution method, and the high order method are poor. The
phenomena involving loss and distortion of details are obvious. Al-
though the performance of the curvature-based method slightly out-
performs that of the three other methods, the loss and distortion phe-
nomena are not improved significantly when the results are compared
to the reference image, as shown by the ROIs of Fig. 8(b) and (d-g). All
of the problems are better presented in the difference images, as shown
in Figs. 5-8(j-m).
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As a classic interpolation algorithm, the linear interpolation algo-
rithm has advantages such as fast computation and low budget.
However, its simplicity, involving few pixels, easily leads directly to the
distortion of image details and blurring of borders [5,42]. The multi-
resolution method is a combination of the non-rigid registration method
and the interpolation method. Its innovation lies in constructing two
continuous and regular maps for multiresolution domains. However,
this method highly depends on the similarities of anatomical structures.
In other words, the appropriate transformation map depends on the
initial registration position. Therefore, its use is limited [16]. The cur-
vature-based method is discussed in detail in Section 2.1 of this paper.
Correspondences between the two pending images can be found very
accurately by the curvature-based model. However, the final inter-
polation method does not consider the influence of neighboring pixels.
The high order method was developed as an extension to the curvature-
based method. The point correspondences are first found between
pending slices through the curvature-based model. Then, in order to
avoid the kink phenomenon, a spline interpolation method is used to
smooth out the detail loss caused by the kink phenomenon. There are
two possible reasons for poor performance. First, if the number of
images to be interpolated is small, the probability of the kink phe-
nomenon will be very large. Second, the problem of over-smoothing is
not well considered. Although the performances of the two registration-
based algorithms are better than that of the linear interpolation, the
results they produce are not ideal in our experiments.
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Fig. 12. Performance comparison for partial brain CT volume data: (a—b) pending slice images; (c) reference images, (d) interpolated images using the curvature-
based method, and (e) using the proposed method, respectively. The (5-9) labels represent five sets of slices — the 89th, 91st, 93rd; the 145th, 147th, 149th; the
153rd, 155th, 157th; the 161th, 163rd, 165th; and the 197th, 199th, 201th slices, respectively for five interpolations using the proposed and curvature-based
methods.

Table 3 Therefore, in order to more effectively implement slice interpola-
Average ESSIM, average MSD, and time cost performance of the proposed tion, we proposed a new method based on the targeted enhanced Fuzzy-

method and curvature-based method based on CT brain volume data. RBFNN system. According to the logical relationship of the gray values
between the morphological and anatomical structures of the pending

CT brain volume data Proposed Curvature-based images, neural networks with a “6-18-4374-729-1” structure were ap-
Average ESSIM 0.95 0.90 plied through repeated experiments. Next, we obtained the updated
Average MSD 41.62 57.13 neural network system after a sufficient number of iterations through
Time cost per data(s) 350.63 76.49 the GSA and EBPA hybrid. Finally, we obtained the interpolated images

by using the optimized EF-RBFNN. The results of the proposed method
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Fig. 13. The sensitivity analysis of ESSIM of the proposed method and curvature-based method based on CT brain volume data. The acquisition mode of ESSIM-1 is

every three slices. The acquisition mode of ESSIM-2 is every other slice.

are shown in Figs. 5-8(i) and (o).

For two MRI brain data items, the performance of the proposed
method is obviously better when reconstructing changeable brain cir-
cuitry and the thalamus. The differences compared to the reference
images are also minimal, as shown in Figs. 5 and 6(b) and (d-i). For the
CT chest data and CT brain data, the tumor and defective skull mor-
phological structures that were reconstructed by the proposed method
were also the closest to the reference image, and retained the structural
details and resolution to a greater extent, as shown in Figs. 7 and 8(b)
and (d-i). The superiority of the proposed method is also reflected by
the objective analysis, achieving the highest ESSIM values and lowest
MSD values based on the four experimental data scans.

Now, we further explain the contributions of this paper. The pri-
mary contribution is to propose the enhanced Fuzzy-RBF neural net-
work, which is suitable for the slice interpolation of medical images.
Compared with our previous studies on neural networks [30], we fur-
ther update and strengthen the structure of the neural network. The
input variables are selected by locating the corresponding pixel points
in two images with different structures. Accordingly, we first applied
the state-of-the-art curvature-based model to obtain the datum image
that connects the two pending images. Then, we apply a patch
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matching-pixel similarity method using the classic SSD operator, which
is widely used in image recognition and matching problems [43,44].

We adopted the SSD to find a matching patch. The sizes of the
moving window and searching scale were empirically selected. We
needed to find similar pixels in the patch to apply the method suc-
cessfully. The authors in Ref. [45] applied the root-mean-square de-
viation, which is based on the pixel value difference, to find similar
pixels. However, because we needed to find similar pixels in two small
windows that match, we synchronously considered the difference in
pixel direction and gray value to find similar pixels instead. For a given
number of similar pixels, we conducted three groups of experiments. As
alternatives to the proposed method using six pixels, one experiment
used two pixels, that is, a single pixel was selected in each of the two
matching blocks. The third experiment used four pixels, that is, two
pixels were selected in each of the two matching blocks.

The performances based on the CT chest data are shown in
Fig. 11(b-d). Fig. 11(b) was obtained by the proposed method with six
pixels, and obviously outperforms Fig. 11(c) and (d), which were ob-
tained by the proposed method with two and four pixels, respectively.
As the red arrows indicate, some details were lost using the proposed
method with two or four pixels, indicating that a minimum of six pixels
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was required to achieve acceptable performance. The performance of
the proposed method with six pixels was also better than the two var-
iations based on ESSIM, as shown in Table 2. Therefore, we selected six
variables based on empirical analyses as the input for the NN. We will
evaluate whether additional pixels provide significant benefit in future
work. Calculating the computational cost is also a problem we must
consider.

In addition, we succeeded in applying a GSA and EBPA hybrid
combination to train the proposed NN. Although this training method
was successfully applied in our previous research [30], the current
study involved more complicated neural networks, where many more
parameters of the neural network were considered. The results indicate
that our training method can be successfully applied to the training of
feedforward neural networks with different architectures. The training
methods applied to a neural network mainly affect its convergence. The
respective weaknesses of GSA and EBPA were discussed in Section 1.
Here, we present the convergence performance of three training
methods (GSA, EPBA, and combined GSA-EPBA) based on MRI brain
data 1, as shown in Fig. 10. To observe the convergence more clearly,
we examined the performance from the 7th iteration to the 200th
iteration. The convergence performance of the proposed method was
the best, although we can also see that the three convergence perfor-
mances in the final iterations are approaching a horizontal line. Thus,
we chose 200 iterations. Subsequently, we further explain why we
chose the Fuzzy-RBFNN instead of RBFNN, in other words, why we
chose an architecture with three hidden layers instead of one hidden
layer. Whether from visual observation or objective analysis, the pro-
posed Fuzzy-RBFNN performs better than the proposed RBFNN, even
when applying the input variables of the same pattern, as shown in
Figs. 5-8 (h) and (i) and Fig. 9. The principle of RBF is to cluster the
variables in the input layer directly. Therefore, RBF does not analyze
the characteristics of the input variables in more detail, so the reasoning
conducted by RBENN is fairly light. In contrast, by adding two hidden
layers, the proposed network structure not only identifies any re-
lationships by applying fuzzy subsets in the input space, but also pro-
vides an intuitive structure for the fuzzy reasoning rules.

Average ESSIM=0.88 Average ESSIM=0.95
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Fig. 14. Performance comparison of U-net and
proposed method: (a—c) reference images, resultant
images using the U-net method, using the proposed
method, respectively. The (1-2) labels represent
171° and 199th slices. Partial differences are
marked by red arrows in their respective images.
The bottom value represents the ESSIM values of the
corresponding methods.

To prove the statistical significance of our method, we performed 87
groups of experiments based on the entire MRI brain volume data. We
adopted the 1st, 5th, 9th, ..., 349th slices to interpolate the 3rd, 7th, ...,
347th slices. Partial experiments are shown in Fig. 12. When compared
with the performance of the curvature-based method (which performs the
best overall when compared with the other three conventional methods),
the images obtained by the proposed method are obviously closer to the
reference images. Partial performance differences are marked by red ar-
rows in the images. Unsurprisingly, the average MSD and ESSIM values
based on the proposed method are significantly better than those of the
curvature-based method, as shown in Table 3. However, owing to the
extensive training required, computational time is not an advantage of the
proposed method. In addition, for better evaluation of the two method, we
also adopted the 1st, 3rd, 5th, 7th, ..., 351th slices to interpolate the 2nd,
4th, ..., 350th slices. Subsequently, for these two slice distance acquisition
modes, the sensitivity analysis based on ESSIM are shown in Fig. 13. Ac-
cordingly, we can more clearly observe that the ESSIM values of the
proposed method are significantly higher than those of the curvature-
based method based on a whole MRI brain data.

We further discuss the selection of the ideal output data. Ideal
output data plays an important role in optimizing a neural network
because it is an important part of the fitness function that is directly
related to the training performance of a neural network. In most re-
search studies that applied feedforward NNs to data prediction or op-
timal data searching, the ideal data were normally the ground truth or
perfect data [46,47]. In this study, we adopted the data obtained from
the curvature-based method instead of the reference image as the ideal
output data. In real cases, it is impossible to have an actual reference
image available. Thus, slice interpolation must be conducted on in-
complete data to obtain images that can be used in medical diagnoses.
The experimental results verified that the performance of the proposed
method outperforms that of the curvature-based method and other
state-of-the-art methods. The results also indicate that the proposed
RBFNN incorporates an effective self-learning function owing to the
appropriate neural network structure and effective training method
adopted.
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Finally, we compared and observed the performance of the pro-
posed neural network and convolutional neural network. As mentioned
before, deep learning technology has achieved excellent results in
image super-resolution. However, training convolutional neural net-
works requires big data. As in Ref. [20], the total number of data for
training the CNN is 7670. In this study, according to Ref. [20], we also
adopted U-net neural network to acquire resultant images. The differ-
ence is that the number of our training data is 300 MRI brain images
from three different people, the MRI brain data from Table 1 is used as
test data. Herein, 171th slice and 199th slice images are shown in
Fig. 14, Compared with proposed method (The selection of input
images of proposed method is also on basis of every three slices), the
performances of U-net were obviously worse than that of the proposed
method, whether from visual observation or from ESSIM analysis. The
main reason for the poor performance of U-net neural network lies in
the insufficiency of training data. This also proves that the proposed
method has its own advantages compared with deep learning tech-
nology in the case of limited data. In the future study, with sufficient
data, more experiments will be done to compare the convolutional
neural network with the proposed neural network.

5. Conclusion

Incomplete medical imaging data interferes significantly with the di-
agnostic abilities. Therefore, the importance of interpolation technology is
self-evident. Moreover, current interpolation algorithms have been de-
monstrated to have various shortcomings. In this paper, a novel method
based on an EF-RBFNN was introduced to perform slice interpolation.
Simultaneously, a hybrid combination of the GSA and EBPA was employed
to train the proposed system. Through experiments based on four groups
of real medical data, the performance of other three methods was com-
pared to the proposed method. The results proved the validity and effec-
tiveness of the proposed method, which outperformed the other three
methods in both image observation and objective analysis.
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