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ABSTRACT

Magnetic Resonance Imaging (MRI) is an effective, non-invasive, and revolutionary imaging tech-
nique used to diagnose, study, and analyze chemical and physical structures inside the body. MR
image acquisition suffers from two significant problems. First of all, prolonged scanning sessions
are inconvenient and costly for patients. Secondly, the respiratory motion of the patients or ex-
ternal noise cause artifacts. Addressing these two issues is a strong motivation for making MRI
procedures faster and more accurate. A wide variety of methods have been used to shorten the
MR image acquisition process by optimizing current techniques or improving the mechanical and
computational performance of the scanners.

An appealing solution for the mentioned problems is to scan fewer MR images and generate in-
between images to make the MR image acquisition faster. Also, in the presence of motion artifacts,
we can reconstruct the imperfect images, if such a technique is available.

In this thesis, we trained and applied a deep learning model to synthesize an arbitrary number
of intermediate MR, images by estimating optical flow vectors of two consecutive MRI slices or
frames. We investigated the performance of synthetic MR images produced by this method and
compared them with one of the available-to-use related methods. The evaluation results show that
this technique produces high quality multiple intermediate images and outperforms the related

method.
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1 Introduction

Performance and image quality of Magnetic Resonance Imaging (MRI) have been improved signif-
icantly in recent decades. High-quality MRI helped physicians to increase their ability to study
structural and chemical structure of the body and diagnose diseases. However, two crucial problems
have remained unsolved. First of all, MR image acquisition is a prolonged process that is inconve-
nient for patients. The process can take more than an hour to be completed. During this process,
the patient must stay in the narrow and tight donut-shaped magnet tube. Also, the rotation of
the sensors around the central axis of the scanner makes a frightening noise that is insufferable for
sensitive patients such as children and older adults.

The other problem is the motion artifacts that are created by movement or breathing of the
patients. During the image acquisition, the radiologist asks patients to hold their breath to avoid
the respiratory motion of the body. Capturing images during body motion could make blurry and
imperfect images, which are not reliable for medical interpretation (see Figure 1). The images are
not always perfect even when patients are asked to hold their breath and stay still in the tube.
The reason is that some patients are not able to hold their breath for a long time, or scary noise
of rotating scanner may make them have unintentional motions inside the tube. Even a heartbeat
creates motion artifact on MR images. In this case, they are asked to re-enter the tube and redo
the scanning process again, which is very costly and frustrating for the patients.

It is crucial to address the mentioned problems because, for the first problem, by faster MR
image acquisition, patients can be discharged from the MRI scanner tube quicker with less inconve-
nience. Moreover, medical imaging clinics can financially benefit by accommodating more patients
in a time slot, and perhaps they can decrease MRI costs per patient. Furthermore, by solving the
motion artifact problem, there is no need to keep patients in the scanner tube to be re-scanned.

There are multiple proposed techniques for faster MRI that improve performance by increasing
the number of coils or employing multiple arrays of sensors. However, these methods are tough to

develop because of costly research and development.



Figure 1: Respiratory cardiac motion artifacts in abdominal MRI. (a) high motion artifacts caused
by respiration in an MRI session without breath-holding. (b) represents minimal respiratory motion
artifact in a breath-holding MRI session (check Zhuo and Gullapalli [43]).

Most current practices for faster MRI by scanning fewer images focus on single image synthesis.
These methods are slow and not able to synthesize multiple intermediate slices at a time because
they have to use a synthetic slice recursively to synthesize more than one slice. Also, because every
synthetic slice has a certain amount of error, the recursive method propagates the error for multiple
slice synthesis.

It is very challenging to synthesize intermediate MR images when slice spacing and temporal
difference (Figures 6 and 7) is high because slices and frames are not spatially and temporally
coherent. Moreover, a proper solution must address the occlusion problem where a part of the
body has motion; otherwise, it could produce artifacts near motion boundaries.

In our research, we optimized a video interpolation method ([18]) for the generation of an
arbitrary number of intermediate MR images (Figure 2). The method is based on estimation of
motion vectors of the pixels in two consecutive MR input images by optical flow technique and
using calculated motion (flow) vectors to translate pixels in any arbitrary time step between input
images. We addressed the problem of disappearing pixels between two images (occlusion problem)
by introducing visibility maps (Equation 2). We use a convolutional neural network (CNN) to
estimate the motion vectors of the two base images. Then we use another CNN to enhance the

quality of the interpolated image in motion boundaries by calculating visibility maps.



In this thesis, we make the following contributions:

e We design and optimize a video multi-frame synthesis method based on optical flow for the

first time for Magnetic Resonance Image synthesis. We call it Fast-MRI.

e We evaluate the performance of Fast-MRI in multiple scenarios and compare it with one of

the accessible state-of-the-art related methods.

Interpolate 1 slice

Interpolate 1 slice

Interpolate N slice

Interpolate 1 slice

\ y
'
——

Figure 2: Synthesizing arbitrary in-between magnetic resonance frames or slices.



2 Background

2.1 Magnetic Resonance Imaging

The magnetic resonance phenomenon was discovered by Purcell and Block independently in 1946.
In the early 70s, Damadian used the phenomenon to invent an MRI scanner. MRI is a non-
invasive and painless method for the acquisition of high-quality images from body tissues. Huge
magnets magnetize the protons by a strong magnetic field, and multiple radio frequency sensors
accurately measure the amount of energy released by magnetized protons. The captured data is
sent to a computer, and then the computer performs a large amount of mathematical computation
to convert the received data to a human-understandable image. Scientists use MR images to study

and diagnose various kinds of diseases [40].

2.2 Artificial Intelligence

Have you ever been impressed by how Google search engine sorts the search results related to
your interests? Or how close the products suggested by Amazon’s online shopping website are
to your daily needs? Nowadays, these products and information are not randomly suggested.
A smart decision-making mechanism lies behind the system to learn your online behavior and fit
the products, services, and whatever they try to present to your needs and interests.

It is good to mention other use cases of artificial intelligence in our life to make a better
understanding of the subject. As a hot example, autonomous driving automobiles are built entirely
based on Al. They use advanced Computer Vision techniques to scan and sense the condition of
roads. Based on the perceived data and what they have learned from real human driving abilities,
they can decide when to accelerate, brake, or turn. These automobiles distinguish stationary objects
from pedestrians and are able to stop immediately to avoid collisions. Autonomous cars are even
able to understand road signs and take proper actions.

With artificial intelligence and its subcategories, i.e., machine learning and deep learning, we



teach computers to think like the human brain. We try to give the ability to computers to auto-
matically classify, decide, or act as we do in our everyday life. Teaching human-like capabilities
to computers needs a vast number of examples, a.k.a. labeled data. Computers learn the decision
or reaction of humans to events by looking at the given examples. Multiple subcategories of arti-
ficial intelligence have emerged in recent years. Machine learning and deep learning are the most
prominent examples.

In machine learning, we manually introduce essential features of data to the computers and
make it classify or decide base on the learned features. However, in deep learning, we design a
machine to automatically extract features from the given data and connect these features to their
corresponding labels. Like a small baby, the machines must observe a large number of examples to

gradually learn.

2.3 Applications of Artificial Intelligence in Medical Science

From the day that computer-aided diagnosis/detection (CAD) were invented in the 60s, biologists
and physicians have been trying to collaborate with computer scientists to employ computers to
study, diagnose, and cure diseases and disorders. This process became serious when computers
got the ability to scan, process, and analyze images. Biologists had been using visual techniques
to diagnose abnormalities and disease in analog medical scanned images for a long time before
the emergence of computer-aided image processing. There were many misdiagnoses in their work
because the Human Visual System (HVS) is not powerful enough to distinguish tiny details or
particles in low-quality medical images or ones that carry noise or motion artifacts. Medical imaging
analysis systems were developed from the late 70s to the mid-90s. They designed simple pixel-level
line, edge, and shape detection models. By the current scale of knowledge, we cannot call them
automatic analytical systems anymore, because they utilized a series of consecutive conditional
statements to process pixels in medical images. The correct terminology to call them is rule based
systems instead of smart systems [24]. In the late 90s, supervised computer models were developed

for image segmentation in order to be used in medical diagnosis purposes. As an example, those



models were able to determine decision boundaries in high-dimensional environments [24]. Although
these methods are widely used nowadays, at that time, the lack of computer processing power
prevented them from being popular. Mathematical scientists started working on models by which
computers could automatically learn features of the medical images. This is the infrastructure
of deep learning models that are popular in the current era. One of the prominent efforts on
this concept was done by Fukushima [9] in 1980. He introduced a convolutional neural network
for pattern recognition. Moreover, in 1995, Lo et al. [26] applied a similar method for lung nodule
detection. Nowadays, artificial intelligence, particularly deep learning is widely used in every aspect
of medical science, i.e., image acquisition, image enhancement and reconstruction, diagnosis and

even individual treatment design.

2.4 Optical Flow

In a single image, spatial information of objects is captured. However, by having a sequence of
images from a scene, we can understand the temporal information of the objects. By optical flow,
we can track the apparent motion of the objects relative to a camera or an observer in a sequence
of images [13]. Optical flow finds the displacement vector of a pixel or a group of pixels (an object)
in a sequence of motion pictures or videos. By having the optical flow vector (a.k.a. motion vector
or flow vector) for a pixel in two consecutive frames, we can map the location of a pixel from the
first frame to its location in the second one. Figure 3 visualizes the motion vectors of the wall of
the left ventricles in two consecutive frames of a cardiac CINE MRI (see Section 5.2.7).

Optical flow has several applications in various fields of science. Object tracking is the most
important application. Video compression and stabilization are among the growing techniques
implemented by optical flow.

We should have two following main assumptions to calculate optical flow [1, 13].
1. Pixel intensities do not immediately change between consecutive frames.

2. Groups of pixels move together. The optical flow works very well where the motion is smooth,



Figure 3: Optical flow vectors in cardiac imaging. Displacement vectors of the wall of the left
ventricle of the heart (in blue) shows the direction and magnitude of the motion [41].

and the pixels do not jump from a place to another in consecutive frames.



3 Related Work

3.1 Faster MRI

In one of the most important efforts to reduce the MRI scanning time, Lusting et al. [27] proposed
a compressed sensing MRI, which is known as HyperSense. This state-of-the-art technique reduces
MR image acquisition time by 30-50% according to an online article by GE Healthcare [32]. Hy-
perSense makes MRI faster by scanning less data and applying a technique based on compressed
sensing to reconstruct missing data without significant quality loss.

Feinberg and Kawin [27] proposed a technique for multi-slice brain MR image acquisition.

Pruessmann et al. [34] proposed a method to improve sensitivity encoding for faster MRI.

3.2 Image Interpolation

Image interpolation, especially video frame interpolation by optical flow, has been a hot topic for
a long time. The performance of approaches proposed by Herbst et al. [12] and Barron et al. [2] by
looking at the interpolation error values are impressive, but their methods suffer from an occlusion
problem. Occlusion happens when a pixel or an object frame is present in one of the two consecutive
images and disappears in the other one. The occlusion problem results in artifacts in motion
boundaries in an image. For video interpolation, especially in high frame rate videos, a high amount
of artifact does not make a significant visual impact. However, in MR imaging, mostly in cardiac
MRI, it is crucial to accurately recreate moving edges because those locations indicate defects and
failure in the heart. Mahajan et al. [28] utilize image gradients to synthesize intermediate images.
This method is computationally costly due to the complex technique that they use for optimization.
Meyer et al. [29] use a phase information processing technique in a multi-level pyramid of the images,

but it can poorly interpolate between images with large movements.



3.3 Optical Flow Estimation

In recent years, optical flow estimation methods based on convolutional neural network has become
very popular. As an example, Dosovitsky et al. [8] proposed two learning models for mapping
consecutive video frames to the respective optical flow matrix employing a deep learning method,
and Ilg et al. [16] improved the performance of this deep learning method by optimizing the model.

We categorize the methods mentioned above as supervised machine learning techniques. Jason
et al. [17] designed an unsupervised model to estimate arbitrary-time optical flow vectors in order
to use in frame warping.

Liang et al. [22] designed another optical flow-based technique, but this time for extrapolation
of a frame of a video sequence. The authors used estimated flow by another network [35] for their
training process.

Niklaus et al. [30] introduced a video frame interpolation by using a convolutional neural network
for local convolution over two input images. This CNN learns spatially adaptive kernels for each
pixel. This method produces high-quality frames. However, it is not computationally efficient and
needs enormous amounts of memory for the estimation of convolutional kernels for each pixel. Later

they enhanced the memory efficiency of their method by separable kernels (SepConv) [31].

3.4 Image Reconstruction

Researchers proposed a wide variety of methods to reconstruct or synthesize MR images. Samadi-
Miyandoab et al. [37] proposed a method of image interpolation based on an optical flow of CT scan
images for five real lung cancer patients. They used DIRART software to calculate vector fields
for optical flow calculation. Moreover, Lin et al. [23] introduced a decomposition-reconstruction
interpolation method based on artificial neural network to reconstruct defected or missing MRI
slices. The current work is categorized in this category as it tried to propose a reconstruction

method through a deep learning technique.



4 Design

Every pixel in two consecutive frames has a direction and magnitude of movement. We can estimate
the location of the pixels at any time between two successive frames by translation of the original
locations by its corresponding motion vector to their locations in the next frame. In the papers in
the field of optical flow computation, the mentioned translation of the pixels is called warping. We
calculate linear motion vectors between consecutive frames by optical flow [13].

If we want to know the location of pixels in any frame in-between two consecutive frames, we
should calculate the motion vectors from pixels in any of the frames to the intermediate frame.
But the intermediate frame is not available for calculation of the intermediate frame. As a simple
solution for this problem, we can compute the motion vectors between the consecutive frames
and divide it proportional to the distance of the intermediate frame to each one of the captured
frames (bi-directional motion vectors) and warp the intermediate frame (see Equation 1). Warped
intermediate frames by this approach are not accurate. The reason is that we divide a linear motion
vector for warping, but in nature, objects do not have linear motion. We train a deep convolutional
neural network to accurately estimate bi-directional flow vectors.

Jiang et al. [18] proposed a method for video frame interpolation using optical flow computation
(Equation 2). This method uses deep convolutional neural networks for learning various features
of a sequence of video frames such as bi-directional optical flow and visibility maps to interpolate
arbitrary number of intermediate frames. We optimized this method for MR image interpolation
and assessed its performance in the synthesis of temporal and spatial MR images. This is the first

time that this method has been used on MR images. We call this method Fast-MRI.

e We completely redesigned and implemented the data pre-processing part of the original model

to prepare and process MRI data.

e We changed the hyper-parameters, and the configuration of the CNN in order to optimize

the model and learn optical flow features of MR images.
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e We prepared a massive MRI data set for the network training.

Assume we have two base frames Iy and I, our goal is to synthesize, or technically speaking,
interpolate, multiple intermediate frames (ft) in an arbitrary time between t = 0 and ¢t = 1, based
on two given frames also known as base frames.

Jiang et al. [18] introduced an intermediate video frame synthesis method that achieves the
mentioned goal by estimating intermediate frames by bi-directional optical flow vectors and com-
bining them. This method considers multiple parameters to enhance synthesis, such as disappearing
objects and smoothness of motion boundaries in a video sequence.

In the below description of the method, F,_,, denotes the optical flow from I;—, to I;—,. If we
have Iy, I1, F;_0, and F;_.1, we can interpolate the intermediate frame I, for any t that 0 <t < 1

by the following Equation.

I; = ag ® g(Io, Fio) + (1 — ag) @ g(I1, Fy1) (1)

where ¢ is warping function that maps the pixels in Iy by the calculated optical flow vectors (F;—1)
to their location in I1. «g is the weighting mechanism that indicated the contribution of the base
frames based on the ongoing arbitrary t* frame between Iy and I;. As an example, if the selected ¢
is closer to 1, the contribution of I is larger to the final interpolated image. ® denotes element-wise
multiplication and is used for weighting of the base images to the synthetic image [18].

In video frame synthesis, a challenging problem happens when an object is present in the first
frame then disappears in the next one; this problem is called occlusion. This phenomenon usually
happens around motion boundaries. To tackle this problem, Jiang et al. [18] introduced visibility
maps which are masks for every pixel of base images. Vi, is 0 when the pixel is not visible when
we move from time x to time ¢ and 1 when it is still visible. We re-write the Equation 1 by adding

the visibility maps.

1

I = 17 (1 =DVieo - 9o, Fiso) + tVier - g(I, Fisn)) (2)
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where M = (1 — t)Vio + tVi1 is defined as a term of normalization.

4.1 Arbitrary-Time Optical Flow Estimation

In Equation 2, we use optical flow between intermediate frames and base frames to estimate the ft,
but in reality, we have no access to this optical flow value F;_,o and F;_,1. To solve this challenge,
Jiang et al. [18] estimate Fy_,o and Fi_,1 using Fy_,; and F_,o by simply dividing the flow vectors
proportional to the arbitrary time ¢ (0 < ¢ < 1). The formulae for arbitrary-time optical flow

calculation are presented below:

Fo e = t.Fo 1 (3)

Fi=—-(1-1%).Fi (4)

4.2 Network Details

The estimation of optical flow vectors at an arbitrary time in-between two frames (Equations 3 and
4) is expected to have good results in smooth regions but not in motion boundaries. To address this
limitation, by the first CNN, we estimate linear motion vectors (Fy_1 and Fi_), then compute
bi-directional optical flows, and by the second CNN we refine estimated flow vectors by estimation
of residuals that we should add to F;_,g and F;_,;.

As we discussed before, visibility maps are essential to handle occlusion problem, so we predict
two visibility maps Vi and Vi1 using the second learning part of the interpolation network.

To make the second part of the interpolation network up and running, we need to have bi-
directional optical flow matrices. So in the first part of the network, we use base frames Iy and
I to estimate Fy_,; and Fj_,9. The U-Net model presented by Ronneberger et al. [36] is used to
form a bi-directional optical flow estimation network. The U-Net is a fully convolutional neural
network in which an encoder and a decoder are used. It uses several skip connections between

the layers of encoder and decoder with equal spatial resolution to avoid vanishing gradients. As

12



illustrated in Figure 4, U-Net [36] has six hierarchies in the encoder and five in the decoder. Each of
the hierarchies in the encoder is created by two consecutive convolutional layers following a Leaky
ReLU with the alpha number of 0.1. Then comes an average pooling layer (stride = 2) for the
decrease of spatial dimension. In the decoder part, U-Net uses bi-linear up-sampling by factor 2
following two convolutions and a Leaky ReLLU activation function for all five hierarchies.

For the bi-directional optical flow computation, which is the first part of the learning network,
Jiang et al. [18] changed the default kernel size of U-Net. They set 7 x 7 kernels in the first hierarchy
of convolutional layers following 5 x 5 kernels in the second one and 3 x 3 for the rest; however, for
learning more features from low resolution MR images, we set all the kernel sizes to 3 x 3 and the
stride number to 1 for the convolutions. The stride number for pooling remained 1. As illustrated
in Figure 5, the computation part calculates arbitrary-time optical flows based on Equations 3 and
4. Then we create two warped images using the outputs of previous step and the respective base
frames Iy and I;. The second network requires warped images as input. From this computation
step, we formed the matrices to feed the arbitrary-time optical flow synthesis network. The output
of the second part of the network pipeline is visibility maps and arbitrary-time optical flow matrices.
We had the base frames and every term of interpolation Equation 2, so we create the interpolated

frame ft.

4.3 Data set

One of the most critical issues that biologists and computer scientists are dealing with is the lack
of data sets for their research in medical image processing. Naturally, medical images are hard to

obtain, and using them has strict restrictions.

e Using MR images requires the consent of the patients and medical imaging institutes. Ob-

taining such permissions is usually very hard and has a long process.

e To keep patients anonymous, some identifying parts of the subjects are masked, which makes

the data set useless for some applications like unsupervised learning because the masks are
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Input 32 32 Output

ﬁ Convolution + Leaky ReLU Average pooling ﬁ Bilinear upsampling  — - Skip connection

Figure 4: U-Net network configuration. U-Net is used as the main architecture for the first and
second part of the learning network; it consists of six hierarchies of convolutional layers in the
encoder and five in the decoder part.

not coherent.

For training our convolutional neural network, we used the Adobe 240-fps high frame rate videos
data set [38] containing 79,700 frames alongside the YouTube 240-fps [18] that contains 296,300
consecutive frames. Both data sets contain 240 frames per second videos [18]. Detailed information

about these data sets can be found in Table 1.

Table 1: Training data set configuration.

data set name Adobe 240-fps | YouTube 240-fps | The Sunnybrook
Number of frames 79,768 185,352 25,207
Resolution (pixel) 1280 x 720 1280 x 720 Max 256 x 256
Frames per second (fps) 240 240 Max 80
Is it medical data? No No Yes

About 8,000 un-usable images were dropped from the Sunnybrook data set.

The optical flow is more precisely calculated in regions with small motions [1, 13]. Each MRI
spatial slice or temporal frame, even with new scanning and reconstructing methods take opti-

mistically about 60 milliseconds so, the MRI scanner can scan up to 16 frames in a second [4].
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On the other hand, 240 fps videos contain motion information of a scene in every 4.1 milliseconds.
Compared to every 60 milliseconds in MRI images, the motions in a video sequence are smaller.
Thus, we can extract more optical flow information from the small motions in 240 fps videos to

train the model. You can find the main reason for using a non-MRI data set for training our model.
e A 240-fps video data set captures smaller motions that yield more precise optical flow fields [1].

e Deformation in human body tissues due to respiration, heartbeat, movement, and other
human body activities during 60 milliseconds is drastically higher than the Adobe 240-fps

data set.

e The probability of having unwanted motion artifacts is higher when the time of image ac-
quisition for a single slice/frame is high. Motion artifacts cause inaccurate training data and

considered outliers.

One of the reasons that MRI slices/frames are slow to scan is that the procedure of the MR
image acquisition is not like regular photography, which is capturing color intensities produced by
the reflection of light on a CMOS sensor. The MRI scanner captures the changes in the orientation
of particles in body tissue affected by a strong magnetic field [3]. The captured data is different
from color intensity. The data is captured as a huge matrix of complex numbers in the frequency
space a.k.a. K-Space. This data must be pre-processed, be converted and reconstructed as an un-
derstandable format for the human visual system. This process needs high computational power,
which takes substantial time in the scale of medical imaging. New advancements in mathemat-
ical methods and computational power improvements decreased the reconstruction time for each

slice/frame from 240 milliseconds to 60 milliseconds for an average 256 by 256-pixel MRI image [3].

4.3.1 Data Augmentation

As we mentioned before, one of the crucial challenges that all types of Al, machine learning, and
deep learning models are facing is a lack of data sets, especially in medical imaging. Scientists

spend too much time to make their algorithms very sophisticated to perform well. Unfortunately,
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we can find many cases where this effort prevents them from paying enough attention to how their
data sets should be. In this way, two significant problems may happen. First, their algorithms might
memorize the training data sets instead of learning the features from given data [1]. Secondly, the
model may learn very little or nothing from the data. The mentioned problems are caused by either
lack of sufficient training data or too much uniformity of the data set.

The ultimate purpose of machine learning and deep learning models is to train a generalized
model to correctly classify or estimate an input that is different from the training and testing
data set. To reach this goal, we should try to escape from those two mentioned challenge.

The big motivation for data augmentation in medical imaging projects with deep learning is
the lack of useful training data sets. The number of scanned images in the medical field, such as
MRI, CT scans and sonograms, are way less than those produced as training data sets for standard
image and video processing. Medical imaging is, first of all, costly, and patients are reluctant to
be scanned for study purposes because they must be exposed to magnetic fields and in some cases
specific chemicals. Moreover, strict privacy policies and patient’s consent limits access to medical
image repositories. A widely used method to avoid over-fitting and expanding data sets is data
augmentation.

Data set augmentation in this project is done by randomly overturning the ordered chronology
of the frames and feeding them alongside original sequences to the model. Also, we flip images
against the horizontal axis for a random number of sequences. As another augmentation technique,
we minimize the spatial dimension of the training data sets and randomly crop sequence of images
in 352 x 352 pixel dimensions and applied a flip effect. All these augmentation actions are done to

generalize the model and protect it from memorizing high-quality training set optical flows.

4.3.2 Refining Data set

Perez and Wang [33] proved that we could extract useful features even from low-quality images,
which is very useful for training deep learning models. However, it does not mean that we should

not care about outliers. Outliers, in many cases, have a destructive effect on data because machine

16



learning models are prone to extract false features from outliers. During data preparation, paying
excessive attention to distinguishing between valuable data and outlier is necessary. Removing
outliers from the data set highly improves the accuracy and performance of models. The practice
of evaluating data augmentation on the accuracy of the model shows that data preparation is as
important as designing the model [4].

As mentioned before, in our training data sets, thousands of MR images were masked by
physicians to hide the identity of the patients, i.e., the eyes, nose or face part of MR images
were blackened. These manual masks may mislead the training process because the black areas in

consecutive sequences do not obey the same pattern and are drawn randomly.

4.4 Training our Neural Network

We trained the network with a different configuration from that suggested by Jiang et al. [18] to
achieve an optimum result for MRI. First and foremost, we used the same data set this paper has
suggested to see the performance of the model on MR images.

We split the data set into training, testing, and validation folders, each folder consisting of
sequences of 12 consecutive temporal frames and spatial slices. As mentioned before, data augmen-
tation was done to expand the data set. As the first augmentation method, in the data set level,
the entire sequence was flipped horizontally and vertically and picked nine images in a row to train
the network and evaluate for seven image interpolations. At the frame level, frames were resized
to 360 x 360 pixels and cropped randomly to 352 x 352 pixels. The data augmentation process is
done with a separate class of data manipulation.

The training ran for 500 epochs with the learning rate of 0.0001 which automatically decreased
every 200 epochs by the factor of 107! to run from local minimums.

The second data set with which we trained the model was the Sunnybrook data set consist of
cardiac, left and right ventricles. This data set consists of about 32,000 usable images for training
this model, where we manually removed about 8,000 of those. From the remaining 25,207 images,

we split the data set to train, validation and test with the proportions of 80%, 10%, and 10%. In
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total, we used more than 19300 image sequences for training and more than 2400 image sequences
for testing and the same number of image sequences for validation.

The network has been trained with the default Adam optimizer [20] for 700 epochs. We designed
and implemented the mechanism of processing, converting and optimizing medical DICOM images
for this network from scratch. The data preparation part of the original network was designed for

video processing and could not be used for our application.
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Figure 5: Flow diagram of the end-to-end network. The network receives two base images alongside
the number of desired intermediate images and delivers synthetic images.

Finally, we used the Sunnybrook data set to fine-tune weights calculated by initial training
on the Adobe 240-fps and YouTube 240-fps data sets. The benefit of transfer learning is that we

specialize the weights, which were calculated by a massive number of MR images to our application.

4.5 Loss Functions

Jiang et al. [18] used a linear combination of multiple loss functions. Each of its parts contribute

to improve the accuracy of the model in generation of intermediate frames or slices.
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In Equation 5, Iy and I; are the base frames base on which we are synthesizing intermediate
N

images. {It,}, . (0 < t; < 1) indicate synthesized (interpolated) images. {Iti}i]il 0<ti <]
e

are the ground-truth images. The loss function calculates the difference (error) between each I,

with corresponding fti for the same arbitrary time ¢t (0 < ¢ < 1). The linear combination of loss

functions is defined as following Equation:

= Mly + Aply + Aol + Al (5)

where [, models how good is the interpolation of the same intermediate frame by computing the

mean absolute difference of the pixels:

’I;i ~ I,

1 N

The reconstruction loss formula is defined in the RGB space, in which pixel intensity values
are in the range of 0 to 255. Using the mean absolute difference loss function might cause blurry
synthetic images [19]. Imagine a synthetic image is highly similar to the original image but with
one or two pixel offset relative to the original image. In this case, computing per-pixel difference
(loss) might result in a significant error, although they are perceptually identical. So an additional
loss function has been specifically trained by [19] to extract high-level features of an image. The

following equation calculates the perceptual loss.

1 & A
lp = N Zz; H (d’fti) — (ol3;) ) (7)

where ¢ denotes the convolution (conv4-3) feature of the VGG-16 model trained on ImageNet [39].

To model the quality of warped images, the following terms were added to Equation 8. The
first and second terms compute the reconstruction error of warped images by estimated flow vectors
between two input images (Ip and ;). The third and the fourth terms compute the errors of the

images which are warped by the bi-directional optical flow vectors (Fto and Ftl), where Fy_; =
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t.F()_>1 and F1_>t = —(1 — t).Fl_m.

N N
1 ~ 1 .
o = o = o(I oo+ = gl Fisoll 5 3 | = 9o, Frimo) [+ > |2 = 90, B
1= 1=
(8)
Smoothness loss (Equation 9) is the last part of the loss function. It forces neighboring pixels

to have similar optical flow values [25, 18].

ls = [[AFo1 ]| + [AFL 0] 9)

Jiang et al. [18] calculated the A values empirically and set to A\, = 0.8, A\, = 0.005, A\, = 0.4,

and A; = 1 to achieve the best performance.

4.6 Training Tools and Resources

Programming languages and libraries
We used the Python programming language and several image processing, machine learning, and
data analytic libraries including TensorFlow, TensorBoard, Keras, PyTorch, OpenCV, Pillow, Py-

Plot, and Pandas.

Server hardware specifications

For the training of the our CNN, we used a non-distributed server with the following specifications.

Processor: Intel® Core ' i7 8700K, 3.70GHz with 6 cores and 12 threads.

64 gigabytes of DDR4 main main memory.

NVIDIA® GeForce® GTX 2080 graphic processor with 8 gigabytes of memory.

Solid state drive (Samsung 960 EVO NVMe) for faster and smoother saving and retrieval of

data.
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Cloud processing service

We used Google Colab as a distributed cloud GPU-enabled processing service [11].
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5 Evaluation

In this section, we designed and evaluated multiple interpolation scenarios. To avoid any bias, we
used a different evaluation data set than what we used for the training of the CNN. The evaluation
data set consists of 10 slices with 6 millimeter spatial distance. Each slice was scanned every 100
milliseconds for 25 times, for a total of 250 images for evaluation.

For comparison of Fast-MRI with a related interpolation method, we interpolated images
with the same configuration by Adaptive Separable Convolutions method (SepConv) that Niklaus

et al. [31] proposed for image interpolation by deep learning.

5.1 Evaluation Methods

Every scientific research project needs an evaluation method to show the performance of the work.
We used different methods to assess image synthesis quality. Wang and Bovik [42] categorized
evaluation methods as full-reference and no-reference approaches. In full-reference methods, the
original image and the distorted or synthesized image are both completely available for comparison.
On the contrary, in no-reference or partial-reference evaluation, the original image is not available
or partially available for comparison. In this work, since the scanned MR temporal or spatial images

are available as reference, we used full-reference comparison.

5.1.1 Peak Signal-to-Noise Ratio

One of the popular metrics for image quality comparison in the field of image processing is Peak
Signal-to-Noise (PSNR) [15]. PSNR is applied when an image reconstruction, i.e., compression or
de-noising algorithm, needs to be assessed. This metric measures the ratio of the maximum possible

value (MPV) of a signal, to the power of distorting noise (PDN). The unit of PSNR is decibel.

M
PSNR = 20logio <\/]\%;) (10)
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and the Mean Squared Error (MSE) in the above equation is:

MSE = — S ST (£6.4) — 96 9) ()

i=1 i=1

where:

e f is the original image matrix.

g is the data as matrix form of the degraded or synthetic image.

m is the width of the image.

n is the height of the image.

Mazxy is the maximum intensity value in the original image.

5.1.2 Mean Squared Error

The most popular method which is used for image reconstruction quality assessment is Mean
Squared Error (MSE). In this method, we calculate the square difference between the pixel inten-
sities of scanned images and reconstructed or synthesized images. This metric is computationally
efficient and easy to compute [21]. However, the problem with this method is that it does not give a
sense of structural difference [10]. Synthesized images sometimes have different pixel intensities in
comparison with the ground-truth, but they are structurally the same, and the quality is preserved.
So, high Mean Squared Error does not always imply low reconstruction quality. We calculate the

Mean Squared Error by the Equation 11.

5.1.3 Structural Similarity Index

Structural similarity index (SSIM) is a method for comprehensive measurement of degradation of
the quality of images in luminance, contrast, and structure. This method relies on this assumption
that the human visual system (HVS) has been adapted for extraction of visual structures [42]. The

following Equation shows how to calculate SSIM.
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(2ppzpty + C1)(202y + C2)

SSIM (I, I) =
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(12)

where iz, py, 0y, 0y, and o,y are local mean and standard deviations and cross covariance of
images Iy and I;. C; = (0.01.L)2, where L is the specified dynamic range value. Co = (0.03.L)?,
Cy

where L is the specifies dynamic range value and C3 = =2.

5.1.4 Pixel by Pixel Difference

All of the metrics mentioned above provide mathematical methods to compare signals and images.
However, visual quality assessment by human in applications like image interpolation and recon-
struction is crucial because the human visual system is designed and highly adapted to structural
information of scenes and images [21].

Pixel by pixel comparison is a simple visual image comparison method. In the pixel by pixel
comparison, we subtract the intensity values of the original from the reconstructed (or interpolated)
image in the same pixel location. This method is very effective for the Human Visual System
(HVS), especially for assessment of medical image reconstruction. Biologists use pixel by pixel
difference as the primary tool to observe which part of the image reconstructed with higher quality.
Mathematical evaluation methods, e.g., MSE, PSNR, and SSIM, accumulate errors of the pixels
inside a region of interest and outside it. By having a visual representation to observe images,

physicians can ignore the noise outside the regions of interest [14].

5.2 Evaluation Scenarios

For the evaluation of Fast-MRI, we designed five different scenarios to assess the performance of
the model. To have an accurate and credible assessment, the spatial spacing distance (see Figure 6)
between slices and the temporal time difference between frames in the evaluation data set must
be known. Finding such a data set that has detailed information about the temporal and spatial
distances is not an easy task. The data set that we used for evaluation is in DICOM format (see

the documentation in [7]) and contains comprehensive meta-data including the temporal interval
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in milliseconds, and spatial slice spacing in millimeters.
Temporal distance is the scanning time difference between two frames by MRI scanner in mil-
liseconds. Think of it as the time interval between two frames of a video sequence. We produce

videos or MR images by decreasing temporal difference of the frames (see Figure 7).

(_ ‘ Spatial slice
spacing

Figure 6: Spatial slice spacing. The distance between two scanned slices. A synthetic slice (marked
in purple) is created by base slices (Ip and I).

Slice spacing (Figure 6) is the spatial distance between two consecutive scanned MRI slices in
millimeters. Increasing the distance between two slices in MRI produces less spatially coherent
images because of drastic changes in the shape of the body organs.

s ’
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0o / =

Temporal difference (At)

Figure 7: Temporal difference. The temporal difference between two base frames. The synthetic
frames are generated according to these frames.
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5.2.1 Temporal Single-Frame Synthesis

Given a sequence of scanned frames from a fixed slice of the body, the goal is to interpolate the
intermediate frame ft, first based on two neighboring frames I;_a; and Iy A¢. Then we interpolate
ft based on the second level of neighboring frames I;_oa; and I;19a¢, and we continue increasing
the At by 100 milliseconds at each step for seven steps. The temporal differences of base frames
for steps 1 to 7 are 200, 400, 800, 100, 1200, and 1400 milliseconds (see Figure 8). We repeat this
evaluation scenario for temporal sequences scanned from 10 different cardiac slices. As we have the
real scanned sequence of frames, we compared the interpolated frames (ft) with the ground-truth

(I;) and reported respective evaluation metrics discussed in Section 5.1.

Step N

step k
Step 2 k

Step 1 ‘ I st H I H Lipt ‘

Y

-300 -200 -100 0 100 200 300

Time (milliseconds)

Figure 8: Temporal single-frame synthesis evaluation scenario. The evaluation process is performed
for 7 neighboring pairs of base frames with temporal difference of 200-1400 milliseconds.

With the higher MRI scanning frame-rate, the calculated motion vectors of the body organs by
optical flow in consecutive frames are more accurate, so we maintain the coherency assumption [13].
In this condition, we expect lower interpolation errors; on the contrary, we expect higher error and
lower similarity for interpolated frames I, based on based frames with higher temporal difference

(lower scanning frame rates).
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Figure 9: Temporal single-frame comparison results. The comparison between Fast-MRI and the
SepConv shows Fast-MRI has less interpolation error on average. Increasing the temporal difference
of the base frames increases the interpolation error.

Figure 9 shows increasing temporal differences between base frames increases the interpolation
error for both Fast-MRI and SepConv. In Figure 10, red pixels are the synthesized pixels in the
interpolated frame with different intensity than what they should have. By increasing the temporal
distance of the base frames from 200 to 1400 milliseconds, the error is increased. The reason is that
the frames with high temporal intervals are less coherent in the deformation caused by the motion
of the heart. The stronger dark pixels in the bottom row in Figure 10 represent more interpolation
errors (See Figure 23 in Appendix for detailed visual comparison of the results of Fast-MRI and
SepConv).

Table 2 indicates that Fast-MRI outperforms SepConv with up to 12.9% less interpolation error.
Increasing the temporal distance of the base frames decreased the PSNR values of both methods.

This pattern is the same for the similarity (SSIM) of the interpolated frames and the ground-truth.
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Figure 10: Temporal single-frame visual comparison. (a.0) is the ground-truth frame with which in
every step, we compared the interpolated frame. (a.1)-(a.7) are I, based on I;_a; and I, a for At
of 100-700 milliseconds, show increasing temporal difference of two base frames which decreases the
similarity index and increases the interpolation error for the synthetic images. Pixel differences are
marked in red. (b.1)-(b.7) depict inverted normalized subtraction of ground-truth and synthetic
images. Dark pixels shows the difference between the interpolated frames and ground-truth.

Table 2: The results of temporal single-frame synthesis.

. Average Interpolation Error Average PSNR * Average SSIM **
Temporal single-frame . .
synthesis (color intensity) (dB) (x100 %)
Method
Temporal difference SepConv ‘ Fast-MRI SepConv ‘ Fast-MRI | SepConv ‘ Fast-MRI

(milliseconds) (Lower is better) (Higher is better) (Higher is better)
200 3.58 3.12 37.98 38.30 0.96 0.97

400 4.73 4.19 35.14 35.84 0.95 0.96

600 5.84 5.63 33.12 33.44 0.94 0.94

800 6.39 5.66 32.28 33.33 0.94 0.94

1000 6.62 5.91 31.92 32.95 0.93 0.94

1200 6.87 6.15 31.57 32.61 0.93 0.94

1400 7.28 6.44 31.01 32.18 0.92 0.93

* PSNR: Peak signal to noise ratio.
** SSIM: Structural similarity index.
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5.2.2 Spatial Single-Slice Synthesis

Assuming we are given a sequence of cardiac slices scanned in a specific time from multiple parts of
the heart. Fast-MRI synthesizes intermediate slice based on the next neighboring slices, then based
on next level of the neighboring slices and so on (see Figure 11). The slice spacings of the based
slices for this scenario are 12, 24, 36, and 48 mm. We compared the interpolated slices (f s) with

the ground-truth (I5) to assess the performance of the model for spatial single-slice interpolation.
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Figure 11: Spatial single-slice synthesis evaluation scenario. The evaluation process was performed
for 3 neighboring pairs of base frames with slice spacings of 12, 24, 36, and 48 millimeters.

The organs of the human body have different shapes and conditions. Similarly, the shape of the
heart changes in different spatial locations. If we want to have good interpolation results, we should
select two base slices with the least possible spatial spacing, because the rate of the changes in the
shape of the subject, i.e., heart, kidney, and vessels are considerably high in the spatial domain.

Figure 12 visualizes that increasing the cardiac base slices spacing increases the interpolation
error (Section 5.1.3). Compared with SepConv, Fast-MRI has a lower error in all of the slice

spacing.
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Figure 12: Spatial single-slice comparison results. The comparison of Fast-MRI with SepConv.
Although the interpolation error is higher for base slices with larger slice spacing, Fast-MRI out-
performs SepConv in all of the evaluated spatial spacing.

Figure 13: Spatial single-slice visual comparison. (a.0) represents the ground-truth slice with which

in every step, we are trying to synthesize and compare. (a.1)-(a.4) I, based on I,_as and Is s for

As of 6, 12, 18, and 24 millimeters. (b.1) visualizes normalized inverted subtraction of ground-truth

and synthetic intermediate slice. Increasing the spatial spacing of the base slices causes increase in
interpolation error.
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Figure 13 visualizes interpolation errors of the interpolated slices with Fast-MRI (see detailed
visual comparison of Fast-MRI with SepConv in Figure 24 in Appendix).

Table 3 shows Fast-MRI outperforms SepConv by 10.8% decrease in average interpolation error.
The errors of both methods are higher in this scenario compared with the previous scenario because
the input images are not coherent for base slices with 12-48 mm of spacing. Similarity index and
PSNR of the interpolated slices and the ground-truth are inversely related to the base slice spacing.

Table 3: The results of spatial single-slice synthesis.

Average Interpolation Error Average PSNR * Average SSIM **
Spatial single-slice synthesis (color intensity) (dB) (x100 %)
Method
Slice spacing SepConv ‘ Fast-MRI SepConv ‘ Fast-MRI | SepConv ‘ Fast-MRI
(millimeters) (Lower is better) (Higher is better) (Higher is better)
12 23.13 17.88 21.96 23.12 0.58 0.65
24 32.23 29.98 18.26 18.60 0.41 0.43
36 40.24 39.61 15.94 16.18 0.33 0.32
48 45.72 40.13 14.65 16.06 0.25 0.31
* PSNR: Peak signal to noise ratio.
** SSIM: Structural similarity index.

5.2.3 Temporal Multi-Frame Synthesis

In the third scenario (see Figure 14), we evaluated the performance of the Fast-MRI in synthesis
of multiple intermediate temporal frames based on two neighboring MR frames. Given a sequence

of 9 consecutive temporal frames I to Iy, we interpolated:

1. Frame I5 based on Iy and I based frames.
2. Frames f4, f5 and fﬁ bases on I3, and I7.
3. Frames fg, f4, f5, Ig, and I7 based on I, and Ig.

4. Frames f2, fg, f4, f5, fﬁ, f7, and fg based on I; and Ig.

The temporal difference between each frame is 100 ms, so the time intervals between above-

mentioned base frames are 200, 400, and 800 ms.
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Figure 14: Temporal multi-frame synthesis evaluation scenario. The evaluation process was per-
formed for two base frames with temporal differences of 200-800 milliseconds. Gray-filled rectangles
indicate base frames. White rectangles represent synthesized in-between frames.

Figure 15 shows the comparison of Fast-MRI with the related method in interpolation error.
The frames closer to the base frames have lower errors because of the higher contribution of one of

base frames according to Equation 1. Fast-MRI outperforms the proposed method by Niklaus et

al. [31].
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Figure 15: Temporal multi-frame comparison results. The comparison between Fast-MRI and
SepConv. Fast-MRI has less error in temporal multi-frame interpolation scenario.

Table 4 shows that Fast-MRI has higher performance in interpolation of multiple-frames in
temporal MRI, with a 3.3%-17.2% decrease in interpolation error. Visualizing pixel differences of

Fast-MRI gives better understanding of the performance because the similarity index in Fast-MRI
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Table 4: The results of temporal multi-frame synthesis.

Average Interpolation Error

Average PSNR *

Average SSIM **

Temporal multi-frame synthesis (color intensity) (dB) (x100 %)
Method
Number of Slice number in SepConv ‘ Fast-MRI SepConv ‘ Fast-MRI | SepConv ‘ Fast-MRI

interpolations the sequence (Lower is better) (Higher is better) (Higher is better)
1 1 3.88 3.49 36.95 37.39 0.96 0.97

1 4.83 4.12 34.76 35.92 0.96 0.96

3 2 5.44 4.94 33.62 34.37 0.95 0.95

3 7.43 4.38 31.15 35.52 0.93 0.96

1 - 4.24 - 35.67 - 0.96

2 - 5.68 - 33.18 - 0.95

5 3 - 6.65 - 32.22 - 0.94

4 - 5.92 - 33.30 - 0.95

5 - 4.05 - 36.30 - 0.96

1 4.64 4.05 35.06 36.04 0.95 0.96

2 6.07 5.74 32.55 33.13 0.94 0.94

3 7.78 7.48 30.7 31.37 0.93 0.93

7 4 8.16 7.89 30.44 31.11 0.93 0.93

5 .77 7.12 30.73 31.88 0.93 0.94

6 6.87 5.94 31.74 33.18 0.94 0.95

7 5.30 4.39 34.05 35.60 0.95 0.96

* PSNR: Peak signal to noise ratio.
** SSIM: Structural similarity index.

- Scenario for five frame synthesis was not possible by SepConv.

is higher (see Figure 16).

Most of the pixels that contain error and have different intensity values compared with the

ground-truth are located in the middle part of the frame.

This is where the moving part of

the heart is located. Motionless areas (pixels near edges of the frame) are not expected to have

considerable differences (see Figure 16). The contribution of the base frames is very high for the

neighboring synthetic frames (Equation 1) thus the error is lower than the interpolated frames in

the middle of the sequence.
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Figure 16: Temporal multi-frame visual comparison. (a.1)-(a.7) are comparisons of the multiple
interpolated frames and the respective ground-truth. The error in the synthetic frames located
in the middle of the sequence is higher.(b.1)-(b.7) visualizes the normalized inverted subtraction
of the synthesized frames from the respective ground-truth frame. Dark pixels show errors. See
detailed visual comparison of the Fast-MRI and SepConv in Figure 25 in Appendix).

5.2.4 Spatial Multi-Slice Synthesis

In this scenario (see Figure 17) we assessed the performance of Fast-MRI for spatial multiple
intermediate slice synthesis. For a sequence of 9 consecutive slices, we generated synthetic slices in

the following order.

1. Slice f5 based on I and Iz based slices.
2. Slices f4, f5, and fﬁ bases on I3 and I7.
3. Slices I3, Iy, I5, I, and I7 based on I, and Is.

4. Slices fQ, Is, f4, Is, f6, I7, and I based on I; and Iy.

34



: e

A j
z (2 ][ %[ %]

-

2 = =

= Le 5 |[ 5 |[%]

S = = =

s elle]l& 5] 8 ][2]

g = = = =

ss| A5 ][5 ][5 ][5

= ~ ~ ~

Tl [ %% |[ %]

g ==

= Lz [ 7% ][#]

Qﬁl

S ~

SIS [ [ % |[ %]
;

Step 1 Step2 Step3 Step4 GT

Figure 17: Spatial multi-slice synthesis evaluation scenario. The evaluation process was performed
for 12 to 48 millimeters of spatial spacing between base slices. Grey-filled rectangles represent
available scanned ground-truth frames. White rectangles represent synthesized in-between slices.

The spacings of base slices are 12, 24, 36, and 48 mm for 1, 3, 5, and 7 multi-slice interpolation,
respectively. We compared each interpolated slice with its corresponding ground-truth image. We
also performed the same procedure for SepConv; however, because this method generates only a
single slice in-between two base slices, evaluation for 5 slices cannot be done by this method.

Figure 18 represents the comparison of the interpolation errors. The synthesized slices closer
to the base slices have less error as we expected. By moving from the first and last slices in the

sequence to the middle slices, the error is increased (see Section 5.2.3).
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Figure 18: Spatial multi-slice comparison results. Fast-MRI outperforms SepConv in interpolation
error. The error is higher in the synthetic slice in the middle of the interpolated sequence.

As highlighted in Table 5, Fast-MRI outperforms SepConv by at least 2.9%. Because of the
high spatial spacing and accordingly low coherency of the spatial slices, the error values are higher
for temporal multi-frame synthesis. The structural similarity index and peak signal-to-noise-ratio
of the synthesized images at the beginning and end of the interpolated sequence is higher than
synthetic images in the middle of the sequence for the same reason mentioned earlier.

Figure 19 represents pixel by pixel differences of the interpolated slices by Fast-MRI with
ground-truth. The error is higher compared with temporal multi-frame interpolation because of
higher base slice distances and lower coherency (check Figure 26 in Appendix for detailed visual

comparison of the slices interpolated by Fast-MRI and SepConv).
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Figure 19: Spatial multi-slice visual comparison. (a.1)-(a.7) colorizes the pixel difference of the
synthesized slices compared to their respective ground-truth. (b.1)-(b.7) visualizes the normalized
inverted subtraction of the synthesized slices from the respective ground-truth. (a.4) The slice
farthest from the base images has the highest error because of the less contribution of base slices.

Table 5: The results of spatial multi-slice synthesis.

Average Interpolation Error Average PSNR * Average SSIM **
Spatial multi-slice synthesis (color intensity) (x100 %)
Method
Number of | Slice number in | SepConv ‘ Fast-MRI SepConv ‘ Fast-MRI | SepConv ‘ Fast-MRI

interpolations | the sequence (Lower is better) (Higher is better) (Higher is better)
1 1 - 19.72 - 22.23 - 0.62

1 31.39 33.05 18.27 17.76 0.41 0.40

3 2 33.69 34.39 17.66 17.41 0.36 0.36

3 36.9 31.35 16.9 18.22 0.34 0.42

1 - 35.3 - 17.18 - 0.38

2 - 37.71 - 16.61 - 0.3

5 3 - 38.1 - 16.51 - 0.29

4 - 37.69 - 16.61 - 0.34

5 - 31.19 - 18.25 - 0.43

1 32.02 31.08 18.1 18.29 0.39 0.41

2 38.48 36.61 16.58 16.86 0.31 0.31

3 41.44 39.28 15.94 16.25 0.28 0.28

7 4 43.88 40.15 15.46 16.06 0.29 0.31

5 42.42 38.95 15.74 16.33 0.33 0.33

6 36.1 34.61 17.08 17.35 0.36 0.36
7 24.79 26.36 20.2 19.71 0.47 0.47

* PSNR: Peak signal to noise ratio.
** SSIM: Structural similarity index.
- Scenario for five frame synthesis was not possible by SepConv.
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5.2.5 Coherency Challenge

Frames should be coherent spatially and temporarily; otherwise, the model is not able to map
corresponding pixels to each other and calculate correct optical flow. Furthermore, combining
warped frames of two non-coherent MRI slices or frames (Equation 2) results in an inaccurate

interpolated image. In medical imaging, this phenomenon happens when:
e Two consecutive slices have high spacing, which means they are spatially far from each other.

e Two consecutive frames have a large temporal difference, which means the scanning interval
of the scanner was set to a high number. Also, if we scan a very fast-moving organ in the

body (e.g., heart), even with relatively low intervals, maybe we face non-coherency issues.

e One or more synthetic slices or frames may be affected by motion artifacts. By dropping the
imperfect slices/frames, the model cannot reconstruct reliable in-between images based on

nearest motion artifact-free images.

In Figure 20, the synthesized intermediate slice is not quantitatively and visually similar to the
ground-truth. The large error in the results is because of non-coherency caused by high spatial
spacing between two based slices (48 mm). Those slices are not structurally similar and represents

two parts of the heart with completely different shapes and sizes.
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Figure 20: Coherency problem. (a.1) and (a.3) are base frames with spatial spacing of 48 millime-

ters. (a.2) is the ground-truth image we are trying to reconstruct. (b.1) is the synthetic image

based on (a.0) and (a.2). Because of low spatial coherency between (a.1) and (a.3), the result is
not visually and structurally similar to the ground-truth and the interpolation error is high.

5.2.6 Frame Synthesis Based on Synthesized Frames

In this evaluation scenario, similar to Section 5.2.2, we interpolate a single slice but by using two
previously synthesized frames as base slices. The error is expected to be accumulated because each
interpolated frame of slice contains a certain amount of error. Also, we expect lower similarity for

interpolated images compared with single-slice interpolation by real scanned based slices.
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Figure 21: Evaluation of slice synthesis based on synthetic slices. Comparison of single slice syn-

thesis based on real base slices vs. synthesis base slices. The increasing lines indicate a larger error

for high slice spacing. The constant lines in the upper section of the image show very high error of
interpolation based on synthetic images. In both scenarios, Fast-MRI outperforms SepConv.

From Figure 21, we can observe that by increasing the spacing of the base slices, the interpolation
error of the slices that are synthesized by the real images are gradually increased. However, for
the slices synthesized by synthetic slices, the error is high from the beginning. Figure 22 shows
that even for small base slice spacing (12 mm), the results have very low similarity and high error.
Despite the low performance of the both methods in this scenario, Fast-MRI outperforms SepConv
with an up to 7.2% lower error (see Table 6). The output MR images are not visually satisfying
and the left and right ventricles of the heart are not recognizable.

Table 6: The results of slice interpolation based on synthetic slices.

Interpolation based | Interpolation Error PSNR * SSIM **
on synthetic (color intensity) (dB) (x100 %)
Slice spacing distance | Fast-MRI \ SepConv | Fast-MRI \ SepConv | Fast-MRI \ SepConv
(milliseconds) (Lower is better) (Higher is better) (Higher is better)
12 38.88 41.89 16.33 15.68 0.34 0.31
24 38.84 41.85 16.34 15.69 0.32 0.30
36 38.93 41.07 16.32 15.85 0.35 0.32

* PSNR: Peak signal to noise ratio.
** SSIM: Structural similarity index.
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Figure 22: Visual comparison of slice synthesis based on synthetic slices. (a.0) is the ground-truth

slice. (a.1)-(a.3) are the synthetic slices based on real slices with 12, 24, and 36 millimeters of

spacing. (b.1)-(b.3) are the synthetic slices based on synthetic slices with the same spacing similar

to row (a) base images. The similarity of the synthetic based interpolation is low and the error,
even in 12 millimeters of spacing, is higher than in synthesis by real slices.

5.2.7 CINE MRI Video Frame Synthesis

Cine MRI is a short video sequence that shows the flow of cardiac or cerebrospinal fluid during
a single heartbeat. Radiologists can measure fluid flow inside the heart or brain of a patient and
compare it with a healthy subject to diagnose blockage in vessels [5]. As a visual evaluation scenario,
we took a low frame rate CINE MRI and interpolated in-between frames to increase the frame rate
of the sequences. The motion of the bloodstream is smoother in the interpolated sequence by

Fast-MRI (the comparison of interpolated CINE videos are uploaded online [6]).
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6 Conclusion

In this thesis, we redesigned, trained and evaluated an end-to-end network specifically to generate
arbitrary number of intermediate MR images. By the first convolutional neural network (CNN),
we estimated motion vectors between input images. By the second CNN, we estimated the visi-
bility maps to address occlusion problem and refined flow vectors to produce intermediate images.
We used MR images alongside high frame-rate non-MR, video frames to train the the networks.
We designed five evaluation scenarios to comprehensively cover temporal and spatial, single and
multiple-frame interpolation on a specific evaluation data set. Our proposed method (Fast-MRI)
outperforms one of the accessible single-frame interpolation related methods [31] in all of the de-
signer evaluation scenarios. For future work, we will improve the performance of the work by using

larger MRI data set. Also we will integrate this work to work on Microsoft’s HoloLens.
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Appendix
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Figure 23: Comparison of temporal single frame generation. (a.1)-(a.7) Represent ground-truth,
a single frame which our and related method generated frames with its timestamp. (b.1)-(b.7)
synthesized frames by related method, based on base frames with temporal difference of 200, 400,
600, 800, 1000, 1200, and 1400 milliseconds. (c.1)-(c.7) synthesized frames by Fast-MRI, based
on base frames with above mentioned temporal difference. (d.1)-(d.7) are inverted normalized
subtractions of the ground-truth and respective frame generated by Fast-MRI.
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Figure 24: Comparison of Spatial single slice generation. (a.1)-(a.7) Represent ground-truth, a

single slice which our and related method generated frames in its spatial location. (b.1)-(b.7)

synthesized slices by related method, based on base slices with spatial spacing of 12, 24, 36, and

48 millimeters. (c.1)-(c.7) synthesized slices by Fast-MRI, based on base slices with the above

mentioned spatial spacing. (d.1)-(d.7) are inverted normalized subtraction of the ground-truth and
respective slices generated by Fast-MRI.
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Figure 25: Comparison of temporal multi frame generation. (a.l)-(a.7) are ground-truth of a

consecutive series of intermediate frames with a temporal difference of 100 milliseconds. (b.1)-(b.7)

are multiple synthesized frames by related method in the exact time of the respective ground-truth.

(c.1)-(c.7) are multiple synthesized frames by Fast-MRI in the exact time of the respective ground-

truth. (d.1)-(d.7) are inverted normalized subtraction of the ground-truth and the respective frames
generated by Fast-MRI.
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Figure 26: Comparison of Spatial multi slice generation. (a.1)-(a.7) are ground-truth of a consec-

utive series of intermediate slices with spatial spacing of 6 millimeters. (b.1)-(b.7) are multiple

synthesized slices by related method in the exact same location of the respective ground-truth.

(c.1)-(c.7) are multiple synthesized slices by Fast-MRI in the exact same location of the respec-

tive ground-truth. (d.1)-(d.7) are inverted normalized subtraction of the ground-truth and the
respective slices generated by Fast-MRI.
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