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Abstract 

High-quality magnetic resonance images (MRI) provides detailed anatomical information important for 

clinical application and quantitative image analysis. In many clinical applications, MRI k-space data is 

undersampled in order to reduce the scanning time and improve the patient experience. In this case, image 

reconstruction algorithm becomes important to maintain the image quality using only undersampled data. 

Deep learning methods have demonstrated great potential in MR image reconstruction due to its ability to 

learn the non-linearity relationship between the under-sampled k-space data and the corresponding 

desired image. However, most studies have found that high-frequency details are lost in deep learning 

based reconstruction and the images are unsatisfactory perceptually with overly smooth textures. Among 

these methods, Generative Adversarial Networks (GANs) are known to reconstruct images that are 

sharper and more realistic-looking. In this study, we propose a novel hybrid loss function for GAN to 

reconstruct high perceptual quality MR images. The experiment demonstrates that the hybrid loss 

function is superior to the individual ones alone for GAN-based reconstruction.
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CHAPTER 1 INTRODUCTION 

Over the past decades, high-quality Magnetic resonance imaging (MRI) has taken on an important role in 

diagnostic procedures due to it produces detailed structural information, benefiting clinical diagnosis, 

decision making, and accurate quantitative image analysis. Instead of using damaging ionizing radiation 

like x-rays, MRI can produce cross-sectional images with high spatial resolution using strong nuclear 

magnetic resonances, gradient fields, and hydrogen atoms inside the human body [1]. Therefore, magnetic 

resonance imaging is becoming one of the most popular method in medical imaging for the past few decades. 

However, the scan takes a long time [2] and involves confining the subject in an uncomfortable narrow 

bow, which have been inapplicable for children and adults who are uncooperative, uncomfortable, or unwell. 

Shortening the MRI scan time might help increase patient satisfaction, reduce motion artifacts from patient 

movement, and reduce the medical cost. 

To speed up acquisition time, various acceleration techniques have been developed. One approach is using 

high performance hardware [3] to reduce the time to scan the k-space. For example, EPI using rapidly 

changing magnetic field gradients has allowed a significant reduction in the spacing between data 

collections. However, EPI have made it possible to obtain individual MR slices in the time frame of 50-100 

msec, thus minimizing the effects of patient motion, but with limited spatial resolution. 

And another approach called parallel imaging techniques was proposed in the late 1990s, such as Sensitivity 

encoding (SENSE) [4] and GeneRalized Autocalibrating Partially Parallel Acquisition (GRAPPA) [5] was 

proposed to accelerate the data acquisition time in MRI by using multiple array of coils with spatially-

varying sensitivities. The sensitivity encoder (SENSE) transforms the partial k-spaces into images by 

merging the resulting aliased images into one coherent image. The GeneRalized Autocalibrating Partial 

Parallel Acquisition (GRAPPA) techniques operate on the k-space data within the complex frequency 

domain before the IFFT. In this approach, although image acquisition time and phase-related distortions in 

the MR signal are significantly reduced, the signal to noise ratio still very low compared to a non-

accelerated sequence.[6] 

Another approach is adopting the Compressive Sensing (CS) theory [7] to MRI reconstruction so that only 

a small fraction of data is needed to generate full reconstruction via a computational method. The underlying 

assumption is that the under-sampling is random, such that the zero-filled Fourier reconstruction exhibits 

incoherent artifacts that behave similarly to additive random noise. However, all method requires 

modification of pulse programming. 

During the past decades, compressed sensing (CS) has become an important strategy for fast MR imaging 

based on sparsity prior. However, the iterative procedure takes a relatively long time to achieve high-quality 

reconstruction, and the selection of the regularization parameter is empirical.  

Deep learning has recently been studied for reconstructing MR images from under-sampled k-space data[8-

10]. The end-to-end reconstruction using deep learning avoids the conventional CS iterations and has the 

benefit of ultrafast online reconstruction. MRI reconstruction using convolutional neural networks (CNN) 

was introduced in [8]. The network learns the mapping between zero-filled and fully-sampled MR images. 

In [9], residual network was proposed for MRI reconstruction. Their model is able to receive multiple inputs 

acquired from different viewing planes for better image reconstruction. Both works address the 

reconstruction problems in the image domain rather than the k-space domain.  

Therefore, learning-based method is an attractive approach, as it requires only an aliased image to provide 

a high-quality output without extra scan time. But deep learning is a challenging problem because of its 
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underdetermined nature [11]. Most studies have found that high-frequency details are lost in deep learning 

based reconstruction and the images are unsatisfactory perceptually with overly smooth textures. An infinite 

number of high-quality images can produce the same aliased image after resolution degradation. This makes 

it very difficult to accurately restore texture and structural details.  

Generative Adversarial Network (GAN) has gained popularity due to its ability to infer photo-realistic 

natural images[12-13]. For GAN-based end-to-end reconstruction, the loss function used for training is very 

important. Different loss functions will result in different learned parameters for the network, and thus 

different reconstruction outputs. The most popular loss function is the traditional loss function based on the 

pixel-wise similarity(MSE). The ability of traditional loss to capture perceptual differences, such as high 

texture details, is very limited because it is defined based on pixel-based images which cause overly-smooth 

and poor perceptual quality. On the other hand, the loss function using high-level feature maps has been 

proposed recently to better capture texture details. Although feature-based loss function improves image 

sharpness, it might hallucinate and introduce artifacts, which is unsuitable for MR reconstruction. Here we 

propose a hybrid loss using both traditional and feature-based loss functions to obtain the merits of both. 

We can prove The GAN procedure encourages the reconstructions to move towards regions of the search 

space with high probability of containing photo-realistic images and thus closer to the natural image 

manifold. MR knee images were used to compare the performance of different loss functions. 
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CHAPTER 2 BACKGROUND 

2.1 Basic principles of MRI 

2.1.1 Magnetic Resonance Signal 

The basis of MRI is the directional magnetic field, or moment, associated with charged particles in motion. 

Nuclei containing an odd number of protons and/or neutrons have a characteristic motion or precession. 

Because nuclei are charged particles, this precession produces a small magnetic moment. 

When a human body is placed in a large magnetic field, many of the free hydrogen nuclei abandon their 

normal random spatial orientations and align parallel or antiparallel (like a bar magnet or dipole) when 

exposed to a large magnetic field (called B0), as Fig. 2.1 shows. Instead of a perfect alignment, they rotate 

or precess about this alignment in the same way the earth wobbles around its axis. The main direction of 

the bore of the magnet is the B0 field axis, known as the z direction. The nuclei precess about the magnetic 

field direction like gyroscopes. This behavior is termed Larmor precession: 

𝜔 = 𝛾B0                                                                              (1) 

Where 𝜔 is the angular precessional frequency of proton, 𝛾 is the gyromagnetic ratio, and B0 is the strength 

of the external magnetic field. 

 

Fig. 2. 1. Left is the protons alignment in the absence of a strong magnetic field. Right is the protons align 

with the external field is a little bit more than that of the protons align against the field. 

2.1.2 Relaxation 

Relaxation means that the spins are relaxing back into their lowest energy state or back to the equilibrium 

state. Energy can be applied to alter the tissue magnetization in the form of a radiofrequency (RF) pulse or 

B1 field. The RF pulse is applied for a fixed period and is adjusted to the same frequency as the precession. 

This has the effect of tipping the net magnetization away from the B0 field, also known as longitudinal 

magnetization, and into the transverse (xy) plane (Fig. 2.2). Only the transverse component of the net 

magnetization vector can be detected by magnetic resonance receivers. The angle by which the 

magnetization is tipped (also known as the flip angle) is dependent on the power of the RF pulse and the 

length of time it is applied. Maximum signal in the transverse plane is achieved with a 90° pulse, but any 

arbitrary angle can be obtained by changing the power of the pulse. 
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Once the radio frequency pulse turned off, the protons will have to realign with the axis of the 𝐵0 magnetic 

field and release all their excess energy. After RF pulse is turned off showed as Fig. 2.2. There are 2 main 

types of relaxation processes, longitudinal or transverse relaxation. The 𝑀𝑥𝑦 component of the 

magnetization vector decreases rapidly. At the meanwhile, the 𝑀𝑧 component slowly recovers along the z-

axis. 

 

Fig. 2. 2. Magnetic moments shown in (A) a static magnetic field B0, (B) after a 90° radio frequency pulse 

is applied, the longitudinal magnetization vector is flipped into x-y plane. and (C) after the radiofrequency 

pulse is turned off, the transverse magnetization vector begins to decay while the longitudinal component 

begins to recover. 

Longitudinal relaxation, also known as T1   or spin-lattice relaxation, is the process by which energy 

transferred into the system by the RF pulse is transferred back to the surroundings. The magnetization will 

then recover along the z direction, or longitudinally. After a 90° pulse, the longitudinal magnetization vector 

is flipped into the x-y plane. The M𝑧 component starts to grow at a rate described by T1 as showed below:  

M𝑧(𝑡) = M0 (1 − 𝑒
−

𝑡

𝑇1)                                                                    (2) 

Transverse relaxation, also known as T2  or spin-spin relaxation, is the process that the transverse 

components of magnetization M𝑥𝑦  decay. The rate can be defined as below: 

M𝑥𝑦(𝑡) = M0 𝑒
−

𝑡

𝑇2                                                                       (3) 

Two progress were shown in the fig. 2. 3. 

 

Fig. 2. 3. Left is the graph of longitudinal magnetization with growth rate of 𝑇1 and right is the graph of 

transverse magnetization with decay rate of 𝑇2. 

(A) (B) (C) 
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2.1.3 Spatial  image 

Magnetic Resonance Imaging (MRI) is a non-ionizing imaging modality, and is therefore widely used in 

diagnostic medicine and biomedical research. In MRI, information about the image is not gathered directly. 

Instead, MRI data are collected in k-space, which contains spatial frequency information and is related to 

the actual image through a mathematical operation called the Fourier transform . The physical principles of 

MRI are based on a strong magnetic field and pulses of radio frequency (RF) electromagnetic radiation. 

Images are produced when hydrogen atoms, which are prevalent in living organisms, emit the absorbed RF 

energy that is then received by antennas in close proximity to the anatomy being examined. Spatial 

localization of the detected MRI signals is obtained by varying the magnetic field gradients. The discretized 

RF output is presented in a Fourier space (called K-space), where the x-axis is refers to the frequency and 

the y-axis to the phase. An inverse fast Fourier transform (IFFT) of the K-space is then used for generating 

anatomically meaningful MRI scans. Figure 2.4 presents K space traversal patterns used in conventional 

imaging. Each row of the k-space is acquired after one RF excitation pulse. The number of rows multiplied 

by the number of slices (z-axis) determines the total scan time. 

 

Fig. 2. 4. The transform between the K-space domain and image domain 

2.2 Parallel imaging 

In order to reduce the acquisition time, either the k-space data must be collected more quickly or the amount 

of k-space data collected must be decreased. The speed at which k-space data can be collected is determined 

by the desired image contrast and the strength of the magnetic field gradients needed to encode the k-space 

data. However, there is a physiologic limit: rapidly switching high-strength magnetic field gradients on and 

off can induce electrical currents in the patient, potentially causing peripheral nerve stimulation [14-15]. 

Parallel imaging is a robust method for accelerating the acquisition of magnetic resonance imaging (MRI) 

data, and has made possible many new applications of MR imaging. Parallel imaging works by acquiring a 

reduced amount of k-space data with an array of receiver coils. These undersampled data can be acquired 

more quickly, but the undersampling leads to aliased images.  

One of several parallel imaging algorithms can then be used to reconstruct artifact-free images from either 

the aliased images (SENSE-type reconstruction)[4] or from the undersampled data (GRAPPA-type 

reconstruction)[5]. The advantages of parallel imaging in a clinical setting include faster image acquisition, 

which can be used, for instance, to shorten breath-hold times resulting in fewer motion-corrupted 

examinations.  

 All parallel imaging methods share some common characteristics, which are listed below: 

1. K-space data are undersampled in the phase encoding to reduce the scan time. The acceleration factor 

(or reduction factor), R, is defined as the ratio of the amount of k-space data required for a fully sampled 

image to the amount collected in an accelerated acquisition. If the Nyquist criterion is not met (and the 
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FOV becomes smaller than the object), the result is an aliased image. 2. Data are acquired using an array 

of independent receiver channels instead of using a large homogeneous volume receive coil (Fig. 2.5 ). 3. 

A special algorithm, which requires some knowledge of the individual coil sensitivities, is used in parallel 

imaging reconstruction. 

 

Fig. 2. 5. An example of head coil array with eight independent coil array. Each coil is more sensitive to 

the tissue that is close to it and generates corresponding imaging. These sensitivity images can be combine 

by using sum-of-square to generate required image (in the center). 

2.3 Compressed Sensing 

Parallel imaging has led to the significant process to have a fast MRI imaging in the past few years. However, 

the speed at which data can be collected in MRI is fundamentally limited by physical (the number of coils 

in the real case) and physiological (nerve stimulation) constraints.  

Compressed Sensing proposed by Candes and Donoho[7] has made significant achievements in processing 

signals and medical images. The classical Nyquist-Shannon sampling theorem describes the relationship 

between signal sampling and signal bandwidth, that is if the signal is to be reconstructed without distortion, 

the signal must be sampled at a rate at least twice the frequency of the highest bandwidth of the signal. In 

MRI we look at a special case of CS, where the sampled linear combinations are simply individual Fourier 

coefficients (k-space samples). In that setting, CS is claimed to be able to make accurate reconstructions 

from a small subset of k-space rather than an entire k-space grid. 

However, The CS approach requires that:(a) the desired image have a sparse representation in a known 

transform domain (is compressible), (b) the aliasing artifacts due to k-space undersampling be incoherent 

(noise like) in that transform domain. (c) a nonlinear reconstruction be used to enforce both sparsity of the 

image representation and consistency with the acquired data.  

2.4 Learning method 

Although many works have demonstrated superior reconstruction performance using GAN-based 

compressed sensing (CS)[16-18], the reconstruction time is still too long. Deep learning [8]–[13] is a family 

of algorithms for efficient learning of complicated dependencies between input data and outputs by 

propagating a training dataset through several layers of hidden units (artificial neurons). Each layer is a data 

transformation step. 
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2.4.1 Feed-Forward Neural Networks 

A so-called multilayer perceptron is a multilayer artificial neural network that performs a nonlinear data 

transformation in each layer. Layer 0 is called the input layer, layer L the output layer, intermediate layers 

are called hidden layers. The transformation in layer follows the rule: 

𝑌𝑙
𝑖 =  𝑠𝑖(𝑊𝑙 ∗ 𝑌𝑙−1

𝑖 + 𝐵𝑙)                                                       (4) 

Where layer 𝑙∊{1⋯L}, 𝑌𝑙
𝑖  is the output vector of layer 𝑙 for data sample 𝑖,  𝑠𝑖 are nonlinearities , 𝑊𝑙 is called 

the weight matrix, 𝐵𝑙 the bias vector. The length of the vector 𝑌𝑙
𝑖 corresponds to the number of artificial 

neurons (hidden units) in layer 𝑙. During training, we learn the deep learning network parameters 𝛩 which 

include 𝑊𝑙 and 𝐵𝑙 through minimizing the loss function, 

During training, all weight matrices( 𝑊𝑙 )and bias terms(𝐵𝑙) are jointly adjusted such that the output vectors 

𝑌𝐿
𝑖 for each training sample i well approximate the target output vectors 𝑦𝑖 through minimizing the loss 

function. 

2.4.2 Different networks 

In the last few years, CNN successfully have been used for reconstruction of fully MR images from zero-

filling reconstruction images by generating a non-linear mapping using paired aliased and high-quality 

training images [8]. Convolutional Neural Networks are very similar to ordinary Neural Networks: they 

can learn weights and biases through optimization. ConvNet architectures make the explicit assumption 

that the inputs are images, apply the kernel between each layer, which allows us to encode certain properties 

into the architecture. These then make the forward function more efficient to implement and vastly reduce 

the amount of parameters in the network. 

Many studied were shown that deeper network architectures can be difficult to train but have the potential 

to substantially increase the network’s accuracy as they allow modeling mappings of very high complexity 

[19- 21]. To efficiently train these deeper network architectures, batch normalization [22] is often used to 

counteract the internal co-variate shift. Deeper network architectures have also been shown to increase 

performance for MR reconstruction, formulate a recursive CNN and present state-of-the-art results[23]. 

Another powerful design, ResNet, choice that eases the training of deep CNNs is the recently introduced 

concept of residual blocks [24] and skip-connections [23, 25]. Skip connections relieve the network 

architecture of modeling the identity mapping that is trivial in nature, however, potentially non-trivial to 

represent with convolutional kernels. 

However, to improve high-frequency details in deep learning based reconstruction and the images are 

satisfactory perceptually with sharp textures, many studies[26,27], have been developed based on a 

Generative Adversarial Network (GAN). GAN, composed of a generator CNN and a discriminator CNN, 

has demonstrated perceptually better results compared to other deep residual network based MR 

reconstruction methods [8]. While the generator was trained to generate fully-reconstructed images close 

to the ground truths, the discriminator was simultaneously trained to distinguish the generated fully-

reconstructed images from the ground truths. Since the discriminator error is back-propagated to the 

generator, the errors of the discriminator and the generator are adversarial, yielding an adversarial loss. 

Usage of the adversarial loss improves perceptual image quality. However, these GAN based methods still 

limited for medical images.  
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2.4.3 Blocks of CNN 

(1) Convolutional layer 

Convolutional layer (CONV) is the most critical layer of CNN. The objective of the Convolution 

Operation is to extract the high-level features such as edges, from the input image. CNN need not be 

limited to only one Convolutional Layer. Conventionally, the first convolutional layer is responsible for 

capturing the Low-Level features such as edges, color, gradient orientation, etc. With added layers, the 

architecture adapts to the High-Level features as well, giving us a network which has the wholesome 

understanding of images in the dataset, similar to how we would. 

There are two types of results to the operation — one in which the convolved feature is reduced in 

dimensionality as compared to the input, and the other in which the dimensionality is either increased or 

remains the same. This is done by applying Valid Padding in case of the former, or Same Padding in the 

case of the latter. 

(2) Nonlinear activation function 

The above convolutional layer is usually followed by non-linearity operations. Non-linearity is achieved 

using a specific family of functions called activation functions. These activation functions ensure that the 

representation in the input space is mapped to a sparse one and, hence achieving (i) a certain invariance to 

data variability and (ii) a computationally efficient representation [28]. The former situation refers to the 

fact that sparse representations are more resilient to slight modifications than dense ones. In the past, 

sigmoid and hyperbolic tangent functions were commonly used for this purpose. However, for large-scale 

image recognition, novel activation functions are being continuously proposed. 

The common activation function is Rectified linear units (ReLUs): which are expressed in a general form 

as: 

f(𝑧𝑙𝑘
𝑥𝑦

) = {
max(𝑧𝑙𝑘

𝑥𝑦
, 0)       𝑖𝑓𝑧𝑙𝑘

𝑥𝑦
> 0

max(𝛼 · 𝑧𝑙𝑘
𝑥𝑦

, 0)          𝑖𝑓 𝑧𝑙𝑘
𝑥𝑦

≤ 0          
                                                      (5) 

where 𝑧𝑙𝑘
𝑥𝑦

 is the input value at position (x, y) on the k-th feature map at the l-th layer and α is the slope of 

the negative linear function. There are five special cases distinguished depending on the conditions over α. 

First, if α = 0, the expression results in the so-called ReLU [29,30] which is one of the most commonly 

used activation functions . Despite its computationally efficient implementation, this method presents some 

drawbacks due to its gradient discontinuity at the origin in terms of gradient update and empirical 

performance[31]. Second, if α is a small constant, the variant is referred as Leaky ReLU (LReLU) [32]. 

This approximation enables to cope with the problem of zero gradient. Third, if α is tuned up in the training 

process along with other parameters using back-propagation, the approach is referred as Parametric ReLU 

(PReLU) [31]. Fourth, in [33], the parameter α is sampled from a uniform distribution for each example, 

and this approach is called Randomized ReLU (RReLU). 

(3). Pooling and sub-sampling layer 

Typical convolutional layers consist of three steps. First, the layer performs several convolutions to produce 

feature maps. Second, non-linear activation functions are used on the resulting maps. Third, the output is 

modified by the pooling layer before reaching the next convolutional layer. The idea of a pooling function 

is to extract a summary statistics of non-overlapping neighborhoods – usually – to (i) reduce the number of 
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parameters in the following layers, (ii) control over-fitting, and (iii) achieve slight translation invariance 

[34]. 

There are two types of Pooling: Max Pooling and Average Pooling. Max Pooling returns the maximum 

value from the portion of the image covered by the Kernel. On the other hand, Average Pooling returns the 

average of all the values from the portion of the image covered by the Kernel. 

Max Pooling also performs as a Noise Suppressant. It discards the noisy activations altogether and also 

performs de-noising along with dimensionality reduction. On the other hand, Average Pooling simply 

performs dimensionality reduction as a noise suppressing mechanism. Hence, we can say that Max Pooling 

performs a lot better than Average Pooling. 

The Convolutional Layer and the Pooling Layer, together form the i-th layer of a Convolutional Neural 

Network. Depending on the complexities in the images, the number of such layers may be increased for 

capturing low-levels details even further, but at the cost of more computational power. 

(4) Fully connected layer 

Unlike convolutional layer, the Fully Connected (FC) layer has a full connection to all of the units in the 

previous layer. Essentially, the main task of the FC layer is to mine the incoming features to extract 

information about the content of the input image. The process usually consists in flattening the feature maps 

coming from convolutional layers, to achieve a one dimension feature vector representation, and, then, 

inputting it into the FC layer. The output of this layer could either be the predict class labels [30] or an 

intermediate layer [35] (consecutive FC layers can be stacked together). Implementing FC layers usually 

require a large number of parameters – compared to other layers – as each cell of a feature map is fully 

connected to all elements in the previous layer. 

Besides, there has a feature of these kinds of layers: a single output is produced – if it is used as output 

layer. The former issue means that a single input image receives a single output label. This situation is 

computationally convenient if the CNN is intended to be used in classification ones. In the discriminator 

CNN, the Dense as FC layer is be used to discriminate the super resolution and high resolution images. 

(7) Loss function 

CNNs are well-known for their ability to extract discriminative features using learned weights in each layer. 

The learning process is reinforced by employing appropriate loss functions. Loss functions are designed to 

encourage intra-class similarity and inter-class separability. 

Loss is the penalty for a bad prediction. That is, loss is a number indicating how bad the model's prediction 

was on a single example. If the model's prediction is perfect, the loss is zero; otherwise, the loss is greater. 

The goal of training a model is to find a set of weights and biases that have low loss, on average, across all 

examples. 

There are several loss methods widely used in the community, such as L1 loss and  L2 loss.  

Mean Absolute Error/L1 Loss: 

𝑀𝐴𝐸 =
1

𝑛
∑ |prediction(𝑥𝑖; 𝛩) − 𝑦𝑖| 𝑛

𝑖=1                                                     (6) 
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where n is the number of training samples, 𝑦𝑖   the ground truth, and 𝑥𝑖 the input, prediction(𝑥𝑖; 𝛩) is a 

function of the weights and bias in combination with the set of features x. L1 loss, on the other hand, is 

measured as the average of sum of absolute differences between predictions and actual observations. 

Mean square error (MSE)/L2 loss: 

𝑀𝑆𝐸 =
1

𝑛
∑ ‖prediction(𝑥𝑖; 𝛩) − 𝑦𝑖‖2 𝑛

𝑖=1                                                (7) 

where n is the number of training samples, 𝑦𝑖   the ground truth, and 𝑥𝑖 the input, prediction(𝑥𝑖; 𝛩) is a 

function of the weights and bias in combination with the set of features x. Mean square error (MSE)/L2 is 

measured as the average of squared difference between predictions and actual observations. It’s only 

concerned with the average magnitude of error irrespective of their direction. Although MSE is commonly-

used in deep learning, it is neither the only practical loss function nor the best loss function for all 

circumstances. 

(5) Optimization 

Deep CNNs are learnt by searching appropriate values for model parameters optimizing the loss function. 

Gradient descent methods, in which the parameter update is performed using a back-propagation algorithm, 

are widely used for minimization [36]. This parameter update is undertaken by computing the loss function 

for a single, small subset, or the whole training set. Each of these cases is referred in the literature as 

stochastic, mini-batch and batch gradient descent, respectively. Updating values using the whole training 

set can be computationally expensive and, hence, mini-batch gradient descent is ubiquitously used in the 

community, leading to smoother parameter updating and more stable convergence. 

(6) Normalization 

It is a common practice to use mean-centered training datasets by applying contrast normalization to train 

deep CNNs [30]. This simple preprocessing technique improves the convergence speed of optimization. 

Ioffe et al. [37] argued that training deep networks can be slow since the distribution of parameters across 

hidden units changes dynamically during training, which is a phenomenon called the internal covariate shift. 

Their proposal consisted in normalizing the data input in each layer, with a technique known as batch 

normalization. This method provides any layer in a network with inputs that come from a unit Gaussian 

distribution and also enables the use of a high learning rate with a less careful weight initialization choice. 

In our work, we use batch normalization. With simple weight re-parameter at each layer, they were able to 

show improved conditioning of the optimization problem. 
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CHAPTER 3 METHOD 

Assuming that 𝑥 , 𝑦∈ ℝm×n are respectively aliased images and high-quality images of size 𝑚 ×   and that  

their relationship can be expressed as 𝑥 = 𝑓(𝑦), where 𝑓: 𝑦 ∈ ℝm×n → 𝑥 ∈ ℝm×ndenotes the blurring 

process that creates a aliased images counterpart from a high-quality image. In the deep learning network, 

the nonlinear relationship 𝐹 (𝐹 ≈ 𝑓−1) between input 𝑥 and output 𝑦, which is represented as 𝑦 = 𝐹(𝑥; 𝛩), 

where 𝛩 is the DL parameters to be learned during training, is achieved through minimizing a loss function 

(e.g., MSE) between the network prediction and the corresponding ground truth data based on some training 

data. 

3.1 Under-sampling Method 

Let 𝑥, 𝑦 denote signal, 2D aliased and high-quality image, obtained by the IFFT of the complex k-space 

signal 𝑠0. Let 𝑀𝐹  𝑀𝑝 denote a full sampling mask and under-sampling mask, such that the reconstructed 

MR image is: 

𝑦 = 𝐹𝐻𝑀𝐹 ⊙ 𝑠0                                                                          (8) 

  𝑥 = 𝐹𝐻𝑀𝑝 ⊙ 𝑠0                                                                          (9) 

where H is the Hermitian transpose operation,  ⊙ denotes element-wise multiplication, and 𝐹𝐻 is an 

orthonormal 2D IFFT operator, such that 𝐹𝐻𝐹 = 𝐼. Fig 3.1 is shown the under-sample method.  

 

Fig. 3. 1. Under-sampling artifacts 

3.2 Network Architecture 

In GAN, there are two networks, a generator G and a discriminator D. The generator can generate high 

perceptual quality images according to the discriminator, which is a very good classifier to separate realistic 

and generated images, as network shown in fig 3.2. 

 Our objective is to train generator G, which can transform any aliased image = 𝐹𝐻𝑀𝑝 ⊙ 𝑠0 , where 𝑀𝑝 ⊙

𝑠0  is the collection of under-sampled k-space data, to a fully-reconstructed image 𝑥 = 𝐺𝜃𝐺
(𝑥). The fully-

reconstructed image 𝑥 is indistinguishable from all images = 𝐹𝐻𝑀𝐹 ⊙ 𝑠0 , reconstructed from full k-space 

data. To accomplish this aim, a discriminator D is attached to distinguish whether the image is synthetically 

generated from 𝑥 by G (which is considered fake) or is reconstructed from fully-sampled k-space data 

(which is considered real). GAN can be formulated mathematically as a minimax game between the 
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generator 𝐺𝜃𝐺
(𝑥) : 𝑥 →𝑥 and the discriminator 𝐷𝜃𝐷

→ [0,1] (0 is fake, 1 is real). This training process is 

parameterized by 𝜃𝐺 and 𝜃𝐷 as following: 

min
𝐺

max
𝐷

𝑉(𝐷, 𝐺) = 𝔼𝑦~𝑝𝑑𝑎𝑡𝑎(𝑦) [𝑙𝑜𝑔 (𝐷𝜃𝐷
(𝑦))] + 𝔼𝑥~𝑝𝑥(𝑥) [log (1 − 𝐷𝜃𝐷

(𝐺𝜃𝐺
(𝑥)))]                 (10) 

where 𝑥 , 𝑦 are respectively aliased images and high-quality images, and 𝔼 is the expectation of the D’s 

positive outputs. The general idea behind this formulation is that it allows one to train a generative model 

G with the goal of fooling a differentiable discriminator D that is trained to distinguish high-quality images 

from real images.  

We have two steps during the each training epoch. First step is to train D. The objective function for D can 

be interpreted as maximizing the log-likelihood for estimating the conditional probability, where the image 

comes from: 𝐷𝜃𝐷
(�̂�) = 𝐷𝜃𝐷

(𝐺𝜃𝐺
(𝑥)) → 0  (fake), and 𝐷𝜃𝐷

(𝑦) → 1   (real). Second step is to train G, 

generator G is trained to generate images 𝑥 = 𝐺𝜃𝐺
(𝑥)  look similar to the images 𝑦 . In other words, 

generator G is trained to minimize[log (1 − 𝐷𝜃𝐷
(𝐺𝜃𝐺

(𝑥)))  ]. With this approach our generator can learn 

to create solutions that are highly similar to real images and thus difficult to classify by D.  

 

Fig. 3. 2. GAN network 

3.2.1 Generator 

Generator is a deep CNN in our work. Many studies shows that CNN, is already capable of capturing image 

features and restoring super-resolution images, outperforming other state-of-art techniques. But further 

improvement of the network performance is required to make use of a deeper model to catch more complex 

information in MRI reconstruction process. However, the memory consumption increases dramatically as 

the number of layers increases, which makes it not feasible to train or deploy a deeper CNN. 

To address this problem, we propose a ResNet structure. Inspired by Johnsonetal. [13] we employ the block 

layout proposed by Gross and Wilber [38]. The generator aims to generate the ground-truth images from 

the complex-valued aliased ones using a deep residual network (ResNet) with skip connections, with 

refinement to ensure it is consistent with measurement (data consistency). At the core of our very deep 

generator network G, which is illustrated in Figure 3.3 are B (B=16) residual blocks with identical layout. 

Specifically, we use two convolutional layers with small 3×3 kernels and 64 feature maps followed by 

batch-normalization layers [22] and ParametricReLU [39] as the activation function. After every 

convolutional layer, padding the output to the same size.  
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Fig. 3. 3. Generator structure 

Instead of using full size image, we using patch size for training. In our approach, we propose to use patch-

wise data instead of image slices or pixel-wise as the input. This has three major advantages to use patches 

instead of whole image: Firstly, it modifies the data distribution. For a given MRI image slice, there is a 

significant imbalance between pixels that represent normal tissues compared to those of lesions since acute 

ischemic lesions occur locally. The signals representing lesions are as weak as those representing noise and 

artefacts among the whole data distribution. However, the lesion signals can be apparent among the data 

distribution based on image patches. Secondly, a large number of patches can be extracted from image, 

which is a fundamental requirement for CNN training. In contrast, if the training data is based on image, 

there is only limited number of candidates available. Finally, as image patches are smaller than image slices, 

the batch size in training can be larger, which makes the training more efficient.  

3.2.2 Discriminator 

To discriminate real high-quality images from fully-reconstructed samples we train a discriminator network. 

The architecture is shown in Figure 3.4. We follow the architectural guidelines summarized by [13] and 

use LeakyReLU activation (α = 0.2) and avoid max-pooling throughout the network. The discriminator 

network is trained to solve the maximization problem in Equation (10). It contains eight convolutional 

layers with an increasing number of 3 × 3 filter kernels, increasing by a factor of 2 from 64 to 512 kernels. 

Strided convolutions are used to reduce the image resolution each time the number of features is doubled. 

The resulting 512 feature maps are followed by two dense layers (Fully Connection layer) and a final 

sigmoid activation function to obtain a probability for sample classification. 

 

Fig. 3. 4. Discriminator structure 
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3.3 Loss function 

A very critical point when designing a GAN is the definition of the loss function. Many methods have been 

proposed recently to stabilize the training and improve the quality of the synthesized images. According to 

the equation (10), we designed two loss, discriminator loss and generator loss, for network G and D. 

Discriminator loss: 

𝑙𝑜𝑠𝑠𝐷 = ∑ 𝑙𝑜𝑔 (𝐷𝜃𝐷
(𝑦𝑖)) + log (1 − 𝐷𝜃𝐷

(𝐺𝜃𝐺
(𝑥𝑖)))𝑛

𝑖=1                                 (11) 

where n is the number of training samples,  𝑦𝑖   the ground truth image, and 𝑥𝑖  the corresponding 

undersampled k-space data. 𝐷𝜃𝐷
(𝐺𝜃𝐺

(𝑥𝑖)) is the probability that the reconstructed image is a ground truth 

image. The discriminator is trained to distinguish the reconstructed image and ground truth image through 

maximizing 𝑙𝑜𝑠𝑠𝐷. 

Generator loss: 

The loss function used for the generator is a combination of a content term and an adversarial term:  

 𝑙𝑜𝑠𝑠𝐺 = 𝑙𝑜𝑠𝑠𝑐𝑜𝑛𝑡 + 𝜆𝑙𝑜𝑠𝑠𝑎𝑑𝑣                                                             (12) 

where λ is a hyperparameter that we set to 0.001 during the training. The generator is trained to produce a 

reconstruction image that can fool D through minimizing the 𝑙𝑜𝑠𝑠𝐺. 

3.3.1 Content loss 

(1) MSE 

The pixel-wise MSE loss is calculated as: 

𝑙𝑜𝑠𝑠𝑐𝑜𝑛𝑡
𝑀𝑆𝐸 =

1

𝑛
∑ ‖𝐺𝜃𝐺

(𝑥𝑖) − 𝑦𝑖‖
2

 𝑛
𝑖=1                                                (13) 

where n is the number of training samples,  𝑦𝑖   the ground truth image, and 𝑥𝑖  the corresponding 

undersampled k-space data. This is the most widely used optimization target for image SR on which many 

state-of-the-art approaches rely [19]. However, while achieving particularly high PSNR, solutions of MSE 

optimization problems often lack high frequency content which results in perceptually unsatisfying 

solutions with overly smooth textures. 

(2) Feature loss 

The ability of MSE (and PSNR) to capture perceptually relevant differences, such as high texture detail, is 

very limited as they are defined based on pixel-wise image differences. Instead of relying on pixel-wise 

losses we build on the ideas of VGG[40] and use a loss function that is closer to perceptual similarity. We 

define the feature loss based on the ReLU activation layers of the pre-trained 19 layer VGG network 

described in [41]. With ∅𝑖′,𝑗′we indicate the feature map obtained by the 𝑗′-th convolution (after activation) 

before the 𝑖′-th maxpooling layer within the VGG19 network, which we consider given. In this work, the 

VGG network was pretrained on ImageNet and use the ∅4,5 as the feature map. We then define the VGG 
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loss as the euclidean distance between the feature representation so fare constructed image 𝐺𝜃𝐺
(𝑥𝑖) and the 

reference image 𝑦𝑖: 

𝑙𝑜𝑠𝑠𝑐𝑜𝑛𝑡
𝑓𝑒𝑎𝑡𝑢𝑟𝑒

=
1

𝑛
∑ ‖∅𝑖′,𝑗′𝐺𝜃𝐺

(𝑥𝑖) − ∅𝑖′,𝑗′𝑦𝑖‖
2

 𝑛
𝑖=1                                            (13) 

In this method, ∅𝑖′,𝑗′𝐺𝜃𝐺
(𝑥𝑖) is the feature map of super resolution image after generator, ∅𝑖′,𝑗′𝑦𝑖 is the 

feature map of high resolution ground truth. Method is shown in fig 3.5. 

 

Fig. 3. 5. Perceptual  method 

(3) Hybrid loss 

Compared with the traditional loss which can reconstruct an average smooth images, feature loss can show 

a sharper output and recover more local image structures and details. However, at the same time, the feature 

loss will also accidentally recover hallucinate as details which can work well on natural images but limited 

for medical images.  

In order to improve the perceptual quality of our reconstruction, a hybrid loss was designed for the training 

of the generator. This loss consisted of two parts, a pixel-wise mean square error (MSE) loss and a 

perceptual VGG loss.  

𝑙𝑜𝑠𝑠𝑐𝑜𝑛𝑡
ℎ𝑦𝑏𝑟𝑖𝑑

= 𝛼𝑙𝑜𝑠𝑠𝑐𝑜𝑛𝑡
𝑀𝑆𝐸 + 𝛽𝑙𝑜𝑠𝑠𝑐𝑜𝑛𝑡

𝑓𝑒𝑎𝑡𝑢𝑟𝑒
                                            (14) 

where 𝛼 + 𝛽 ≈ 1.  

3.3.2 Adversial loss 

The term 𝑙𝑜𝑠𝑠𝑎𝑑𝑣 is defined based on the probabilities of the discriminator D over all training datasets as  

 𝑙𝑜𝑠𝑠𝑎𝑑𝑣 = ∑ log (1 − 𝐷𝜃𝐷
(𝐺𝜃𝐺

(𝑥𝑖)))𝑛
𝑖=1                                                (15) 



16 
 

where n is the number of training samples,  𝑥𝑖  the corresponding undersampled k-space data, 

𝐷𝜃𝐷
(𝐺𝜃𝐺

(𝑥𝑖))  is the probability that the reconstructed image is a ground truth image. 
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CHAPTER 4 RESULT AND DISCUSSION 

4.1 Dataset and training detail 

100 subjects were randomly selected from the Osteoarthritis Initiative (OAI) (SAG IW TSE with fat 

suppression, TR/TE=3200/30ms, resolution 0.5mm * 0.36mm * 3mm, mixture of radiographic KL grades) 

as our training data. Among these data, 80% (2000 images) were used for training and 20% (500 images) 

were for testing the network with different loss functions respectively. 2D Poisson random sampling pattern 

was used with an acceleration factor of 4, 6, 8. For fair comparison, we used the same number if epochs for 

training which takes around 1 day.  

Every image is 444x448. For each mini-batch we crop 16 random 96 × 96 HR sub images of distinct training 

images. All SRGAN variants were trained with 105 update iterations at a learning rate of 10−4. VGG 

feature maps were also rescaled by a factor of 1/12.75 to obtain VGG losses of a scale that is comparable 

to the MSE loss. This is equivalent to multiplying Equation (13) with a rescaling factor of ≈ 0.006. For 

optimization we use Adam [40] with β1 = 0.9. Our generator network has 16 identical (B = 16) residual 

blocks. Optimize the 𝛼, 𝛽 in equation (14). In our work, we use 𝛼 ≈ 0.5, 𝛽 ≈ 0.5. 

The hardware specification is CPU i7-8700K (6 cores 12 threads @4.7GHz); Memory 64 GB; GPU 2x 

NVIDIA GTX 1080Ti. 

4.2 Result and discussion 

Figure 4.1 shows the comparison of the reconstructions using different loss functions on GAN. We also use 

quantitatively method named normalized mean squared error (NMSE) and peak signal to noise ratio (PSNR) 

to evaluate the results.  

NMSE(𝐼𝑟𝑒𝑐𝑜𝑛, 𝐼𝑟𝑒𝑓) = 
‖𝐼𝑟𝑒𝑐𝑜𝑛−𝐼𝑟𝑒𝑓‖

2

2

‖𝐼𝑟𝑒𝑓‖
2

2                                                 (16) 

PSNR((𝐼𝑟𝑒𝑐𝑜𝑛, 𝐼𝑟𝑒𝑓)=10·𝑙𝑜𝑔10(
𝑀𝐴𝑋𝐼

2

MSE(𝐼𝑟𝑒𝑐𝑜𝑛,𝐼𝑟𝑒𝑓)
)                                               (17) 

Where 𝐼𝑟𝑒𝑓  represents the normalized reference image,  𝐼𝑟𝑒𝑐𝑜𝑛  represents the normalized reconstruction 

image. 𝑀𝐴𝑋𝐼  is the maximum fluctuation in the input image data type. For example, if the input image 

has a double-precision floating-point data type, then 𝑀𝐴𝑋𝐼  is 1. If it has an 8-bit unsigned integer data 

type, 𝑀𝐴𝑋𝐼  is 255. 

The reconstruction using the proposed hybrid loss function has the least artifacts with sharp edges. In 

contrast, the reconstruction using feature-based loss function has artifacts although it looks sharper with 

better contrast. The reconstruction using the traditional MSE loss is mostly accurate but loses resolution at 

edges. The corresponding PSNR are shown on the bottom left of each image. It can be seen that the 

proposed loss function has the highest PSNR. Figure 4.2 shows the error images using three different loss 

functions. It is seen that the hybrid loss has the smallest NMSE and the difference from the ground truth 

image is almost negligible. It is also worth noting that the result depends to some extent on the training 

datasets. 
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Fig. 4. 1. Comparison of the reconstructions using different loss functions on GAN. 

RF=4 
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RF=8 

Fig. 4. 2. Error images using three different loss functions. 
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CHAPTER 5 CONCLUSION 

In this study, we propose a novel reconstruction method to achieve spatial resolution enhancement for the 

knee MRI images without introducing unrealistic textures. The merits of our work are threefold: (1) A deep 

GAN which included Generator and Discriminator has been developed to focus on the photo-realistic knee 

image. (2) We propose a hybrid loss function using both traditional and feature-based loss functions to 

obtain the merits of both for GAN-based image reconstruction. (3) Optimize the parameter, evaluate the 

result based on different loss function. Experimental results show that our proposed loss function is able to 

reconstruct images superior to those reconstructed with the traditional and feature-based loss functions. The 

proposed method can achieve perceptually realistic high-quality results for knee MRI images.  

In the future work, we may choose different tissues and organs of MRI datasets (cartilage thickness and 

composition) to evaluate them performance on this GAN-based model. Therefore, we can try some GAN-

based method to constrain the deep network to focus on the lesion ROIs, which does not only imitate the 

clinicians’ scrutinization procedure.   
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