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Super-Resolution of Intravoxel Incoherent
Motion Imaging Based on Multisimilarity

Jiqing Huang, Lihui Wang , Jin Qin, Yi Chen, Xinyu Cheng, and Yuemin Zhu

Abstract—Intravoxel incoherent motion imaging (IVIM) is
a new magnetic resonance imaging (MRI) technique that
can detect both diffusion and pseudo perfusion micro-
scopic tissue information. However, it requires to acquire the
diffusion-weighted (DW) images with multiple b-values, which
leads to long acquisition time. To reduce the time, the spatial
resolution of IVIM is usually not high enough to reflect the
image details. To solve this problem, in this study, a multi-
similarity block-based super-resolution reconstruction (SRR)
method for IVIM was proposed. The fact that the image block
similarity of DW images occurs not only across or within the
images at different scales, but also the adjacent slices with
the same b-values. The intra-slice and inter-slice similarity at
multi-scales is defined as multi-similarity in this work. To fully explore the multi-similarity patches to assist SRR, a chain
of Gaussian pyramids of a given image slice and the corresponding adjacent slices with the same b-value are established
first, and then a random search strategy is used to find and identify the most similar blocks in low resolution (LR)
image pyramids. Next, the matched blocks are mapped to high resolution (HR) image pyramids and then unwrapped by
inverse affine transformation to replace original LR blocks. Finally, the super-resolution images are obtained through an
iterative back-projection algorithm. To evaluate the performance of proposed method, we compared the brain and liver
IVIM reconstruction results with several state-of-art methods. The results indicate that the multi-similarity-based method
can achieve the best reconstruction results in both DW images and the corresponding IVIM parameter maps.

Index Terms— Intravoxel incoherent motion imaging, diffusion-weighted image, super-resolution reconstruction,
gaussian pyramid, iterative back-projection.

I. INTRODUCTION

INTRAVOXEL incoherent motion (IVIM) is a promising
magnetic resonance imaging (MRI) technique for investi-

gating the pathophysiological properties of biological tissues
from a microscopic view [1]. To map the IVIM parameters
accurately, diffusion-weighted (DW) images with multiple
b-values are usually required. Nevertheless, acquisition of
these images increases the acquisition time, especially in
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the case of high-spatial resolution data acquisitions. Long
acquisition times induce many undesirable effects, such as
motion blurring and unpleasant feelings for patients. There-
fore, to reduce the acquisition time of IVIM is still a clinical
problem that needs to be addressed. Generally, the number
of b-values cannot be decreased to guarantee the accuracy of
IVIM parameter mapping. Therefore, decreasing the spatial
resolution of the DW images is an alternative option to accel-
erate the acquisition. However, low-spatial resolution images
will blur the details of the structure and reduce the accuracy
of the image analysis, thus hindering clinical diagnosis.

To deal with this dilemma, a potential image process-
ing technique, known as super-resolution image reconstruc-
tion (SRIR), has been investigated extensively in recent
years [2], [3]. SRIR attempts to predict the high-resolution
(HR) image from a single image or a sequence of
low-resolution (LR) images. This is a well-known ill-posed
problem given that the image degradation process is unknown.
Therefore, the reconstructed HR image cannot be determined
uniquely. Numerous methods have been proposed to solve this
problem, such as interpolation-based approaches, modeling-
based methods, and learning-based methods etc., [4], [5].

Interpolation-based methods use a common and simple
assumption based on which the predicted pixel value is

1558-1748 © 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Liege (ULg). Downloaded on May 12,2026 at 12:10:17 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-3558-5112


10964 IEEE SENSORS JOURNAL, VOL. 20, NO. 18, SEPTEMBER 15, 2020

always repeated along the contour-like textures and edges or
surrounding them [6]–[8]. Although these methods are easy
to implement within a short time, they often generate poor
reconstruction results with block or blur effects owing to the
simplicity of the posed hypothesis. Therefore, this type of
SRIR technique has not been extensively used in recent years.
To overcome the problem of interpolation, modeling-based
reconstruction methods were proposed [9]–[12], which estab-
lished a complex equation to describe the relationship between
the LR and HR images, including image blurring, distortion,
noise addition, and down-sampling. Based on these models,
the SR(Super-resolution) image is iteratively reconstructed
from an initial solution by solving an optimized problem with
certain prior constraints. However, these types of methods
are extremely sensitive to the previously selected priors and
the initial solution. Accordingly, the reconstruction results
cannot be guaranteed. To address these issues, many powerful
learning-based methods, such as sparse coding [13]–[15] and
dictionary learning [16]–[18] were proposed to exploit the
complex mapping between low- and high-resolution images.
The recent successful applications of machine learning and
deep learning in the field of computer vision led to the
formulation of SRIR using convolutional neural networks
(CNN). This pioneering work was termed as super-resolution
convolutional neural network (SRCNN) [18], it used a shallow
convolutional neural network to learn the end-to-end map-
ping relationship between the LR and HR images. Inspired
by this work, various deep learning based SRIR methods
were proposed. Among them, the most typical ones are
the very deep super-resolution (VDSR) [19], enhanced deep
super-resolution (EDSR) [4], efficient sub-pixel convolutional
neural network (ESPCN) [20], super-resolution generative
adversarial networks (SRGAN) [21], fast super-resolution con-
volutional network (FSRCNN) [22], and deep back-projection
network (DBPN) [23] etc.. Although the deep learning based
SRIR methods achieve superior performances compared to
conventional filtering techniques, their stringent requirements
for the number of training data and the training instability
limit their applications, especially for applications to medical
images.

The inadequate training data encourages the use of several
approaches to exploit internal patch similarities for SRIR.
These methods are based on the statistical properties of the
image, which assume that the image patches are repeated
within and across different image scales [24], [25]. Searching
the local or non-local patches that are similar to a given
LR patch across different scales and using these similar
patches to reconstruct HR patch is usually named as self-
similarity-based method, which means that the similar patches
were searched from the multiscale expressions of one image
slice. However, in the case of IVIM, patch similarities are
present not only in the intra-slice but also the inter-slices.
Therefore, to fully exploit the similarities for further improving
the SRIR accuracy of IVIM, we propose herein a multi-
similarity based method, which constructs firstly a series
of gaussian pyramids of given paired HR and LR image
slices and the corresponding adjacent slices with the same
b-value, and then a random search strategy is used to find

and identify the most similar blocks in the LR pyramids.
After that, the selected similar blocks are mapped into the HR
pyramids by an affine transformation. Since the mapped blocks
in HR pyramids contain image details which are useful for the
reconstruction, we implement the inverse affine transformation
on the blocks in HR pyramids and use the resulted blocks to
replace original LR blocks. Finally, the image obtained with
the blocks replacing was considered as the initial estimate,
which is further fine-tuned using an iterative back-projection
algorithm.

The rest of the manuscript is organized as follows: the
SRIR method, which is based on multi-similarity, is detailed in
Section II. The segmented least-square-based IVIM parame-
ter fitting method is introduced in Section III. Additionally,
the evaluation criteria, experimental results, the discussion,
and conclusions are listed in Sections IV, V, VI, and VII,
respectively.

II. METHODS

To fully exploit the information in the neighboring slices,
the multi-similarity instead of the self-similarity-based algo-
rithm is proposed for the SRIR of IVIM. Firstly, we expand
the searching space in a multi-similarity pyramids to iden-
tify available and useful patches from several neighboring
slices acquired with the same b-value. Then, we propose a
correlation evaluation approach between the target, matching
patches, and the searching strategy to adapt the increment of
the searching space. Depending on the designed cost function
and searching strategy, paired candidate patches with affine
transformation parameters for each point are then obtained.
Finally, transformed HR patches are used to progressively
reconstruct and restore details of HR images. The detailed
algorithms are given as follows.

A. Construct Multi-Similarity Pyramidal Space
Given several DW image slices (LR) acquired with multiple

b-values, we first group them according to the b-value,

In = {in,m |m = 1, 2, . . . , M, n = 1, 2, . . . , N } (1)

where N and M represent the total number of b-values and
slices respectively, n and m are their index.

For each image set In , the multi-similarity space including
a LR pyramidal set (D = {Dl

n}) and a HR pyramid set
(U = {Ul

n}) is constructed, as illustrated in Fig.1 and for-
mulated in Eq.(2).{

Dl
n = {dl

n,m |m = 1, 2, . . . , M, l = 1, 2, . . . , bottom}
Ul

n = {ul
n,m |m = 1, 2, . . . , M, l = 1, 2, . . . , bottom}

n = 1, 2, 3, . . . , N (2)

where l indicates the level of pyramids. As l increases, the
size of the images also increases. As an initial, ubottom

n,m is
set as HR image, and the other HR pyramid layer ul

n,m
(l = 1, . . . , bottom-1) is obtained by down-sampling ul+1

n,m
(l = 1, . . . , bottom-1) using bicubic interpolation with a scal-
ing factor η. For the LR pyramids, the bottom layer dbottom

n,m is
obtained by up-sampling ubottom−1

n,m through a bicubic interpo-
lation with a magnification factor η, and the other LR pyramid
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Fig. 1. Multiple HR–LR pyramid space.

layers were obtained through the same down-sampling process
as that in HR pyramids. In order to reconstruct the SR image,
we need to find the similar patches from both HR and LR
pyramids of several neighboring slices to replace the initial
estimated SR patches. In this process, the key points are how
to define the similar patches and how to find them.

B. SR Reconstruction Based on Multi-Similarity
To construct a SR image from a series of HR and LR image

pyramids, we estimated firstly the initial state of SR image
ûbot tom+1

n,m,0 by up-sampling ubottom
n,m using a bicubic interpolation

with a magnification factor η.Then, we segmented the SR
image ûbot tom+1

n,m,0 into several patches with fixed size. The final
reconstruction of SR image is realized by finding the proper
patches to replace each patch in the initial SR image ûbot tom+1

n,m,0 .
To achieve this, one image patch P(ti ) in HR image

ubottom
n,m was selected randomly, the center of which locates

at ti . In the LR pyramids of the adjacent layers among
dbottom+1

n,m−Ln
to dbot tom+1

n,m+Ln
, where Ln is the number of adjacent

slices,we search the closest matching patch Q(ti ). Consider-
ing that the motion of patient may cause distortions of the
matching block, an affine transformation Ti is applied to the
target image block P(ti ) to extract the similarity information
effectively. In this study, affine transformation consists of
similarity, rotations, and shear transformations, expressed as:

Ti = S(θ s
i , θ

φ
i ) × A(θα

i , θ
β
i ) (3)

where S(θ s
i , θ

φ
i ) includes the both similarity and rotation

transformation, formulated as:
S(θ s

i , θ
φ
i ) = θ s

i R(θφ
i )

= θ s
i

[
cos(θφ

i ) − sin(θ
φ
i )

sin(θ
φ
i ) cos(θφ

i )

]
(4)

where θ s
i is the scale factor and R(θφ

i ) is a two-dimensional
(2D) rotation matrix with a rotation angle of θ

φ
i . In Eq.(3),

A(θα
i , θ

β
i ) represents the shear transformation,

A(θα
i , θ

β
i ) =

[
1 θα

i

θ
β
i 1

]
(5)

where θα
i , θ

β
i are the shear factors along the X-axis and Y-axis

respectively.

The parameters of the affine transformation Ti can be
defined as θi = ( θ s

i , θ
φ
i , θα

i , θ
β
i ). After its application to the

target patch, the cost function for searching the best matching
patches is formulated as

C(ti , θi ) = min{θi }
∑
i∈�

Eres(ti , θi ) + Escale(ti , θi ) (6)

where � denotes the set of all pixel in ubot tom+1
n,m which is

the HR pyramid of the nth b-value, mth slice, and bottom + 1
level, Eres is the mean-squared error (MSE) between the target
and matching image patches, defined as

Eres(ti , θi ) = ‖Wi (P(ti ) − Q(ti , θi ))‖2
2 (7)

where Wi is the Gaussian weight kernel with a variance
of 3, used for weighting each block based on its contribution
to the similarity cost function, and Q(ti , θi ) is the matched
image block in dl

m−Ln :m+Ln
, l = 1, 2 . . . bottom-1, which is

transformed by Ti . To avoid a trivial solution, in which the
matching blocks are more likely to be found in the close level
space, a scale loss function Escale(ti , θi ) is introduced,

Escale(ti , θi ) = λscalemax(0, α − Scale(Ti)) (8)

where α is the scaling factor indicating the difference in the
pyramidal level between the target and searching patches, and
Scale(Ti) is the estimation function of the affine transforma-
tion Ti . According to ref [25], it is defined as

Scale(Ti ) = √
det(Ti ) (9)

where det(·) denotes the value of the determinant.
Combining Eqs. (7) and (8), it can be inferred that if the

scale of the searched block is large, Escale(ti , θi ) is invalid, oth-
erwise Escale(ti , θi ) is activated when the scale of the searched
block is smaller than η. Searching for similar blocks at large
scales can keep more image details and texture information to
ensure good reconstruction quality.

By minimizing the above cost function, the similar patches
and the optimize affine transformation parameters can be
determined. Although the multi-similarity space can guarantee
the SR reconstruction accuracy, it increases the searching
space and therefore increases the computation complexity.
To seep up the match searching, we optimized the searching
strategy as described in the following subsection.

C. Optimization Based on Similarity Patch Searching
To solve the nearest-neighboring field estimation problem

and avoid exhaustive searching in LR pyramids, the patch
match algorithm is introduced. The main idea of which is that
the similar patch often matches in the localized neighborhood.
By utilizing a priori knowledge in terms of the image pixel
value continuity, the computation time is significantly reduced.
The process of patch match includes three important steps,
namely the initialization, propagation, and random searching,
as illustrated in Fig. 2. In which, A and B represent HR and LR
images respectively. Suppose that the orange square represents
the target image block P , the red and green squares are the
randomly selected surrounding blocks, noted as P1 and P2.
The centers of P , P1, and P2 are marked as t, t1 and t2
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Fig. 2. Main concept of patch-match algorithm. A and B represent HR
and LR images respectively. In subfigure (a), solid orange square in HR
image represents the target block, and the red and green solid square
are randomly selected surrounding blocks. The dotted squares in LR
image are randomly generated, in which, the one with the minimum cost
is determined as the initial matched patch. In subfigure (b), propagating
the blocks in LR images along the 4 neighboring directions to update the
match block. In subfigure (c), the approximate optimal matching block is
searched in a gradually reduced window.

respectively. During the initialization, the shifts of f , of f1 and
of f2, are assigned randomly. Additionally, t + of f, t1 + of f1
and t2 +of f2 are the central pixels of the matches Q, Q1, and
Q2, demonstrated with the dotted boxes. The central pixel of
block P is then updated in the propagation step. Comparing
the similarity between the target block P and the candidates
Q, Q1, and Q2, the offset with the smallest cost function
will become the new of f . This step definitely needs multiple
iterations to obtain the optimal solution. Therefore, more
matched blocks in the region centered at t +of f with a radius
of r are searched to find the optimal matching patches. To seep
up the search process and ensure the matching accuracy,
the radius r is gradually reduced by a certain exponential order
until the radius is unity in each iteration. Finally, the sub-
region of SRR is completed by replacing the searched image
block Q with P .

In the initialization of the traditional block matching algo-
rithms, the candidate center offsets are randomly generated.
This stochastic process easily causes the search results to fall
into a local optimum, and thus costs much time for searching.
Therefore, we use the following initialization process to pro-
mote the local similarity of images and add the characteristics
of affine transformation to increase the diversity of the search
space. The initial locations of patches si in the LR pyramid
coincide with the center positions of the target block ti in the
HR image. This means that the offset is set to be zero and the
affine transformation is initialized as a diagonal matrix. During
the propagation, the matching image blocks are respectively
moved by one pixel in four neighboring directions, thereby
yielding four adjoining matching patches. It is assumed that
the affine transform parameters for the center patch and its four
neighbors are θi j , j = 0, 1, 2, 3, 4. The matching patch which
is the closest to the target patch should be that can minimize
the cost function C(ti , θi j ). The corresponding parameters of

the affine transformation is propagated to θi , expressed as,

θi = arg min
j

{C(ti , θi )| j = 0, 1, 2, 3, 4 } (10)

After the affine transformation T (θi ) of the initial
position si , it is difficult to guarantee that the transformed
block is optimal. To deal with this issue, we modified the
traditional patch matching method in terms of random search,
which not only randomly selects the similarity patches within
a certain area but also perturbs the parameters of the affine
transformation.⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

sx
i,iter = sx

i + r × μiter × rand(0, 1)

sy
i,iter = sy

i + r × μiter × rand(0, 1)

sm
i,iter = randi(m − Ln, m + Ln)

θ s
i,iter = scalepyramid(sm

i,iter ) + rand(0, 1)/ i ter

θ
φ
i,iter = φ × rand(0, 1)/ i ter

θα
i,iter = κ × rand(0, 1)/ i ter

θ
β
i,iter = κ × rand(0, 1)/ i ter

(11)

where r is an initial window radius, μ denotes the attenuation
coefficient of the window size, which is less than 1 to reduce
the search range of the image. In addition, i ter records the
number of iterations, sx

i,iter and sy
i,iter represent the center posi-

tion of the image windows in the x-direction and y-direction
respectively for i ter th iteration. sm

i,iter indicates the slice index

of the image windows for i ter th iteration. θ s
i,iter , θ

φ
i,iter , θα

i,iter ,

and θ
β
i,iter , are the scale, rotation angle, and shear parameters

of the affine transformation at the i ter th iteration. In addition,
θ s

i,iter is decided by the pyramidal scale of the matching patch
scalepyramid (sm

i,iter ),

scalepyramid(s
m
i,iter ) =

{
1/α, when sm

i,iter < m

1, when sm
i,iter ≥ m

(12)

where, α is a step-down-sampling parameter of the pyramid.
As the number of iterations increases, the parameters tend to
be stable and the matched patches remain almost unchanged
so that the rotation and shear parameters of the affine trans-
formation gradually approach zero. However, the value of
the scale parameter depends on the level of the pyramid
that the matching patches located at. Thus, at each iteration,
θ

φ
i,iter is obtained randomly based on the uniform distribution

on a closed interval [0, φ/ i ter ], θα
i and θ

β
i are obtained

randomly from the uniform distribution within a closed inter-
val [0, κ/ i ter ], where φ is the maximum rotational angle
of the affine transformation, and κ is the maximum shear
parameter of the shear transformation. In Eqs.(11), the function
rand(a, b) is used to generate a random fraction that is
uniformly distributed within the closed interval [a, b] and
randi(a, b) is used to generate a random integer that is
uniformly distributed in the closed interval [a, b]. When a
new matching patch candidate is generated, if it is closer to
the target patches compared to the previous matching patches,
it replaces the former; otherwise it maintains the original
one. After updating the matching patches, the propagation and
random searching are continued until the search window size
is unity, or until the stop criteria is satisfied. The optimized
patch matching flow chart is shown in algorithm 1.
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Algorithm 1 Modified Patch-Matching Algorithm
Input: Target reconstruction image, LR pyramid
Output: Parameters of matching patches
Initialize matching patches parameters si , θi

Exterior layer (traverse all pixel points of the image, i =
1, 2, 3, . . .):
Inner layer (iteratively update matching patches parameters,
iter = 1, 2, 3, . . .):
Propagate parameters using an affine transformation:

θi = arg min
j

{C(ti , θi )| j = 0, 1, 2, 3, 4 }
Update matching patch parameters according to Eqs.(11)
Calculate the smallest cost function C(ti , θiter )

θi = min(C(ti , θiter ), C(ti , θi,iter-1))

D. Evaluation Criteria
To quantitatively evaluate the ability of the proposed SRR

method in the DW image restoration and IVIM parame-
ters estimation, we use peak signal-to-noise ratio (PSNR),
signal-to-noise ratio (SNR), and Riesz-transform-based feature
similarity metric (RFSIM) to evaluate the quality of the
reconstructed DW images, and use average of the residual
error (ARE) to evaluate the quality of the reconstructed
IVIM parameters.

PSNR and SNR are extensively used for the measurement
of the reconstruction accuracy, and RFSIM is used for the
evaluation of the structure and feature similarity between the
reconstructed and reference images. PSNR is defined as

PSNR = 10Log10(
max(G)2

MSE
) (13)

where

MSE =
N x∑

t x
i =1

N y∑
t y
i =1

(R(t x
i , t y

i ) − G(t x
i , t y

i ))2 (14)

in which G are the reference images, R refers to the recon-
structed images, Nx and Ny stand are the dimensions of the
images. For MRI images, especially for IVIM applications,
SNR is one of the most important factors that influences the
IVIM parameter fitting, defined as

SNR = 10Log10(
Power

MSE
) (15)

where Power is given by

Power =
N x∑

t x
i =1

N y∑
t y
i =1

(G(t x
i , t y

i ))2 (16)

RFSIM is computed by comparing the feature maps at key
locations marked between the reference and the reconstructed
images. Let fg and fr represent the Riesz-transform features
of G and R. Both features have five dimensions. The similarity
between the two feature maps fg and fr is defined as

di (t
x
i , t y

i ) = 2 fgi (t x
i , t y

i ) · fr i(t x
i , t y

i ) + c

f 2
gi (t

x
i , t y

i ) + f 2
ri (t

x
i , t y

i ) + c
(17)

where c is a small constant value. The RFSIM can then be
computed as

RFSIM =
5∏

i=1

N x∑
t x
i =1

N y∑
t y
i =1

di (t x
i , t y

i ) · M(t x
i , t y

i )

N x∑
t x
i =1

N y∑
t y
i =1

M(t x
i , t y

i )

(18)

where M(·) indicate the Riesz-transform features at certain
pixel more than 0.

Average of the residual error (ARE) is used to com-
pare the difference between the reference and reconstructed
IVIM parameters, formulated as

ARE =
N x∑

t x
i =1

N y∑
t y
i =1

∣∣G(t x
i , t y

i ) − R(t x
i , t y

i )
∣∣/ N x∑

t x
i =1

N y∑
t y
i =1

1 (19)

III. EXPERIMENTAL RESULTS

A. Data Description and Experimental Setup
Two IVIM datasets were used for evaluating the SRR

performance, one was for liver and the other was for brain.
The Liver dataset contained 26 DW images of two patients,
which were acquired with a 3 T Philips MRI scanner using
the following parameters: TR/TE = 2000/53 ms, matrix size =
128 × 128, slice thickness = 8 mm, slice spacing = 8 mm,
and b value = 0, 10, 20, 40, 60, 80, 100, 200, 300, 400,
600, 800 s/mm2. The brain dataset contained 20 DW images
of two patients, which were acquired with a 3 T GE MRI
scanner. The acquisition parameters are as follows: TR/TE =
2800/77 ms, matrix size = 128×128, slice thickness = 5 mm,
slice spacing = 6.5 mm, and b value = 0, 10, 20, 30, 40, 50,
70, 100, 200, 400, 600, 800, 1000 s/mm2.

To validate the superiority of the proposed method, we com-
pared our proposed method with a variety of state-of-art
methods, including self-similarity, SRCNN and EDSR in terms
of the visual quality and quantitative metrics. After the veri-
fication, the SR images were obtained by upsampling directly
the acquired images, subsequently, the IVIM fitting model was
applied on the reconstructed SR DW images to evaluate the
change of IVIM parameters. In this work, we use segmented
least squares (SLSQ) method to fit the IVIM parameters,
including the diffusivity (D), pseudo-diffusivity (D∗), and
perfusion fraction ( f ) [26].

As the SRCNN and EDSR models were well trained,
we simply changed the input layer to adopt medical
image data. Therefore, the detailed parameters of the deep
neural network are the same as that used in the original
works [4], [25], [27]. The hyperparameters that used in
the multi-similarity and self-similarity methods are listed
in Table I.

In Table I, Ln is the number of adjacent slices, η describes
the scaling factor of Gaussian pyramids, patchsi ze denotes
the size of the reconstruction block that we used (e.g., 3 × 3
blocks in the liver dataset and 7×7 blocks in the brain dataset,
γ is the size of the searching window, κ and φ denote the
small disturbances of target patches in angle and shear, and
μ represents the attenuation coefficient for search windows.
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TABLE I
MAJOR PARAMETER SETTINGS IN SIMILARITY-BASED METHODS

B. HR Reconstruction Results for DW Images
We downsampled the original image as the input image

and use different methods to reconstruct. In this case, these
reconstructed images are visually compared with the refer-
ence images. The input image is simply an enlargement of
the down-sampled image to help visualization. Fig.3 shows
only the normalized reconstructions for a middle slice of
DW images for different organs and patients and the corre-
sponding residuals with the normalized ground truth. The color
bar represents the residual between all reconstructed image
and ground truth which is multiplied by five to improve the
visual effect. Comparison of these residuals proves that
the multi-similarity method provides the best SRR in both
the smooth and edge regions. As to the deep learning-based
reconstruction results, the edge reconstruction is not desirable.

In addition to the visual assessment, we used PSNR, SNR,
and RFSIM to evaluate the SRR performance, as shown by
the box plots in Fig. 4. These groups of figures reflect the
statistical information of all the slices. The two ends of the
dashed line represent the minimum and maximum values.
The lid and bottom parts of the box plots are the quartile
values, while the middle line of the box part is the mean
value of the qualification index. We found that, our method
was significantly improved compared to other methods for
almost all the samples in terms of quantitative metrics. This
indicates that the multi-similarity method not only provides
the best visual effect but also maintains the original pixel
value. Compared with the EDSR method, the multi-similarity-
based algorithm has improved the PSNR, SNR, and RFSIM,
by at least 17%, 31%, and 27% respectively. Compared with
the SRCNN method, the proposed algorithm has improved
the PSNR, SNR, and RFSIM, by at least 7%, 9%, and 5%
respectively, compared to the original self-similarity method,
our method can increase the PSNR, SNR and RFSIM by 1%,
2%, and 1% respectively.

C. HR Reconstruction Results for IVIM Parameters
To show that the SR can also help improve the accuracy

of the parameter fitting, we used groups of DWI which
were reconstructed with different methods to fit the IVIM
parameters. For simplicity, we illustrated only the parameter
fitting map of the liver 1 dataset in Fig. 5. The fitting parameter
mapping verified that the proposed method outperforms the
other methods. To further validate this point, the quantitative
evaluation metric ARE of the fitted IVIM parameters obtained
with different methods for all the samples was given in Fig.6.
It is shown that our proposed method yields more accurate

IVIM parameters. The ARE obtained by EDSR are the biggest,
SRCNN is better than EDSR but worse than self-similarity
method. Compared with self-similarity method, the proposed
multi-similarity method is better for reconstructing the perfu-
sion parameter D∗ and perfusion fraction f .

D. SR Reconstruction Results
To improve the spatial resolution in the real applica-

tion, we directly magnify the original acquired images using
the same parameters, and the results were given in Fig.7.
As demonstrated, the resolution is improved, which allows the
visualization of details and edges, and yields accurate pixel
values and IVIM parameter maps, as illustrated in Fig.8.

IV. DISCUSSION

IVIM has potential to screen several diseases at microscopic
view. However, for clinical IVIM acquisitions, higher b values
required to be used, which resulted in usually DW images
with low SNR. The SNR loss limits the spatial resolution
of the clinical IVIM acquisitions. Currently, numerous SRR
research have been conducted on natural and medical images
but few efforts have focused on IVIM [28]. In this work,
we presented a type of integrated method for DW image
SRR and IVIM parameter estimation. For the SRR of IVIM,
the reconstruction accuracy for both DW image intensity
and the corresponding parameter maps is the key issue for
following precise diagnosis. In this approach, more attention
was paid to the local reconstruction accuracy and SNR for
IVIM SR reconstruction, and the results were evaluated on a
pointwise manner.

For the DW image reconstruction, as illustrated in Fig. 3,
it was observed that the residuals between the reconstructed
images and the ground-truth declined from left to right. The
learning-based methods have large residuals in the boundary
regions, this phenomenon can also be found in the nature
image SRR [29]–[31], while the similarity-patch-based meth-
ods have small and uniform residuals. In the case of the
SRCNN method, there is only one convolution layer that is
used to extract local features, so it is difficult to learn detailed
features in a global sense. At the same time, the cost function
of SRCNN was the MSE, which led to a larger edge penalty,
and caused the solution to attain the average value of all
the possible solutions. In the case of the EDSR, the deeper
network partially overcame the shortcomings of the simplified
SRCNN method, but it is easy to cause an overfitting problem
and results in a reconstruction instability. This explains why
the learning-based SRR methods for DW images are not well
as expected. The self-similarity-based method can explore
more similar patches at multiple scales by constructing the
multilevel Gaussian pyramidal model, the combination of
such similar patches could provide different details for SRR,
and therefore promote the reconstruction accuracy. Further-
more, the combination of multiple loss functions used in
the self-similarity based method balances the contradiction
between the edge protection and smoothing area uniformity,
which explains why it can achieve results with comparable
or better quality than those of the deep-learning networks.
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Fig. 3. SR reconstruction results and the corresponding residual maps compared to ground-truth with different methods for different DW images.

Compared with the self-similarity method, the multi-similarity
algorithm proposed in this work investigates much more
similar patches by establishing multiple groups of Gaussian

pyramids, in which, not only the similarity between the
different pyramid scales was considered, but also the similarity
between the adjacent slices was taken into account. The extra
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Fig. 4. Quantitative evaluation of DW images reconstructed with different methods. Five horizontal lines from top to bottom of each box indicate the
maximum, third quartile, median, first quartile, minimum, respectively.

Fig. 5. Reconstructed IVIM parameter maps with different methods for liver 1, including diffusion coefficients (D), perfusion coefficients (Dstar), and
perfusion fraction (f).

Fig. 6. Average residual values (ARE) of the IVIM parameters reconstructed with different methods.

information provided by the adjacent slices can improve the
reconstruction details.

For the IVIM parameters, as illustrated in Fig 5 and Fig 6,
we found that the ARE maps of D, D∗ and f obtained by
EDSR is much larger than the similarity-based methods. Since
these IVIM parameters are calculated with the DW images
acquired at different b values, if the DW images were not
reconstructed well at some b values, the corresponding IVIM
parameters would experience a big bias. The Fig.5 and Fig.6
demonstrate that the DW image quality reconstructed with
EDSR model at different b values are not stable. As we
mentioned above, when the b value increases, the SNR of

the acquired DW images becomes lower, since the learning-
based method is very sensitive to the noise, consequently,
the DW image reconstruction results at high b values are not
guaranteed. However, the similarity-based methods overcome
this kind of problem. Instead of learning the corresponding
relationship between the LR and HR images, the similarity-
based methods fully explore the useful information from LR
images to reconstruct HR images, more similar patches are
explored, more accurate the HR image reconstruction.

Although the proposed multi-similarity-based IVIM SRR
method achieves the best SRR results for both DW images and
the IVIM parameters, there are still some limitations. Firstly,
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Fig. 7. Overall SRR of original images.

Fig. 8. Visualization of the parameters of the liver dataset in SRR of high-resolution (HR) images.

the proposed method was vulnerable to the window size, and
we chose different window sizes for different datasets. Thus,

the self-adaptation strategy constitutes important future work.
By building more delicate multi-size patch pyramids, or by
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designing new self-adaptation search strategies, the speed
and precision—both in terms of the DW images and IVIM
parameters—will be potentially improved. Secondly, the SRR
implemented in this work intended to increase in-plane resolu-
tion, how to increase the interplane resolution and reconstruct
more slices will be interesting. Finally, the accuracy of the
IVIM parameters was also affected by the fitting methods.
Thus, finding a better fitting method is still an important issue
for comparing the IVIM SRR results, especially to evaluate
the clinical value of the SRR methods.

V. CONCLUSION

We proposed a multi-similarity-based IVIM image
SR reconstruction method by expending the searching space
among the Gaussian pyramids of several adjacent DW image
slices. The multi-similarity patch for each location was
found in this space and was used to get SR reconstruction
patches. To promote the reconstruction speed, we modified
also the searching strategy by introducing the perturbation
of affine transformation parameters. The experimental results
demonstrated that the proposed method achieved the better
results compared with the state-of-art deep learning models
and self-similarity-based methods. In addition, in terms of
the IVIM parameter maps, the proposed methods outperform
also the other methods.
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