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ABSTRACT 

 

Arterial spin labeling (ASL) perfusion Magnetic Resonance Imaging (MRI) is a 

noninvasive technique for measuring quantitative cerebral blood flow (CBF) but subject to 

an inherently low signal-to-noise-ratio (SNR), resulting in a big challenge for data 

processing. Traditional post-processing methods have been proposed to reduce artifacts, 

suppress non-local noise, and remove outliers. However, these methods are based on either 

implicit or explicit models of the data, which may not be accurate and may change across 

subjects. Deep learning (DL) is an emerging machine learning technique that can learn a 

transform function from acquired data without using any explicit hypothesis about that 

function. Such flexibility may be particularly beneficial for ASL denoising. In this 

dissertation, three different machine learning-based methods are proposed to improve the 

image quality of ASL MRI: 1) a learning-from-noise method, which does not require noise-

free references for DL training, was proposed for DL-based ASL denoising and BOLD-to-

ASL prediction; 2) a novel deep learning neural network that combines dilated convolution 

and wide activation residual blocks was proposed to improve the image quality of ASL 

CBF while reducing ASL acquisition time; 3) a prior-guided and slice-wise adaptive outlier 

cleaning algorithm was developed for ASL MRI. 

In the first part of this dissertation, a learning-from-noise method is proposed for DL-based 

method for ASL denoising. The proposed learning-from-noise method shows that DL-

based ASL denoising models can be trained using only noisy image pairs, without any 

deliberate post-processing for obtaining the quasi-noise-free reference during the training 

process. This learning-from-noise method can also be applied to DL-based ASL perfusion 
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prediction from BOLD fMRI as ASL references are extremely noisy in this BOLD-to-ASL 

prediction. Experimental results demonstrate that this learning-from-noise method can 

reliably denoise ASL MRI and predict ASL perfusion from BOLD fMRI, result in 

improved signal-to-noise-ration (SNR) of ASL MRI. Moreover, by using this method, 

more training data can be generated, as it requires fewer samples to generate quasi-noise-

free references, which is particularly useful when ASL CBF data are limited. 

In the second part of this dissertation, we propose a novel deep learning neural network, 

i.e., Dilated Wide Activation Network (DWAN), that is optimized for ASL denoising. Our 

method presents two novelties: first, we incorporated the wide activation residual blocks 

with a dilated convolution neural network to achieve improved denoising performance in 

term of several quantitative and qualitative measurements; second, we evaluated our 

proposed model given different inputs and references to show that our denoising model can 

be generalized to input with different levels of SNR and yields images with better quality 

than other methods. 

In the final part of this dissertation, a prior-guided and slice-wise adaptive outlier cleaning 

(PAOCSL) method is proposed to improve the original Adaptive Outlier Cleaning (AOC) 

method. Prior information guided reference CBF maps are used to avoid bias from extreme 

outliers in the early iterations of outlier cleaning, ensuring correct identification of the true 

outliers. Slice-wise outlier rejection is adapted to reserve slices with CBF values in the 

reasonable range even they are within the outlier volumes. Experimental results show that 

the proposed outlier cleaning method improves both CBF quantification quality and CBF 

measurement stability.  
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CHAPTER 1  

INTRODUCTION 

 

Analysis of human brain activity has drawn enormous attention from both clinical and 

scientific research. Many technologies have been invented to analyze brain activities, 

including electroencephalogram (EEG), positron emission tomography (PET), and 

functional Magnetic Resonance Imaging (fMRI). With the help of these technologies, brain 

activity can be detected and analyzed based on different signal processing techniques: EEG 

monitors brain activity by measuring voltage changes from ionic current produced by 

neurons inside the brain. EEG has the highest temporal resolution, but the lowest spatial 

resolution compared with other methods. It is difficult for EEG to locate the signal source 

as it can only measure electrical activity at the surface of the brain, while not able to locate 

the signal inside the brain. Positron-emission tomography (PET) measures brain activity 

by detecting high radioactivity areas of the brain using a radioactive tracer. PET has higher 

spatial resolution than EEG, but it requires a radioactive tracer to measure CBF, which can 

cause safety concerns to healthy subjects. Functional Magnetic Resonance Imaging (fMRI) 

detects brain activity by measuring cerebral blood flow (CBF) or metabolism using strong 

magnetic field and radiofrequency pulses. FMRI is safe, non-invasive, and offers the 

highest spatial resolution compared to other technologies. Since the invention of fMRI, it 

has become one of the most popular tools in human brain mapping research [1] [2]. Table 

1.1 shows a summary of the spatial and temporal resolution of each technology. 
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Table 1.1. the summary of the spatial and temporal resolution of EEG, PET and fMRI. 

Technology EEG PET fMRI 

Temporal Resolution 10-3 to 1 sec 0.37 to 5 sec  1 to 3 sec 

Spatial Resolution 1-5 cm 0.5 to 7.5 cm 3 to 5 mm 

 

FMRI is simply MRI scanning that reflects tissue function rather than tissue 

structure. The signal induced by tissue function can be attributed to metabolism or blood 

flow. Typically, such a signal is only a few percent of overall signal intensity.  Acquiring 

such a signal reliably in high resolution and a short amount of time is the major goal of 

current fMRI techniques. Currently, there are two type of fMRI techniques: (1) Blood-

Oxygenation-Level-Dependent (BOLD) fMRI [1] and (2) Arterial Spin Labeling (ASL) 

perfusion MRI [2]. BOLD fMRI offers higher spatial and temporal resolution than ASL 

perfusion MRI but is only a relative measurement and fluctuates artifactually over space 

and time. Different anatomical parameters (e.g. vessel size and orientation), physiological 

parameters (e.g. oxygenation level and blood volume), and magnetic resonance-related 

parameters (e.g. magnetic field and echo time) can affect BOLD signals [3]. Thus, BOLD 

signal is not comparable across different brain regions and subjects, let alone between 

healthy subjects and patients. Besides, it is also not suitable for longitudinal studies due to 

large variations of BOLD signal changes.  The most common practice for BOLD fMRI 

study is to compare BOLD signals across different tasks in the same brain regions. 
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(A) (B) 

(C) 

 

Figure 1.1: A demonstration of (A) a single MRI scan; (B) a single BOLD fMRI scan; and 

(C) an CBF map generated from ASL MRI scan. They are obtained at the same axial slice 

from one representative subject. An MRI scan only shows anatomical structure information 

while BOLD fMRI and ASL CBF show the metabolic activity within the anatomical 

structure. MRI has higher spatial resolution but lower temporal resolution than BOLD 

fMRI and ASL MRI. ASL CBF offers quantitative measurement, in which the intensity of 

a voxel is in a physical unit of ml/100g/min. BOLD fMRI has higher spatial and temporal 

resolution than ASL MRI but is a relative measurement. 

In contrast, the disadvantages of BOLD fMRI can be overcome using ASL 

perfusion MRI techniques. ASL perfusion MRI can quantitatively measure the Cerebral 

Blood Flow (CBF) in a physical unit of ml/100g/min. The quantitative nature of ASL MRI 

makes it independent to imaging parameters and magnetic field. Therefore, ASL perfusion 

fMRI is very useful for cross-sectional and longitudinal studies [4] [5]. In addition, ASL 

MRI measures signals from the capillary bed, which is potentially more accurate for 

localizing brain functional activation than BOLD fMRI as BOLD signal is mainly 

contributed by oxygen level change in venous vessels rather than the neural activation site 

[4] [5]. Despite its advantages, ASL perfusion MRI is less popular because it has lower 
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signal-to-noise ratio (SNR), poorer temporal resolution and is more difficult to implement 

than BOLD fMRI [4]. Among the limitations of ASL perfusion MRI, the low SNR is the 

most critical one. In order to improve the SNR and get reliable perfusion measurements, 

repeated ASL scans are required. By averaging numerous repeated ASL scans, noises are 

suppressed, and signals are enhanced. However, repeated ASL scans result in impractical 

long scanning time and increased susceptibility to motion artifacts [6] [7]. 

To improve the SNR and reduce the number of repeated ASL scans, a number of 

post-processing methods have been proposed, including ASL MRI specific motion 

correction [8], physiological noise correction [9], and spatial noise reduction [10] [11] [12]. 

Advanced methods have also been published to suppress non-local noise [13] and spatio-

temporal noise [14] [6] [15] [16]. Though these methods improved SNR of ASL MRI, they 

are based on either implicit or explicit models about the data, which may not be accurate 

and may change across subjects. 

Machine learning, especially one of its branches, Deep Learning (DL), is now 

dominating nearly every field it has reached such as image classification, computer vision, 

auditory processing, information generation, and translational research [21,29,30,35,36]. 

Deep learning is an emerging machine learning technique that can learn a transform 

function from acquired data without using any explicit hypothesis about that function. Such 

flexibility is particularly beneficial for ASL perfusion MRI signal processing. Encouraged 

by the outstanding performance as listed above, machine learning and deep learning have 

been introduced into ASL signal processing, including adaptive outlier cleaning [17] [18] 

[19] [20], ASL denoising [21] [22] [23], and ASL quantification [15]. However, current 
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machine learning-based ASL signal processing has several limitations that are discussed in 

the next section. 

1.1 Major Challenges 

One major limit for DL-based ASL denoising is that there is no noise-free groundtruth 

image as training reference. When training a Deep Learning Neural Network (DLNN) for 

image denoising, noise-free images were required as reference images for training. There 

are abundant noise-free images in natural image denoising domain, but for ASL MRI, no 

noise-free images can be obtained as ASL MRI scans have intrinsically low SNR. By 

averaging of repeated ASL MRI scans and deliberate post-processing, quasi-noise-free 

reference can be obtained for training. However, quasi-noise-free reference is still of low 

SNR and may affect the performance of trained DLNN, as it may introduce artifacts during 

training. Besides, obtaining quasi-noise-free reference is time-consuming and reduces the 

number of available training samples significantly. 

In addition, current network architectures for DL-based ASL MRI denoising 

methods, such as residual network [22] and Dilated Network [21], were not optimized for 

image denoising. These networks were originally proposed for high-level vision tasks such 

as image segmentation and classification [24] [25] [26]. Applying these architectures 

directly to low-level vision tasks such as denoising and super-resolution can be suboptimal 

[27] [28]. Furthermore, current studies [22] [21] are only trained on the limited size of in 

vivo dataset with limited validation. The fidelity and generalization ability of DL-based 

ASL denoising on in vivo dataset is yet examined thoroughly.  

One of the other challenges in ASL perfusion MRI signal processing is in ASL 

adaptive outlier cleaning. During the pairwise subtraction process to extract CBF map from 
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ASL MRI scan, extreme outliers may be introduced due to low signal-to-noise-ratio (SNR) 

and unavoidable head motions. Thus, removing outliers is a very important step in the post-

processing pipeline for ASL MRI. Current state-of-art Adaptive outlier cleaning (AOC) 

methods [18] has two issues: one is that current AOC methods discard whole outlier 

volumes (3D images) without considering whether they contain non-outlier slices (2D 

images) or not. Discarding the entire volume reduces the sample size and the SNR for non-

outlier voxels. The other is that current AOC methods did not consider prior information 

(such as anatomical structure information) about CBF distribution.  

1.2 Research Objectives 

The main focus of this dissertation was to develop machine learning-based methods to 

overcome the major challenges mentioned in section 1.1, improving SNR of ASL MRI and 

reducing ASL MRI acquisition time. We proposed three methods to address these 

challenges, respectively. First, we proposed a learning-from-noise method to address the 

lack of noise-free reference images problem. Second, we proposed a novel deep learning 

neural network that is optimized for ASL image denoising. Third, a prior-guided adaptive 

outlier cleaning algorithm was proposed for ASL MRI post-processing. In what follows, 

we give a brief overview of these proposed methods. 

1.2.1 A Learning-From-Noise Method for ASL Denoising And Prediction 

In Chapter 3, a learning-from-noise method is proposed to show that DL-based ASL 

denoising (ASLDN) models can be trained using only noisy image pairs. The proposed 

method does not require any quasi-noise-free reference during the training process. We 

dub this new method as ASLDN-LFN (learning-from-noise). This method can be applied 



7 
 

to denoising ASL images directly. Experimental results show that ASLDN-LFN can 

reliably denoise ASL images and achieve improved SNR than ASLDN. Moreover, by 

using ASLDN-LFN, more training data can be generated as it requires less ASL MRI scans 

to generate reference mean ASL CBF maps, which is particularly useful when ASL CBF 

data are limited.  

In addition, ASLDN-LFN can also be applied to predict ASL CBF maps directly 

from BOLD fMRI. BOLD fMRI offers higher spatial and temporal resolution than ASL 

MRI while ASL MRI offers quantitative measurement. It would be ideal if we can extract 

quantitative ASL CBF maps and obtain high SNR and temporal resolution from BOLD 

fMRI. However, predicting ASL CBF is a challenging task as a single ASL CBF image 

has very low SNR, which makes it unsuitable to be used as a training reference. ASLDN-

LFN shows it is feasible to use a DL model to achieve this goal as the training process of 

DL model converge to mean or median of ASL CBF maps. 

1.2.2 Dilated Wide Activation Network-based ASL Denoising 

In chapter 4, we proposed a novel DL model that optimized for ASL denoising. Our 

proposed method presents two novelties. first, we incorporated wide activation residual 

blocks [28] with a Dilated Convolution Neural Network (DilatedNet) [25] to achieve 

improved denoising performance in term of several quantitative and qualitative 

measurements; second, we evaluated our proposed model given different inputs and 

references to show that ASLDN denoising model can be generalized to input with different 

levels of SNR and yielded images with better quality than other methods. 

1.2.3 Prior-Guided and Slice-Wise Adaptive Outlier Cleaning For ASL 
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In chapter 5, a prior-guided and slice-wise AOC method was proposed to address the 

limitations of current AOC methods. First, we adopt anatomical structure information as 

prior information and use it to guide the outliers cleaning method in early iterations. 

Second, we reject outliers slice-wise instead of volume-wise, which saves non-outlier slices 

from the outlier volume and improves the SNR for non-outlier voxels. Compared with 

current outlier cleaning methods, the proposed method showed both improved CBF 

quantification quality and CBF measurement stability. 

1.3 Contributions 

Contributions have been made in the following aspects: 

• This is the first known attempt to use the learning-from-noise method for DL-based 

ASL denoising and prediction, which does not require any noise-free reference 

images, improving SNR and increasing training data samples.  

• This is the first study to extract quantitative CBF from BOLD fMRI using deep 

learning, improving the SNR and temporal resolution of ASL CBF. 

• A new CNN architecture that is optimized for image denoising was developed. The 

method achieves better ASL image quality than current DL-based ASL denoising 

and reduces ASL acquisition time by 75%. We tested generalizability of our model 

on a large in vivo dataset with different input noise levels. 

• A prior-guided and slice-wise adaptive outlier cleaning method was proposed to 

improve CBF quantification quality. 

1.4 Organization of this Dissertation 
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The rest of this dissertation is organized as follows: chapter 2 introduces the necessary 

background of fMRI and deep learning and reviewes related works in machine learning-

based ASL signal processing. The proposed learning-from-noise ASL signal processing 

method and its applications are described in Chapter 3. Chapter 4 presents a new DL model 

that is optimized for ASL denoising and extensive validation on large in vivo dataset. A 

prior-guided slice-wise adaptive outlier cleaning method is proposed in Chapter 5. 

Conclusions and future works are discussed in Chapter 6. 
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CHAPTER 2  

BACKGROUND AND RELATED WORKS 

 

In this chapter, a brief overview of fMRI and deep learning is provided. In addition, we 

review related works in ASL MRI signal processing. 

2.1 Functional MRI 

Both MRI and fMRI are primarily measuring signals from protons (H) on water molecules 

(H2O). Due to different imaging techniques and parameters, MRI shows the anatomical 

structure while functional MRI (fMRI) shows the tissue function. FMRI signal in each 

voxel is an accumulation of signals from extravascular tissue, intravascular arterial blood, 

intravascular venous blood, and cerebrospinal fluid. Their relative contributions to the 

fMRI signal are weighted by different imaging techniques and parameters. Typically, the 

BOLD signal is 0.5 - 5% of the total signal intensity while the ASL perfusion signal is 

about one percent of the total signal intensity [4] [5][16].  

FMRI detects tissue function using either Blood-oxygenation-level-dependent 

(BOLD) contrast or Arterial Spin Labeling (ASL) perfusion contrast. The BOLD fMRI 

was first invented by Seiji Ogawa et al. [1] in 1990. This technique detects tissue function 

activation by measuring the oxygenation level in venules [29], i.e., the relative level of 

oxyhemoglobin and deoxyhemoglobin in venules (As illustrated in Figure 2.1). When 

neurons are in resting states, the relative level of oxyhemoglobin is low in venules. When 

neurons are in stimulated states, the relative level of oxyhemoglobin in venules increases. 

The difference in magnetic properties of oxyhemoglobin and deoxyhemoglobin can be 

detected by BOLD fMRI, producing an effective map of active and inactive areas of a brain. 
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BOLD fMRI has higher spatiotemporal resolution and is easier to implement, making it a 

more popular fMRI technique than ASL perfusion MRI [4]. However, BOLD fMRI is only 

a relative measurement as it is sensitive to physiological parameters, anatomical parameters, 

and magnetic resonance-related parameters, which might not be suitable for cross-sectional 

study or longitudinal study. Besides, there is also a concern about BOLD fMRI localization 

accuracy. The goal of fMRI is to measure intravascular signals from capillary beds as 

capillary beds are close to neuronal activation sites. But BOLD signals are mainly from 

venules, which might affect localization accuracy.   

 

Figure 2.1: Illustration of hemodynamic process. When neurons are in resting states, the 

relative level of oxyhemoglobin is low in venules. When neurons are in a stimulated state, 

the vessel size, blood flow and the relative level of oxyhemoglobin in venules increases. 

HbO2 = oxyhemoglobin, dHb = deoxyhemoglobin. 

 

Arterial spin labeling (ASL) measures cerebral blood flow (CBF) quantitatively by 

magnetically labeling blood water as it flows throughout the brain [2] [30].  ASL CBF is a 

quantitative measurement that has a physical meaning, which is defined as an amount of 

blood moving into capillaries within 100g tissue per minute (unit ml /100 g / min]). Based 
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on the hemodynamic response, when the neural activity in certain areas increases, the CBF 

in that area increases. Thus, a change in CBF is a good indicator of neural activity. 

The process of ASL perfusion MRI scan is as follows: (1) arterial blood water is 

labeled with radiofrequency (RF) pulses in locations proximal to the tissue of interest; (2) 

a spin labeled image is acquired after the labeled blood water reaches the imaging place 

and perfuse into brain tissue. It not only has CBF perfusion-weighted signal but also 

background tissue signals; (3) To remove the background tissue signal, a control image 

without perfusion-weighted signal is also acquired using the same ASL technique but 

without labeling of flowing blood; (4) A perfusion-weighted image is subsequently 

determined by pair-wise subtraction of the spin labeled image (the label image or L image) 

and the spin untagged image (the control image or C image); (5) then, the perfusion-

weighted image is converted into the quantitative CBF map in a unit of ml/100 g/min [7].  

Limited by the longitudinal relaxation rate (T1) of blood water, labeling efficiency, 

and the post-labeling delay, the labeled blood signal is about one percent of total signal 

intensity, resulting in a very low SNR [31]. Thus, many pairs of L/C images are often 

acquired to improve the SNR of the mean perfusion map (as illustrated in Figure 2.2). 

Because the total scan time is often around 3-5 mins, only 10-50 L/C pairs can be acquired, 

resulting in a modest SNR improvement by averaging across the limited number of 

measurements. It should be noted that even for the best research subjects, head motion will 

occur during the scan (e.g. due to swallowing) [3].  Head motion will significantly affect 

the pair-wise subtraction results, introducing excess outliers and noises to ASL CBF. Thus, 

shorter scanning time is preferred. 
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Figure 2.2: An example of the ASL acquisition process. In an ASL MRI scan, multiple 

pairs of label and control images were acquired. Perfusion-weighted image is obtained by 

pair-wise subtraction and is subsequently quantified to CBF map in a unit of ml/100 g/min. 

By averaging a series of CBF maps, moderate noises were removed in the mean CBF map. 

2.2 Deep Learning 

Deep learning (DL) is a subtype of machine learning (ML) algorithms [32] which has made 

widespread impact on nearly every research field it has been applied (from image 

classification [33] [34], video recognition [35] [36] [37], voice recognition/generation [38] 

[39] [40] [41], medical image processing [42] [43] [44], to AlphaGo [45], AlphaGo Zero 

[46], etc.). The concept of DL can be traced back to the early 1980s [47], but only became 

practical until the advent of fast general-purpose graphics processors in the late 2000s [33] 

[48]. DL is now dominating nearly every field it has reached such as classification, 

computer vision, auditory processing, information generation, and translational research 

[34]  [42]  [43]  [49]  [50] [51]. Using hierarchical multiple layers (deep) of “neurons” (the 
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processing units) with a greedy layer-wise training, DL can reliably learn any nonlinear 

function from the sampled data [49] [52] [9] [32]. Encouraged by the outstanding 

performance as listed above, DL has been introduced into many medical imaging 

processing fields, including image segmentation [43] [42], image reconstructions [53] [54], 

image synthesis [55] [56] [57] [58], etc.  

The most popular DL based denoising approach is based on convolutional neural 

networks (CNNs) [34]. CNNs learn a hierarchy of features by a series of convolution, 

feature pooling, and non-linear activation operations, presenting high flexibility and 

capability for learning distributions or manifold of images [59]. CNN achieves tremendous 

success in both high-level computer vision tasks such as image classification [34] [36], 

object detection [26] and low-level computer vision tasks such as image denoising and 

image super-resolution [28]. A typical CNN for high-level computer vision tasks contains 

four types of layers: convolution layers, activation layer, sub-sampling layers, and fully 

connected layers. Convolution layers are used to extract features while the activation layer 

provides non-linearity to the network. Sub-sampling layers are used to reduce the size of 

the input and extract dominant features. Fully connected layers are used for high-level 

reasoning, which is necessary for classification tasks. An introduction to each type of layer 

is provided in the following paragraphs. 

 



15 
 

 

Figure 2.3: An example of a convolution operation. 

Convolution Layer: The convolution layer takes the convolution of the input 

image with the convolution kernel and generates the output. As Figure 2.3 shows, in the 

convolution layer, the top left matrix is the input matrix, which can be regarded as pixel 

values of a digital image, and the top right matrix is a convolution kernel. The convolution 

kernel is called filter and the output is called filter response or feature map. Each time a 

block of pixels is convolved with a filter and generates value in the filter response.  

Convolution kernels are learnable weights that are updated by the backpropagation 

algorithm during training. 

Activation Layer: the output of the convolution layer is further processed by the 

activation layer, which provides nonlinearity to the neural network. The activation function 

in the activation layer can be sigmoid, hyperbolic tangent (tanh), and Rectified Linear Unit 

(ReLU), etc. The Sigmoid function is defined as f(x) =
1

1+𝑒−𝑥, which bounds the output to 

(-1,1). Tanh is a variation of the sigmoid function. Sigmoid and tanh have two 

disadvantages when used as activation functions: 1) they both have exponential operations 

which is of high computational complexity 2) gradients of these functions tend to zero after 
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many layers of backpropagation, introducing vanishing gradient problems. These 

disadvantages make training a neural network difficult.  

Rectified Linear Unit (ReLU) is an activation function that was proposed to 

overcome the disadvantages mentioned above. ReLU is formulated as f(𝑥) =  max(0, 𝑥). 

It has very low computational complexity while provides nonlinearity to a neural network. 

Besides, the gradient of ReLU is also non-trival when the input x is larger than zero. Thus, 

ReLU not only provides nonlinearity and low computational complexity to a neural 

network but also eliminates vanishing gradient problems. It has become the most common 

activation function used in current CNN architectures. 

One problem of ReLU is that the gradient will become zero when the input x is 

smaller than zero, which cannot be updated by back-propagation. This is the so-called dead 

ReLU problem. To solve this problem, variations of ReLU, such as Leaky ReLU and 

Parametric ReLU (PReLU) [60], were proposed. Leaky ReLU is defined as f(𝑥) =

 max(𝛼𝑥, 𝑥), where α is a small constant value (typically 0.01). PReLU is also formulated 

as f(𝑥) =  max(𝛼𝑥, 𝑥) , while 𝛼  is a parameter updated by back-propagation. These 

variations allow a small gradient when input x negative, prevent dead ReLU problem. 
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Figure 2.4: The example of the pooling layer. 

Pooling layer: The pooling layer, or sub-sampling layer, is an important layer to a 

convolutional neural network.  The most used method for the pooling layer in image 

processing tasks is max-pooling. The max-pooling method is shown in Figure 2.4. The 

image is divided into blocks and the maximum value of each block is the corresponding 

pixel value of the output image. The reason to use the pooling layer is as follows: First, the 

pooling layer decreases the input matrix size, which reduces the computational power for 

processing the data. Second, a pooling layer extracts dominant features, making CNN 

invariant to small translation and rotation among the input pattern. 

Fully Connected Layer: When a CNN is trained for high-level vision tasks such 

as image classification or object detection, fully connected layers are stacked after 

convolution layers and pooling layers for high-level reasoning. Fully connected layers 

make the neural network fed forward into vectors with a predefined length. By doing so, 

we could fit the vector into certain categories for classification tasks or take it as a 

representation vector for further processing. A fully connected layer has connections to all 

activations in the previous layer. Each of their outputs is defined as z𝑗 =  𝒘𝑗
𝑇𝒙 + 𝑏, where 

𝒙 is the input vector, 𝑏 the is bias term, and 𝒘𝑗 is the learnable weight vector corresponding 

to 𝑗-th neuron and is updated by backpropagation.  

Up-sampling layer: The up-sampling layer is often used to recover resolution from 

max-pooling and other image down-sampling layers. The up-sampling layer is also used 

for image super-resolution tasks to improve the resolution of input images. The most 

common up-sampling layers are the deconvolution layer and sub-pixel convolution layers. 
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Deconvolution, or transposed convolution, can be regarded as a product between each input 

pixel and a filter element-wisely with stride r and add up the resulting output windows.  

Batch Normalization: Batch Normalization (BN) [61] is a strategy to accelerate 

the training process and improve the training accuracy. BN was designed to prevent 

internal covariance shift due to mini-batch stochastic gradient descent (SGD) which 

changes the distributions of internal non-linearity inputs during training. BN is motivated 

by the fact that data whitening process improves performance. First, BN normalizes the 

output of the previous layer (Conv or ReLU) with zero mean and unit variance within a 

batch of training images; Second, BN optimally shifts and scales these normalized 

activations. 

2.3 Related Works 

In this section, current machine learning-based ASL denoising methods are reviewed in 

section 2.3.1. and related outlier cleaning methods are reviewed in section 2.3.2. 

2.3.1 ASL Denoising 

Advanced methods have also been published to suppress non-local noise [13] and spatio-

temporal noise [14] [6] [15] [16]. Zhu et al. [49] used Robust principal component analysis 

to denoise the ASL CBF maps. The CBF images series were decomposed into two parts: a 

low-rank component which captures perfusion patterns; and a sparse component which 

captures spatially incoherent spiky variations. The sparse component was regarded as noise 

and was subsequently discarded. Wang [15] proposed to use Support Vector Machine 

(SVM) to suppress spatiotemporal noise during the CBF quantification process (dubbed as 

SVMASLQ). SVM was used to separate the label and control images of ASL MRI and 
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then the perfusion-weighted image was subsequently extracted from the multivariate SVM 

classifier.  Zhu et al. [16] further improved SVMASLQ by using a patch-wise classification 

kernel to separate local signal and noise variations. Image patches centered at each voxel 

were extracted from both the labeled images and controlled images, and then input into 

SVMASLQ to find the surrogate perfusion map. Though these methods improved SNR of 

ASL MRI, they are based on either implicit or explicit models about the data, which may 

not be accurate and may change across subjects. 

By contrast, DL-based denoising methods learn the denoising model directly from the 

noise-contaminated data. One journal paper [21], one conference paper [22], and a 

conference abstract [23] have been published in ASL denoising using DL. Kim et al. [21] 

published the first paper on this research topic. Their denoising CNNs consist of two 

parallel pathways to integrate the multiscale contextual information. As an initial study, 

the model was trained with a small dataset and the CNN architecture adapted therein was 

originally designed for image segmentation [62] [63], which may not be optimal for 

denoising. Ulas et al. [22] trained a deep learning model with a customized loss function 

based on the Buxton Kinectic model [64], but with a simple CNN architecture. Gong et al. 

[23] proposed a technique first using a multi-lateral guided filter to post-process input data, 

generating denoised ASL with different smoothing levels. Then they combined a stack of 

multi-contrast images as input to train a deep learning network for final CBF denoising. 

However, the multi-lateral filter is a local filter that cannot incorporate global information 

for denoising. Generating a stack of multi-contrast images could be time-consuming. While 

encouraging, these studies were all based on small sample sizes and used a standard CNN 

not specifically optimized for denoising. 
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2.3.2 Outlier Cleaning 

A series of ASL images are usually obtained to generate the mean perfusion map so that 

final CBF quantification can have higher SNR. However, a small number of outlier images 

can significantly affect the mean CBF map, causing signal loss or hyper-intensity areas. 

Various outlier cleaning methods have been proposed to identify and remove outliers. 

Wang et at. [65] identify outliers based on amplitude and successive differences of head 

motions as well as the mean and standard deviation of the whole brain CBF time series. 

Tan et al. [66] used the mean and standard deviation of each CBF volume to determine 

outlier volumes. Want et al. [17] proposed an adaptive outlier cleaning algorithm (AOC) 

based on the correlation between grey matter and CBF. Maumet et al. [67] estimated 

perfusion-weighted maps using Huber’s M-estimator that is robust to outliers.  A common 

issue of these methods is that the reference CBF map used for identifying outliers is the 

intermediate mean of the remaining CBF images, which may be initially contaminated by 

the outliers and will favor outliers and reject non-outliers. Another issue is that they discard 

the entire outlier volume even if the volume contains slices that are non-outlier. A third 

concern is that the rejection criterion is purely distance (or correlation) based. The method 

by Tan et al. [66] can reject outlier slices but the method is still subject to other concerns 

as listed above. Dolui et al. [18] improved AOC based on an empirical assumption of high 

correlations between outliers and the reference mean, but left the volume-wise rejection 

issue alone.  
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CHAPTER 3  

A LEARNING-FROM-NOISE DEEP LEARNING METHOD FOR 

ARTERIAL SPIN LABELING MRI DENOISING AND PREDICTION 

 

One major limit for DL-based ASL denoising is that there are no noise-free groundtruth 

images as training references. When training a DL model for image denoising, noise-free 

images were required as reference images for training. There are abundant noise-free 

images in the natural image denoising domain, but there is no noise-free image that can be 

obtained for ASL MRI as ASL scans have intrinsically low SNR. By averaging of repeated 

ASL scans and deliberate post-processing, quasi-noise-free reference can be obtained for 

training. However, quasi-noise-free reference is still of low SNR and may affect the 

performance of trained DL model, as it may introduce artifacts during the signal averaging 

and post-processing steps. Besides, obtaining quasi-noise-free reference is time-consuming 

and reduces the number of available training samples significantly. 

In this chapter, a learning-from-noise method is proposed for DL-based ASL signal 

processing (dubbed as ASLDN-LFN). The proposed learning-from-noise method shows 

that DL-based ASL denoising models can be trained using only noisy image pairs, without 

any deliberate post-processing for getting the quasi-noise-free reference during the training 

process. Specifically, we show that this learning-from-noise training process converges 

exactly with the signal averaging process of ASL CBF maps. In other words, it is not 

necessary to have a noise-free reference for ASLDN-LFN.  By using this method, we can 

skip the step of obtaining quasi-noise-free reference and obtaining equal or even better 

performance than ASLDN. Moreover, more training data can be generated as ASLDN-
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LFN does not need extra samples to generate quasi-noise-free reference, which is 

particularly useful when ASL CBF data are limited. 

Besides, this learning-from-noise method can also be applied to DL-based ASL 

CBF prediction from BOLD fMRI. ASL is quantitative, insensitive to low-frequency drift 

but has lower signal-to-noise-ratio (SNR) and lower temporal resolution than BOLD. 

Currently, there still lacks a way to fuse the benefits provided by both, i.e., to quantify 

cerebral blood flow (CBF) like ASL MRI but with high SNR as in BOLD fMRI. The main 

challenge for using DL-based methods to predict ASL CBF from BOLD fMRI is that the 

CBF from a single scan of ASL MRI is too noisy to be used as a reference in this BOLD-

to-ASL prediction. However, our learning-from-noise method shows that it is possible to 

achieve BOLD-to-ASL prediction using extremely noisy ASL CBF maps as training 

references. Experimental results demonstrated that this learning-from-noise method can 

reliably predict ASL CBF from BOLD fMRI.  

3.1 Introduction 

DL-based denoising methods typically use an end-to-end training scheme to train the DL 

model. A noisy image that we want to denoise is fed to the input end and the desired noise-

free image is fed to the output end as the training reference. By using stochastic gradient-

based optimization [68, 69], the parameters of the DL model are automatically adjusted so 

that given the input noisy image, the DL model can predict an output image that is as similar 

as possible to the noise-free training reference. The similarity between output image and 

the reference image is determined by a loss function (typically mean square error or mean 

absolute error). Essentially, the DL-based denoising is a regression task.  
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Formally, denote the noisy image by 𝑥̂𝑖 and its reference (noise-free or less noisy 

version) by yi, where i=1...N, N is the total number of training samples. A parametric 

regression DL model 𝑓𝛩 , typically a convolutional neural network (CNN), can be built to 

learn the mapping 𝑓𝛩(𝑥̂𝑖) → yi by minimizing the following loss function: 

 
arg min

𝛩
∑ 𝐿(𝑓𝛩(𝑥̂𝑖), 𝑦𝑖)

𝑖

 
(3.1) 

 

, where 𝛩 are the parameters of CNN and are adjusted through the training process under 

the loss function L.  

Several groups have used DL in ASL MRI denoising [5, 17]. Different from other 

denoising applications, DL-based ASL denoising networks (ASLDN) do not have noise-

free training references. Accordingly, its denoising performance might be uplimited by the 

reference image SNR. However, the potential uplimit doesn't seem to exist, as several 

studies [70] [21] [22] showed that ASLDN could produce CBF images with even higher 

SNR than the reference. This apparent learning-from-noise capability could provide a 

versatile ASLDN without deliberate post-processing for getting the quasi-noise-free 

reference. Lehtinen et al. [71] has recently been explicitly investigating this learning-from-

noise capacity in natural image denoising. Inspired by their work in natural image 

denoising, we want to formally introduce this learning-from-noise capability of DL on ASL 

MRI signal processing and demonstrate that this learning-from-noise capability is 

particularly beneficial for ASL MRI where data are corrupted and limited.  

3.2 Methods 
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When estimating a true value y from a set of unreliable observations (𝑥1, 𝑥2, ..., 𝑥𝑁), A 

common strategy to estimate the true value y is to find a value ŷ that has the smallest 

average deviation from all the unreliable observations according to some loss function L. 

This strategy can be formulated as: 

 
arg min 

ŷ

1

𝑛
∑ 𝐿(𝑥𝑖, ŷ)

𝑛

𝑖=1

. 
(3.2) 

 

When the loss function is L2 loss, i.e., 𝐿(x, ŷ) = (𝑥 − ŷ)2, the optimal value to minimize 

the loss function can be derived as follows: 

𝜕𝐿

𝜕𝑥
=

2

𝑁
∑(𝑥𝑖 −  ŷ)

𝑁

𝑖=1

= 0    

 
ŷ =

1

𝑁
∑ 𝑥𝑖

𝑁

𝑖=1

= 𝐸(𝒙) 
(3.3) 

 

Thus, the optimal value ŷ  to minimize the loss function L is the expectation of all 

observations (𝑥1 , 𝑥2 , ..., 𝑥𝑁 ). Optimal value can be derived for the L1 loss 𝐿(𝑥, 𝑦̂) =

 |𝑥 − 𝑦̂| using the same method: 

 

𝜕𝐿

𝜕𝑥
=

1

𝑁
∑ 𝑠𝑖𝑔𝑛(𝑥𝑖 −  ŷ)

𝑁

𝑖=1

= 0, 
(3.4) 

where 

 
𝑠𝑖𝑔𝑛(𝑥𝑖 −  ŷ) = {

−1,   𝑥𝑖 <  ŷ
0,   𝑥𝑖 =  ŷ
1,   𝑥𝑖 >  ŷ

. 
(3.5) 
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Thus, the optimal value to minimize L1 loss is the median of observations (𝑥1, 𝑥2, ..., 𝑥𝑁). 

When the observations are corrupted by Gaussian noise, i.e., a set of noisy observation (𝑥̂1, 

𝑥̂2,  ..., 𝑥̂𝑁 ) that  𝑥̂𝑖 = 𝑥𝑖 + 𝑛𝑖 ,  where x𝑖  is the observation without noise and n𝑖  is an 

independent sample draw from a zero-mean gaussian distribution  (n𝑖~ 𝑁(0, 𝜎)).  When 

minimizing the loss function:  

 
arg min 

ŷ

1

𝑛
∑ 𝐿(𝑥̂𝑖, ŷ)

𝑛

𝑖=1

. 
(3.6) 

 

For L2 loss 𝐿(𝑥̂, ŷ) =
1

𝑁
∑ (𝑥̂𝑖 −  ŷ)2𝑁

𝑖=1 , the optimal value y ̂ can be derived as follows: 
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𝑁
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𝑁
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𝑁
∑(𝑥𝑖

𝑁
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=

1

𝑁
∑ x𝑖

𝑁

𝑖=1

 +  
1

𝑁
∑ n𝑖 =  𝐸(𝒙) + 𝐸(𝒏)  =  𝐸(𝒙)

𝑁

𝑖=1

 
(3.7) 

 

Therefore, when the observations were corrupted by zero-mean gaussian noise, the optimal 

value to minimize the loss function is the mean of the latent clean observations (𝑥1, 𝑥2, ..., 

𝑥𝑁), given infinite data samples. The more generalized class of this deviation-minimizing 

type estimators are called the M-estimators [72].  

This point estimation procedure can be generalized to training a neural network. 

Given a set of input-reference pairs (xi, yi) and a neural network function 

𝑓𝛩(x) parameterized by 𝛩, the training procedure of the neural network is: 
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arg min 

𝛩

1

𝑛
∑ 𝐿(𝑓𝛩(𝑥𝑖), 𝑦𝑖)

𝑛

𝑖=1

. 
(3.8) 

 

If the network 𝑓𝛩 does not depend on input data, and merely outputs a learned scalar, the 

whole training procedure reduces to the same point estimation procedure of (3.2) at every 

training sample. Thus, training a neural network using L2 loss is to find the expectation of 

references 𝑦𝑖. 

When the references ŷ𝑖 are drawn from a corrupted distribution of the latent clean 

reference y𝑖  such that 𝐸{ŷ𝑖} = y𝑖 , and are combined with corrupted inputs from the 

equation  (3.1), the learning process of neural network is equal to minimize the loss 

function: 

 
arg min 

𝛩

1

𝑛
∑ 𝐿(𝑓𝛩(x̂𝑖), ŷ𝑖)

𝑛

𝑖=1

. 
(3.9) 

 

When given infinite training samples and the loss function is L2, the solution is 𝑓θ(x̂𝑖) =

𝐸{ŷ𝑖} = y𝑖. When the training samples are finite and mutually uncorrelated, the expected 

squared difference between 𝐸{ŷ𝑖} and 𝐸{𝑦𝑖} is equal to 
1

𝑁2 𝑉𝑎𝑟(∑ y𝑖
𝑁
𝑖=0 ) according to [71]. 

Thus, the variance of minimizing L2 loss given finite data is the mean variance of the 

corruptions divided by the number of samples N. When the number of training data 

increases, the error tends to zero.  The above derivation assumes scalar data. When data 

are images, N is the total number of pixels in the images, i.e., the number of images × the 

number of pixels per image.  
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According to the above derivation, we do not need clean images as references when 

training neural network for image denoising. Only noisy image pairs are needed for DL-

based image denoising. This is particularly useful when no absolute clean reference images 

are available in ASL denoising.  

3.3 Application on ASL denoising 

In this section, we proposed a DL-based learning-from-noise method for ASL denoising, 

which does not require any deliberate post-processing for getting the quasi-noise-free 

reference during the training process. We dubbed this new method ASLDN-LFN.  Figure 

3.1 shows the difference between ASLDN and ASLDN-LFN. ASLDN requires quasi-

noise-free image as training reference while ASLDN-LFN only use noisy image as training 

reference. 

 

Figure 3.1: An illustration of DL-based ASL denoising (ASLDN) and ASLDN-LFN. 

ASLDN using quasi-noise-free CBF images as training references whereas ASLDN-LFN 

only use noisy image pairs to train the DL model. 

 

Similar to [71], the assumption of ASLDN-LFN is that both the noisy reference ŷ𝑖 and the 

noisy input CBF maps x̂𝑖 are drawn from the same data distribution. When minimizing the 
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L2 loss function 
1

𝑛
∑ (𝑓θ(x̂𝑖) −  ŷ)2𝑛

𝑖=1 , the CNN regressor 𝑓θ(x̂𝑖) is to find the optimum at 

the arithmetic mean of the observations, i.e. 𝑓θ(x̂𝑖) = 𝐸{ŷ𝑖} = y𝑖, given enough training 

samples. This process converges exactly with the method of averaging one subject's all 

CBF maps to generate a quasi-noise-free mean CBF map as a pseudo-groundtruth for 

training in ASLDN. However, considering ASL CBFs have excessive outliers, training 

with L1 loss is preferred as training with L1 loss is to find the median of the observations 

and the median is more robust to outliers than mean. We also conducted experiments to 

compare the effects of training with L1 loss versus training with L2 loss. 

3.3.1 Materials and Experiment Setup 

ASLDN-LFN using the Dilated Wide Activation Network (DWAN) that was proposed in 

chapter 4. As shown in Figure 3.2, DWAN has two pathways. The difference between the 

local pathway and global pathway is that the first convolution layer of the 4 wide activation 

residual blocks in the global pathway used a dilation rate of 2, 4, 8 and 16 respectively. 

The local pathway extracts the local features and the global pathway uses dilation 

convolutions to reserve global data patterns. Furthermore, the wide activation residual 

blocks in DWAN are able to expand data features and pass more information through the 

network, improving performances for low-level computer vision tasks without additional 

parameters and computation [28] [73].  By combining the two-pathway structure and the 

wide activation residual block, this new CNN structure (DWAN) improves the denoising 

performance in ASLDN-LFN. 

ASL data were pooled from 280 subjects in a local database. The data were acquired 

with a pseudo-continuous ASL sequence (40 control/labeled image pairs with labeling time 

= 1.5 sec, post-labeling delay = 1.5 sec, Field of View (FOV)=22×22 cm2, matrix=64×64, 
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Repetition Time (TR)/ Echo Time (TE) = 4000/11 ms, 20 slices with a thickness of 5 mm 

plus 1 mm gap). 

 ASLtbx [65] was used to preprocess ASL images using the following updated 

procedures: 1) ASL-specific motion correction method was applied to the raw ASL images 

(C/L images) to correct systematic label/control labeling induced spurious motions [8]; 2) 

the average of all 40 C/L image pairs was calculated and used as a template for registering 

the ASL C/L images to the high-resolution T1 image. Registration was performed with 

SPM12 (Wellcome Department of Imaging Neuroscience, London, UK, 

http://www.fil.ion.ucl.ac.uk/spm); 3) simple regression was used to regress out residual 

motions, mean CSF signal, and global signal; an isotropic Gaussian kernel with full-width-

half-maximum = 3mm was used to smooth ASL C/L images subsequently; 4) adjacent C 

and L images were subtracted using simple subtraction to generate perfusion-weighted 

images which were then converted into quantitative CBF using the same method as in [65].   

M0 is approximated by the control image in each label/control image pair and M0 

calibration is performed at each voxel separately using the value at the corresponding voxel 

location of the control image. Outlier CBF image timepoints were identified and removed  
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Figure 3.2: Schematic illustration of the architecture of our proposed DWAN network. The 

first layer consists of 3×3×32 convolutional filters for the input image. Then the output of 

the first layer was fed to the both local pathway and global pathway. Each pathway contains 

4 consecutive wide activation residual blocks. Each wide activation residual block contains 

two convolutional layers (3×3×128 and 3×3x32) and one activation function layer.  The 

3×3×128 convolutional layers in the global pathway were dilated convolutional layers with 

a dilation rates of 2, 4, 8, 16, respectively. The output of the local pathway and global 

pathway were concatenated and fed to another 3×3×1 convolutional filter. The 3×3×1 

convolutional layer was attached to the end to get the predicted output image with 

additional input from the input image with 3×3×1 convolution. (a×b×c indicates the 

property of convolution. a×b is the kernel size of one filter and c is the number of the filters).  
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using the prior-guided slice-wise adaptive outlier cleaning algorithm [19] [20]; 5) each 

subject’s structural MRI was spatially normalized to the Montreal Neurologic Institute 

(MNI) standard brain using SPM12. The same transform was then applied to the CBF 

image series. 

CBF image slices from 200 subjects were used as the training dataset. CBF images 

from 20 different subjects were used for validation.  The remaining 60 subjects were used 

as the testing set.  Input to ASLDN-LFN was the axial slice. All CBF maps were spatially 

normalized into the Montreal Neurological Institute (MNI) space. Every 3 slices from the 

35th to the 59th axial slices were extracted from each of the 3D CBF maps. The 40 ASL 

CBF images of each subject were divided into 4 time segments, each with 10 successively 

acquired images. The mean maps of the 1st segment and the 2nd segment were taken as 

the input and the corresponding reference for DL model training. Another set of input-

reference image pairs was obtained from the mean CBF maps of the 3rd and the 4th 

segment. During model testing, the mean CBF image slices of the first 10 L/C pairs (in the 

first time segment) were used as the input. 

Due to intrinsic low SNR of ASL MRI, the input and reference CBF maps were 

already contaminated with severe noise (As Figure 3.3 A. shows). Therefore, no additional 

artificial noises were added to the input and reference CBF maps. Mean CBF maps of the 

entire 40 L/C image pairs with Gaussian smoothing (FWHM = 3mm) and state-of-art 

outlier cleaning [20] were used as pseudo-groundtruth 𝑦𝑖 . Compared with the previous 

method ASLDN [74] using pseudo-groundtruth 𝑦𝑖  as training references, the proposed 

ASLDN-LFN only used noisy data ŷ𝑖 as the training reference. U-Net [24] and DilatedNet 

[21], two popular CNN structures widely used in medical imaging, were implemented as a 
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comparison to our DWAN-based ASLDN-LFN. Additional experiments were conducted 

to compare the effects of the different loss functions (L1 and L2) on denoising performance. 

  We used Keras [75] and Tensorflow [76] platforms to implement all the DL 

algorithms. Network training was through the adaptive moment estimation (ADAM) 

algorithm with a learning rate of 0.001 and a batch size of 64. All experiments were 

performed on a PC with Intel(R) Core(TM) i7-5820k CPU @3.30GHz and an Nvidia 

GeForce Titan Xp GPU. 

We used Peak Signal-to-Noise Ratio (PSNR) and Structure Similarity Index (SSIM) 

to quantitatively compare the performance of DWAN with U-Net and DilatedNet. When 

computing PSNR and SSIM, pseudo-groundtruth (mean CBF from entire 40 L/C pairs) 

was used as groundtruth. SNR and Grey Matter/White Matter (GM/WM) contrast was 

calculated to measure the image quality of ASL CBF. The SNR was calculated by using 

the mean signal of a grey matter (GM) region-of-interest (ROI) divided by the standard 

deviation of a white matter (WM) ROI in slice 50. The GM/WM contrast was calculated 

as the mean value of GM masked area divided by the mean value of WM masked area.  

The Correlation coefficient between the DL-produced CBF values and pseudo-

groundtruth was calculated to measure the similarity of the DL-produced CBF values to 

those processed with non-DL methods. This process was performed at each voxel for 

ASLDN and ASLDN-FLN separately. The correlation coefficient maps were thresholded 

by r>0.3 for the purpose of comparison and display. 

3.3.2 Experimental Results 
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Figure 3.3: Mean CBF images of a representative subject. The rows from top to bottom are: 

A. mean CBF maps generated from 10 L/C pairs (input to ASLDN-LFN); B. mean CBF 

maps from all 40 L/C pairs with smoothing and outlier cleaning (pseudo-groundtruth); C. 

output of ASLDN; and D. output of ASLDN-LFN. Only 5 axial slices were shown in each 

row. 

Figure 3.3 shows the mean CBF maps produced by different algorithms.  Compared to 

pseudo-groundtruth (Figure 3.3.B.) and the output of ASLDN (Figure 3.3.C.), the CBF 

maps produced by ASLDN-LFN (Figure 3.3.D.) showed substantially improved quality in 

terms of suppressed noise and better perfusion contrast between tissues. Moreover, 

ASLDN-LFN recovered CBF signals in the air-brain boundaries and reduced partial 

volume effects. 
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Figure 3.4: The notched box plot of the SNR (left) and GM/WM contrast (right) from 60 

test subjects' CBF maps with different processing methods. 

Figure 3.4 shows the notched box plot of the SNR and GM/WM contrast from 60 

test subjects' mean CBF maps processed with different methods. The average SNR of 

pseudo-groundtruth, the output of ASLDN and the output of ASLDN-LFN were 5.87, 6.36 

and 8.06 respectively. The average GM/WM contrast of pseudo-groundtruth, the output of 

ASLDN and the output of ASLDN-LFN were 2.14, 2.15 and 2.32. ASLDN-LFN improved 

SNR by 26.7% and improved GM/WM contrast by 7.9% compared with ASLDN. 
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Figure 3.5: Correlation coefficient maps of ASLDN (top) and ASLDN-LFN (bottom). 

Only 5 axial slices were shown. Correlation coefficients less than 0.3 were thresholded to 

be 0. 

 

Figure 3.5 shows the correlation coefficient maps of ASLDN and ASLDN-LFN. 

Correlation coefficient at each voxel was calculated between the pseudo-groundtruth and 

network output. Outputs of ASLDN and ASLDN-LFN strongly correlated to the pseudo-

groundtruth, proving that both networks can preserve individual subjects' CBF patterns 

while suppressing noise. Output of ASLDN-LFN showed less correlation to input in WM 

because ASLDN-LFN removed more noises in WM than ASLDN.  

Table 3.1: The average PSNR and SSIM of mean CBF maps produced by different CNN 

architectures in different training schemes. 

 ASLDN ASLDN Learning-from-noise 

Model U-Net DilatedNet DWAN U-Net DilatedNet DWAN 

PSNR 24.53 24.92 25.26 24.84 25.06 25.28 

SSIM 0.796 0.793 0.803 0.798 0.797 0.803 

 

Table 3.1 lists the PSNR and SSIM performance of ASLDN [74] and the proposed 

ASLDN-LFN with or without using the DWAN network structure. ASLDN-LFN showed 

higher PSNR and SSIM than previous ASLDN. Using DWAN in ASLDN and ASLDN-

FLN provided higher PSNR and SSIM than without. 
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Figure 3.6: Mean CBF maps of a representative subject (Only 3 axial slices were shown). 

From left to right:  input to ASLDN-LFN (column A); pseudo gold standard (column B); 

outputs of ASLDN-LFN trained with L2 loss (column C); and outputs of ASLDN-LFN 

trained with L1 loss (column D) 

Figure 3.6 shows the result of ASLDN-LFN that was trained with different loss 

functions. When input mean CBF maps contained large amounts of outliers, ASLDN-LFN 

trained with L2 loss was affected, resulting in deteriorated perfusion in grey matter area. 

ASLDN-LFN trained with L1 loss, in contrast, remains unaffected due to its robustness to 

outliers. PSNR and SSIM are used to quantitatively measure the denoising performance of 

ASLDN-LFN trained with L1 loss and L2 loss. PSNR and SSIM were 24.40 and 0.677 

when ASLDN-LFN was trained with L2 loss, whereas PSNR and SSIM were 25.28 and 

0.803 when ASLDN-LFN was trained with L1 loss. 



37 
 

3.4 Application on ASL perfusion prediction from BOLD fMRI 

BOLD fMRI is more widely used fMRI technique than ASL. It offers high temporal and 

spatial resolution, but only provides relative values, is sensitive to low-frequency drift, and 

suffers from the susceptibility gradient-induced artifacts. By contrast, ASL MRI measures 

cerebral blood flow (CBF) in a physical unit of ml/100 g/min. The quantitative nature of 

ASL MRI makes it insensitive to low-frequency drift. Measuring signal from the capillary 

bed, ASL MRI is potentially more accurate for localizing functional activation than BOLD 

fMRI which is often mainly contributed by oxygen level change in venous vessels rather 

than the activation site. However, ASL MRI has lower signal-to-noise-ratio (SNR), lower 

temporal resolution, and has only seen increasing visibility in recent years. An important 

but still open question is how to fuse the benefits provided by the two complementary 

functional imaging modalities. Since many finished and ongoing large size fMRI projects 

only had or have BOLD fMRI, a related question is whether we can reliably extract CBF 

signal from BOLD fMRI. Solving both questions requires understanding the elusive 

relationship between these two imaging modalities.   

Due to the limitation of the longitudinal relaxation rate (T1) of blood water and the 

post-labeling transmit process, a small portion of tissue water can be labeled, resulting in 

a low SNR [31] . Thus, ASL often acquires many pairs of L/C images to improve the SNR 

of the mean perfusion map. Practically, 10-50 L/C pairs are allowed in a typical 3-6 min 

scan, which can only provide minor to moderate SNR improvement by averaging across 

the limited number of measurements. The interleaved labeling and non-labeling procedure 

reduce the temporal resolution of ASL MRI by half compared to the regular dynamic MR 

imaging. The relatively long labeling and post-labeling delay time before data acquisition 
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further reduce the temporal resolution of ASL MRI. Ideally, these drawbacks can be 

avoided instantly if CBF can be extracted from BOLD fMRI. From a technical point of 

view, ASL MRI can be acquired with many different imaging sequences. That is why the 

gradient-echo weighted BOLD imaging sequence is still widely used to acquire ASL MRI 

data. It is then theoretically reasonable to hypothesize that CBF can be extracted from the 

BOLD fMRI. The challenge is then to find an appropriate model for the unknown BOLD-

CBF relationship.  

A canonical BOLD-CBF model has been proposed in [77], but requires data 

acquired under gas-challenging. The underlying assumption of no change of cerebral 

metabolic rate of oxygen by gas-challenging may also be inaccurate. Without extra 

experiments, there isn't an analytic way to extract quantitative CBF from BOLD fMRI. 

Alternatively, a learning-based approach might be able to solve this problem. Over the 

years, machine learning, especially deep machine learning has been increasingly used to 

achieve astonishing success for modeling various highly complex data relationships [49].    

Deep learning (DL) is motivated by the hierarchical learning in the visual system 

[47]. The most widely used deep neural networks consist of multiple layers of receptive 

field constrained local filters which are trained layer by layer by error backpropagations 

[34] and are often called convolutional neural networks (CNN). The local feature extraction, 

hierarchical abstraction, step-wise backpropagation of CNN and the introduction of several 

training strategies such as weight drop-out, batch-normalization, skip connection, and 

residual learning, etc., make CNN highly flexible and capable for modeling any nonlinear 

function buried in a large data. Because medical imaging processing is often hindered by 

some unknown nonlinear processes or transforms, DL may provide a potentially versatile 



39 
 

tool for medical imaging processing as increasingly demonstrated in a variety of 

applications, including image segmentation [42] and image reconstructions [53], etc. 

Specific to ASL MRI, DL has been adopted to improve SNR of ASL CBF maps [21] [74]. 

Most related to this study is that Xie et al. [78] piloted a pairwise label to control image 

prediction using CNN. Since the ASL MRI used in the so-called super-ASL network was 

acquired with the gradient-echo weighted BOLD fMRI sequence, it suggests the feasibility 

of directly extracting CBF from BOLD fMRI.  

In this section, we want to build and validate a learning-from-noise DL-based 

BOLD-ASL relationship learning model to predict the CBF signal directly from BOLD 

fMRI. We dubbed the network as the BOA-Net. Different from the super-ASL work, we 

used current ASL MRI and BOLD fMRI acquired with a dual-echo ASL MRI sequence 

[79] so the network doesn't need to consider the physiological difference or signal drift-

induced difference between the BOLD fMRI and ASL CBF.  

3.4.1 Materials and Experiment Setup 
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Figure 3.7: Illustration of dual-echo sequence and BOA-Net training process. 

Figure 3.7 illustrates the dual-echo sequence and BOA-Net training process. Denote the 

CBF image generated by i-th L/C pair by ŷ𝑖  and the BOLD image (the 2nd echo) after the 

i-th C image by x̂𝑖 . Given same brain structure and transitory acquisition time, we want to 

build a parametric regression model 𝑓θ that learns the mapping   𝑓θ(x̂𝑖) =  ŷ𝑖 , where i = 1, 

2, ..., N, and N is the total number of one subject's CBF maps and y𝑖 is the latent clean 

version of ASL CBF of ŷ𝑖. 𝜃 are the parameters of the model and are adjusted through the 

training process. The model, typically a CNN, can be learned by minimizing the loss 

function:  ∑ 𝐿(𝑓θ(x̂𝑖) − ŷ𝑖)𝑛
𝑖=1 , where the loss function can be either the mean square error 

or mean absolute error between input and reference.  

As we do not have gold standard CBF maps as the training references, using the 

low SNR ASL CBF images as the training references may result in an inaccurate BOA-

Net. However, the learning-from-noise method showed that the inaccurate model training 

concern due to the use of noisy reference is not necessarily true. Therefore, we proposed a 

noisy reference-based BOA-Net. Instead of using the L2 norm as the loss function, we 

chose the L1 norm to reduce sensitivity to outliers which are common to ASL MRI [20]. 

We use DWAN, the same network architecture as shown in Figure 3.3, for BOA-

Net. The two pathways of DWAN were used to extract both local and global contextual 

features. The wide activation residual blocks were adapted to expand data features and pass 

more information through the network [28]. ASL and BOLD fMRI data were acquired with 

the dual-echo ASL sequence [79] from 50 young healthy subjects at Hangzhou Normal 

University with signed informed written consent forms. The experiment and the form were 

applied by local IRB.  Imaging parameters were: labeling time/delay time/TR/TE1/TE2 = 
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1.4s/1.5s/4.5s/11.7msec/68msec, 90 acquisitions (90 BOLD images and 45 C/L image 

pairs), FOV=22 cm, matrix=64×64, 16 slices with a thickness of 5 mm plus 1 mm gap. We 

used ASLtbx [65] to preprocess ASL images with the procedures in [20]. 

The BOA-Net was trained with data from 23 subjects’ CBF maps (input and 

reference). 4 different subjects were used for validation samples. The remaining 23 

subjects' CBF maps were used as test samples.  For each subject, we extracted slices from 

7 to 11 of 3D ASL CBF maps. The number of total 2D CBF maps extracted for training 

and validation were 27 × 5 × 45 = 6075.  The 2D CBF maps were 64 × 64 pixels. U-Net 

[55] and DilatedNet [21], two popular CNN structure widely used in medical imaging, 

were implemented as a comparison to our DWAN-based BOA-Net. 

We also compare the effects of training with smoothing CBFs versus non-

smoothing CBFs. The CBFs that were generated from the L/C pairs with Gaussian 

smoothing were called smoothing CBFs. The CBFs that were generated from the L/C pairs 

without Gaussian smoothing were called non-smoothing CBFs. the suffix 'sm' and 'nsm' 

were added to the name of each model to represent that the model was trained using the 

smoothed or non-smoothed CBFs, respectively. We use Peak signal-to-noise ratio (PSNR) 

and structure similarity index (SSIM) to quantitatively compare the performance of DWAN 

with U-Net and DilatedNet. When calculating PSNR and SSIM, all the predicted results 

were compared with genuine mean CBF maps from smoothed ASL data. 

All networks were implemented using the Keras and Tensorflow platform. The 

network was trained using the adaptive moment estimation (ADAM) algorithm with a basic 

learning rate of 0.001. All the models were trained with batches, each containing 64 
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training samples. All experiments were performed on a PC with Intel(R) Core(TM) i7-

5820k CPU @3.30GHz and an Nvidia GeForce Titan Xp GPU.  

We used SNR to measure the image quality of ASL CBF. The SNR was calculated 

by using the mean signal of a grey matter (GM) region-of-interest (ROI) divided by the 

standard deviation of a white matter (WM) ROI in slice 9. The similarity of mean CBF 

from the outputs of BOA-Net to genuine mean CBF maps from ASL data was evaluated 

by the correlation coefficient between the CBF values of all testing subjects (n=23). This 

process was performed at each voxel for BOA-Net_sm and BOA-Net_nsm separately. The 

correlation coefficient maps were thresholded by r>0.3 for comparison and display.  

3.4.2 Experimental Results 
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Figure 3.8: From top to bottom: BOLD fMRI and ASL CBF produced by different methods. 

From left to right: slice 7, 8, 9, 10, 11. 

Figure 3.8 shows the results of BOLD-based CBF prediction for one representative 

subject. As compared to the genuine mean CBF map from the acquired ASL MRI, the CBF 

map produced by BOA-Net showed substantially improved quality in terms of suppressed 

noise and better perfusion contrast between tissues. Moreover, BOA-Net recovered CBF 

signals in the air-brain boundaries. Signal loss in the genuine mean CBF in the prefrontal 

region was caused by the signal loss in BOLD images. 

 

Figure 3.9: The notched box plot of the SNR (left) and correlation coefficient maps 

between genuine mean CBF and output of BOA-Net (right). Original_nsm and original_sm 

represent the genuine mean CBF maps from non-smoothed and smoothed ASL data. BOA-

Net_nsm and BOA-Net_sm represent mean CBF maps from outputs of BOA-Net_nsm and 

BOA-Net_sm. The correlation coefficient maps between genuine mean CBF and output of 

BOA-Net_sm is shown in the top row. The correlation coefficient maps between genuine 

mean CBF and output of BOA-Net_nsm is shown in the bottom row. Only 2 axial slices 

were shown. Correlation coefficients less than 0.3 were thresholded to be 0. 

Figure 3.9 shows the box plot of the SNR and spatial correlation of BOA-Net_sm 

and BOA-Net_nsm. The average SNR of genuine mean CBF maps from non-smoothed 
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and smoothed ASL data were 6.96 and 12.64 respectively. The average SNR of mean CBF 

maps from outputs of BOA-Net_nsm and BOA-Net_sm were 12.26 and 15.11. BOA-

Net_sm improved SNR by 19.54% compared with mean CBF maps of smoothed ASL 

while BOA-Net_nsm achieved a 76.15% SNR improvement compared with the mean CBF 

maps of non-smoothed ASL. Correlation coefficient at each voxel was calculated between 

the genuine mean CBF map and network output. Figure 3.9 shows outputs of BOA-Net_sm 

and BOA-Net_nsm strongly correlated to the genuine mean CBF, proving that both 

networks can predict individual subjects' CBF patterns correctly.  

Table 3.2: The average PSNR and SSIM from different CNN architectures used in 

BOA-Net_sm and BOA-Net_nsm 

 BOA-Net_sm BOA-Net_nsm 

Model U-Net DilatedNet DWAN U-Net DilatedNet DWAN 

PSNR 24.15 24.10 25.58 21.88 21.51 22.49 

SSIM 0.884 0.892 0.893 0.856 0.841 0.865 

 

Table 3.2 shows the PSNR and SSIM of mean CBF maps predicted from different 

models. DWAN achieved the highest PSNR and SSIM in both BOA-Net_sm and BOA-

Net_nsm categories. Figure 3.10 demonstrates the visual comparison of mean CBF maps 

predicted from BOLD fMRI using different CNN architectures. DWAN suppressed more 

noises than DilatedNet while recovered more details than U-Net. Moreover, DWAN_nsm 

has better perfusion contrast than DWAN_sm while DWAN_sm recover more signals in 

air-brain boundaries. 
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Figure 3.10: Two representative slices of the mean CBF maps produced by different 

processing methods. The three columns on the left side are mean CBF maps of outputs of 

U-Net_nsm, DilatedNet_nsm, and DWAN_nsm respectively. The three columns on the 

right side are mean CBF maps of outputs of U-Net_sm, DilatedNet_sm, and DWAN_sm. 

The image display window is 0-100 ml/100g/min. 

3.5 Discussion and Conclusion 

In this chapter, we proposed to apply the learning-from-noise method on DL-based ASL 

denoising models (ASLDN-LFN) and ASL perfusion prediction from BOLD fMRI (BOA-

Net). In section 3.3, we showed that DL-based ASL denoising models can be trained using 

only noisy image pairs. The experimental results demonstrated that ASLDN-LFN can 

reliably denoise ASL CBF and even achieved improved image quality than ASLDN in 

terms of SNR and GM/WM contrast. Moreover, by using ASLDN-LFN, more training data 

can be generated as it requires less L/C pairs to generate reference mean CBF maps, which 

is particularly useful when ASL CBF data are limited. 

In section 3.4, we showed that BOA-Net can reliably extract ASL perfusion maps 

from BOLD fMRI. This study represents the first effort to extract quantitative CBF from 

BOLD fMRI. Comparing with genuine mean CBF from ASL data, the BOA-Net can 

provide CBF measurement with higher SNR and higher temporal resolution, both inherited 

from BOLD fMRI (higher SNR is also contributed by DL denoising). For the existing 
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dataset without ASL MRI acquired, this provides a unique opportunity to generate a new 

functional imaging modality. For future studies, it offers an opportunity to avoid ASL MRI 

scans though that will need more evaluations, especially in diseased populations. Even if 

an ASL MRI scan is still needed, its scan time can be substantially shortened, and the 

reduced SNR can be compensated by CBF estimated from BOA-Net.  
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CHAPTER 4  

 DENOISING ARTERIAL SPIN LABELING PERFUSION MRI 

WITH DILATED WIDE ACTIVATION NETWORK 

 

 

Current network architecture for DL-based ASL MRI denoising methods, such as residual 

network [22] and Dilated Network [21], were not optimized for image denoising. These 

networks were originally proposed for high-level vision tasks such as image segmentation 

and classification [24] [25] [26]. Applying these architectures directly to low-level vision 

tasks such as denoising and super-resolution can be suboptimal [27] [28]. In this chapter, 

we proposed a novel DL-based method for ASL MRI denoising (dubbed ASLDN). Our 

ASLDN presents two novelties: first, we proposed a DL model that is optimized for ASL 

denoising. Incorporating wide activation residual blocks [28] with a Dilated Convolution 

Neural Network (DilatedNet) [25], our dilated wide activation network (DWAN) achieved 

improved denoising performance both quantitatively and qualitatively while reduced ASL 

acquisition time. Second, we trained and evaluated our proposed model on large in vivo 

dataset, showing that our model can be generalized to inputs with different levels of SNR 

and yields images with better quality than other methods. 

4.1 Problem Formulation 

Traditional denoising methods often rely on establishing an explicit model for either signal 

or noise, so the two components can be easily separated from their mixtures. By contrast, 

DL-based denoising methods learn the denoising model directly from the noise 

contaminated data. Assume that the i-th subject's CBF image 𝑥𝑖 is a summation of the latent 

noise-free CBF image y𝑖 and unknown noise 𝑛𝑖:  𝑥𝑖  =  𝑦𝑖 +  𝑛𝑖. ASLDN is to learn an 
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implicit transform which can predict 𝑦𝑖 from 𝑥𝑖, so that 𝑓𝛩(𝑥𝑖)  → 𝑦𝑖. In ASLDN, we used 

mean CBF map obtained without using any explicit denoising as the input and the image 

denoised with the current state-of-art outlier cleaning methods [20] as the reference 𝑦𝑖. To 

avoid potential overfitting due to the high similarity between 𝑥𝑖  and 𝑦𝑖 , ASLDN is 

configured to learn their difference 𝑛𝑖 following the residual learning strategy [80] [59] [28] 

[25]. Correspondingly, the transform to learn became g(xi) = yi − xi = −ni . During 

testing or new image denoising, the output of ASLDN was added up to the input to generate 

the final denoised CBF map yi. Mean Square Error (MSE) and Mean Absolute Error (MAE) 

are standard loss function used for training. As MAE is more robust to outliers, the loss 

function for ASLDN can be defined as: 

 
L(Θ) =

1

2N
∑|yi + g(yi; Θ) − xi|

N

i=1

. 
(4.1) 

4.2 Materials and Methods 

4.2.1 Network Architecture 

We propose a Dilated Wide Activation Network (DWAN) that has optimized architecture 

for low-level vision tasks such as image denoising and super-resolution. As DWAN 

combines wide activation residual block, dilated convolution, and residual learning, we 

first introduce each module separately and then overview the whole architecture of the 

DWAN. 

Wide Activation Residual Block: as shown in Figure 4.1, a regular residual block 

has a convolution layer with a ReLU activation layer, followed by another convolution 

layer. Each convolution layer has the same number of convolution filters inside a regular 
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residual block. The direct connection from input to output represents the residual learning 

[26], a key element of modern CNNs to improve accuracy and training speed [80] [59] [28] 

[26]. Since the ReLU layer inside the residual block may cause information loss before 

being passed to the next layer [28], the so-called wide activation residual block uses more 

convolution filters to extract more features in the layer preceding the ReLU layer, which 

can subsequently pass more information to the next block [28]. For denoising, this 

modification would preserve more high-resolution information to reduce the blurring 

effects as supported by the results in image super-resolution [28] and image restoration 

[73].  

There are two hyper-parameters that define the wide activation residual block: the 

number of base convolution filters M and the expansion rate E. The number of convolution 

filters before the ReLU activation layer is E×M. After the ReLU activation layer, the 

following convolution layer shrinks the number of convolution filters back to M.  In 

comparison, a regular residual block has E×M filters in the both convolution layers. 

According to [28] and our experiments, wide activation residual blocks not only reduce the 

complexity of the whole CNN architecture but also stabilize the training process. A CNN 

architecture with regular residual blocks often cause unstable training process in denoising 

and super-resolution tasks when the hyper-parameter E×M is large. 
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Figure 4.1: Schematic illustration of a regular residual block (left) and a wide activation 

residual block (right). 

Dilated Convolution: Figure 4.2 describes the dilated convolution in detail. The 

main motivation of using dilated convolutions is that dilated convolutions support 

expanding receptive fields exponentially without losing resolution or coverage. We use 

dilated convolution to extract global features more effectively. 

 

 

Figure 4.2: Schematic illustration of a series of dilated convolutions. A series of dilation 

convolution supports exponential expansion of the receptive field without loss of resolution 

or coverage. On the left: a 3×3 convolution filter without dilation produce a receptive field 

of 3×3 as each element (blue dot) is a 1×1 convolution. On the middle: a 2-dilated 3×3 

convolution filter in the following convolution layer produce a receptive field of 7×7 as 

each element (blue dot) is a result of a 3×3 convolution from the previous layer. On the 

right, a 4-dilated 3×3 convolution filter in the next convolution layer produce a receptive 

field of 15×15 as each element (blue dot) is a result of a 7×7 convolution from the previous 

layer. The size of convolution filter (3×3) in each layer is identical but the receptive field 

grows exponentially. 

Residual Learning and Batch Normalization: ASLDN is configured to learn the 

residuals between the input and the reference. The residual learning is implemented 

through a 3x3 convolution from the input layer to the output layer. Though Kim et al. [21] 

and Gong et al. [56] used Batch Normalization (BN) [61] layer in their network, recent 

studies [53] [27] [81] [82] found that BN undermined the accuracy for image super-
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resolution tasks. We conducted experiments and found out that BN did not improve PSNR 

and SSIM in our case either. Thus, we discarded BN layers.  

Dilated Wide Activation Network: Figure 4.3 describe the proposed DWAN that 

is used to build our ASLDN network in detail. As shown in Figure 4.3, DWAN has a local 

pathway and a global pathway. The difference between the local pathway and global 

pathway is that the first convolution layer of the 4 wide activation residual blocks in the 

global pathway used a dilation rate of 2, 4, 8 and 16 respectively. The local pathway 

extracts the local features and the global pathway uses dilation convolutions to reserve 

global data patterns. Furthermore, the wide activation residual blocks in DWAN are able 

to expand data features and pass more information through the network, improving 

performances for low-level computer vision tasks without additional parameters and 

computation [28] [73].   

4.2.2 Image Acquisition and Preprocessing 

ASL data were pooled from 280 subjects (normal healthy subjects with age from 23-47) in 

a local database. The data were acquired in a Siemens Trio 3T scanner using a pseudo-

continuous ASL sequence [83] [84] (40 control/labeled image pairs with labeling time = 

1.5 sec, post-labeling delay = 1.5 sec, FOV=22 cm, matrix=64×64, TR/TE=4000/11ms, 20 

slices with a thickness of 5 mm plus 1 mm gap).  

ASL images were preprocessed using the procedures in section 3.3.1. Mean CBF 

maps were calculated from a different number of CBF images and were named as 

meanCBF-n where n indicates the number of CBF images to be averaged. meanCBF-40 

was the one calculated from the full ASL scan. The same procedures were repeated after 
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removing the spatial smoothing step and the corresponding mean CBF maps were named 

by an affix “nsm”. 

 

Figure 4.3: Schematic illustration of the architecture of our proposed DWAN network. The 

first layer consists of 3×3×32 convolutional filters for the input image. Then the output of 
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the first layer was fed to both local pathway and global pathway. Each pathway contains 4 

consecutive wide activation residual blocks. Each wide activation residual block contains 

two convolutional layers (3×3×128 and 3×3×32) and one activation function layer.  The 

3×3×128 convolutional layers in the global pathway were dilated convolutional layers with 

a dilation rate of 2, 4, 8, 16, respectively. The output of the local pathway and global 

pathway were concatenated and fed to another 3×3×1 convolutional filter. The 3×3×1 

convolutional layer was attached to the end to get the predicted output image with 

additional input from the input image with 3×3×1 convolution. (a×b×c indicates the 

property of convolution. a×b is the kernel size of one filter and c is the number of the filters).  

4.2.3 Data Preparation and Model Training 

To maximally demonstrate the benefit of ASLDN, we chose meanCBF-10_nsm (mean 

CBF map of the first 10 ASL C/L pairs without being spatially smoothed during 

preprocessing) as the input to the ASLDN models. As there is no groundtruth (GT) to ASL 

CBF maps, meanCBF-40 -- mean CBF map of the entire 40 C/L image pairs, was used as 

a surrogate GT (the reference) for training the ASLDN models. The same model was also 

trained for projecting the meanCBF-10_nsm to meanCBF-40_nsm and the name appended 

by the suffix 'nsm' was added to the name of each model to mark the difference of both 

input and the reference during model training.  

200 subjects’ CBF maps were randomly selected as the training set. 20 subjects’ 

CBF maps were used as validation samples during training. The remaining 60 subjects 

were used as the test set. For each subject, we extracted one out of every three axial slices 

from slice 36 to slice 60 of 3D CBF maps in the MNI space, resulting a training set 

containing 200 × 9 = 1800 2D CBF image slices. Each image slice had 91 × 109 pixels.  

U-Net [24], a popular CNN structure widely used in medical imaging, was 

implemented as a comparison to our DWAN-based ASLDN. Because U-Net has pooling 

and upsampling layers that require the image size equal to the power of 2, all the images 

were resized to 128 × 128 during the training and testing of U-Net, by centering images 
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and padding 0s on each side. U-Net, U-Net with BN (U-Net_BN) [55], DilatedNet and 

DilatedNet with BN (DilatedNet_BN) [21] were implemented as additional comparisons. 

To test the denoising capability of ASLDN for inputs with different noise levels, we applied 

the same model (trained by meanCBF-10_nsm) to meanCBF-15, 20, 25, 30, 35 and 40 

datasets (mean CBF maps obtained from 15, 20, 30, 35, and 40 L/C images).  

All networks were implemented using the Keras platform [75]. The network was 

trained using the Adaptive moment estimation (ADAM) algorithm [68] with a basic 

learning rate of 0.001. All the models were trained with batches, each containing 64 

training samples. DWAN was trained for 10000 iterations and DWAN_nsm was trained 

for 5000 iterations. Tensorflow [76] was used as the backend of Keras to train all the 

models. All experiments were performed on a PC with Intel(R) Core(TM) i7-5820k CPU 

@3.30GHz and an Nvidia GeForce Titan Xp GPU.  

4.2.4 Effects of Different Model Configurations 

We conducted an experiment to assess the performance of ASLDNs that contain a different 

number of wide activation residual blocks. A grid search experiment was also conducted 

to find the best combination of expansion rate E and the number of input filters M for each 

wide activation residual block.  Noted that the regular residual block [26] [27] is essentially 

a special case of wide activation residual block [28] when the expansion rate E is 1. Thus, 

by setting the expansion rate as 1, we also compared the DilatedNet that contains regular 

residual blocks with DWAN. Furthermore, additional experiments were performed to 

assess the effects of residual learning and the L1/L2 loss function used in training. 

4.2.5 Evaluation Metrics 
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We used Peak Signal to Noise Ratio (PSNR), Structural Similarity index (SSIM), Mean 

Absolute Error (MAE), Lin’s Concordance Correlation Coefficient (CCC) [68] and 

Radiologic score as our evaluation metrics. PSNR, SSIM, MAE, and CCC were calculated 

from the denoised CBF maps and the surrogate GT to evaluate performance of different 

methods. PSNR assess the quality of image denoising quantitatively while SSIM measures 

the nonlocal structure similarity. MAE and CCC were used to assess the accuracy of 

predicted CBF values.  The Bland-Altman plot and image profiles of CBF map were used 

to access the fidelity of predicted CBF values qualitatively. CBF image profiles were taken 

from the 50th row of the 54th axial slice. The Bland-Altman plot was drawn using the CBF 

values in the GM area of one representative subject’s 50th axial slice. CBF image quality 

was qualitatively assessed by two radiologists (Tianyao Wang and Fuqing Zhou). The 

quality score ranges from 1 to 4 and the value 1/2/3/4 means severe noise/moderate noise 

that disturbs evaluation/mild noise that not affects evaluation/clear perfusion map, 

respectively. Randomly selected 10 subjects’ CBF images processed by the 4 different 

methods: UNet, DilatedNet, DWAN, non-DL method were provided to the two radiologists 

independently without disclosing which method was used to process which image.  

PSNR is defined as: 

𝑃𝑆𝑁𝑅 = 20 ∗ 𝑙𝑜𝑔10 (
𝑀𝐴𝑋

√𝑀𝑆𝐸
) 

where MAX is the maximum possible pixel value of the image and MSE is the mean square 

error between the denoised image (the output of ASLDN) and the surrogate GT (meanCBF-

40_sm). Higher PSNR means less voxel-wise differences.  

The SSIM is defined as: 
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𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 + 𝑐1)(2𝜎𝑥𝑦 + 𝑐2)

(𝜇𝑥
2 + 𝜇𝑦

2 + 𝑐1)(𝜎𝑥
2 + 𝜎𝑦

2 + 𝑐2)
 

where 𝜇𝑥, 𝜇𝑦, 𝜎𝑥, 𝜎𝑦  , and 𝜎𝑥𝑦 are the mean, variance, and covariance of two patches (x, y) 

at the same location of the output image and the surrogate GT, respectively. c1 and c2 are 

constants used to avoid division by zero.  Higher SSIM means more structure similarity. 

For the networks trained with meanCBF-40_nsm (the mean CBF map calculated from the 

non-smoothed ASL C/L images), PSNR and SSIM were calculated based on the difference 

between the network output and the meanCBF-40_sm as our goal of ASLDN was to 

provide better quality in relative to the mean CBF map processed with current standard 

steps. 

The Lin’s CCC is formulated as: 

𝜌 𝑐 =
 2𝜎 𝑥𝑦

𝜎 𝑥2 + 𝜎 𝑦2 + (𝜇 𝑥 − 𝜇 𝑦)
2 

where μx, 𝜇𝑦, σx, and 𝜎𝑦 are the mean and variance of the output image and the surrogate 

GT, respectively. 𝜎𝑥𝑦 is the covariance between the output image and the surrogate GT. 

The CCC accesses the image fidelity to the surrogate GT, in which a value of 1 represents 

a perfect agreement and a value of 0 represents no agreement. 

4.3. Experimental Results 

4.3.1 Results of ASLDN For Projecting meanCBF-10 to meanCBF-40 
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Figure 4.4: Mean CBF images (only 5 axial slices were shown) from a representative 

subject with different processing methods. From top to bottom: meanCBF-10_nsm as input, 

the output of U-Net_sm, the output of DilatedNet_sm, the output of proposed DWAN_sm 

and the surrogate GT (meanCBF-40_sm) as training reference. Image display window was 

0-200 ml/100g/min. 

Figure 4.4 shows a representative subject's mean CBF maps produced by different 

denoising methods. As compared with meanCBF-10_nsm (Figure 4.4 A, the input to 

ASLDN), all DL methods (Figure 4.4 B-D) produced much better image quality in terms 

of improved tissue perfusion signal, suppressed noise (especially in white matter), and 

better perfusion contrast between grey matter and white matter. The DL methods even 
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showed CBF map quality improvement as compared with the surrogate GT (Figure 4.4 E, 

meanCBF-40_sm). DWAN_sm (Figure 4.4 D) showed the best quality as compared 

against other DL methods.  

 

Figure 4.5: CBF image profiles are taken from the 50th row (marked as red line) of the 

54th axial slice from one representative subject.  

 

 

 Figure 4.6: Bland-Altman plots of different methods obtained in the GM area from one 

representative subject. Y-axis shows the differences in CBF values between the surrogate 

GT and the compared method and X-axis shows the mean CBF values of the two. The unit 

for x and y axes are in ml/100g/min. Solid grey lines indicate mean difference. Dashed red 

lines at top and bottom correspond to upper and lower margins of 95% limits of agreement. 

blue solid lines are linear regression lines. 

Figure 4.5 shows the image profile of CBF images processed with different 

methods. DL-denoised CBF maps didn’t show observable tissue boundary damages, 

indicating the preservation of structural details and spatial resolution of DL-based 
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denoising. Figure 4.6 shows the Bland-Altman plots of CBF values in GM area obtained 

from different processing methods using one representative subject. The plots demonstrate 

that our proposed method achieved better accuracy in CBF values with smaller bias (grey 

solid line) and variance (difference between dashed red lines). The linear regression line 

(solid blue) in U-Net_sm and DilatedNet_sm shows a systematic underestimation error 

while this error is reduced by DWAN_sm as its regression line is closer to the y = 0 line. 

Note that outlier voxels existed in all the methods due to excessive noises and artifacts 

from L/C subtractions.. 

Table 4.1: The average PSNR and SSIM over 60 test subjects. All the models were trained 

with meanCBF-40_sm as reference images. 

Model U-Net_sm U-Net_BN_sm DilatedNet_sm DilatedNet_BN_sm DWAN_sm 

PSNR 25.87 25.63 26.18 26.13 26.25 

SSIM 0.813 0.806 0.819 0.817 0.822 

 

Table 4.2: The average PSNR and SSIM over 60 test subjects. All the models were trained 

with meanCBF-40_nsm as reference images. 

Model U-Net U-Net_BN DilatedNet DilatedNet_BN DWAN 

PSNR 24.53 24.16 24.78 24.60 24.81 

SSIM 0.796 0.787 0.802 0.798 0.803 

 

  Table 4.1 and  

Table 4.2 list the performance indices of different methods. As compared with other 

methods, DWAN_sm and DWAN_nsm presented better performance indices (PSNR and 

SSIM) (paired t-test, P<0.05). Our experiments also confirmed that adding BN layers did 
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not improve denoising performance as described in [53] [27] [81] [82] .  Table 4.3 list the 

MAE and CCC of different methods. DWAN_sm and DWAN_nsm has lower MAE and higher 

CCC than other methods. 

Table 4.3: The average MAE and CCC over 60 test subjects. 

Model U-Net_sm DilatedNet_sm DWAN_sm 

MAE 6.017 5.936 5.926 

CCC 0.896 0.898 0.900 

Model U-Net_nsm DilatedNet_nsm DWAN_nsm 

MAE 6.285 6.289 6.281 

CCC 0.854 0.857 0.859 

 

 

Figure 4.7: Comparison of Radiologic score between different methods over 60 subjects’ 

CBF maps. Radiologic scores are displayed in four different colors. The vertical axis 

indicates the number of subjects of each radiologic score.  

Figure 4.7 shows the radiologic scores of ASL CBF maps processed by different 

methods. DWAN_sm, DilatedNet_sm, and U-Net_sm had an average score of 3.08, 3.00 

and 2.78 when rated by radiologist #1 (Tianyao Wang), and an average score of 2.81, 2.73 

and 2.72 when rated by radiologist #2 (Fuqing Zhou), respectively. The surrogate GT 

(meanCBF-40_sm) had an average score of 2.16 and 2.50 by the two radiologists. As figure 
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12 shows, DWAN_sm consistently achieves better denoising results than other methods 

qualitatively. Figure 4.8 shows the corresponding results when using the meanCBF-

40_nsm as the reference during model training. The outputs of DWAN_nsm are less 

blurring than those of DWAN_sm.  

 

Figure 4.8: ASL CBF images with meanCBF-10_nsm as input. From top to bottom: the 

input (meanCBF-10_nsm), the output of DWAN_nsm, the surrogate GT (meanCBF-

40_sm) for comparison and the training reference (meanCBF-40_nsm). The image display 

window was 0-200 ml/100g/min. 

4.3.2 Effects of Different Noise Levels on the Model Trained with Meancbf-10_nsm 

 Without any additional training, we directly applied the same model (trained by 

meanCBF-10_nsm) to different meanCBF-n_nsm (n=10, 15, 20, 25, 30, 35, 40) datasets. 
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Figure 4.10 shows the quantitative results in terms of PSNR and SSIM.  When the input is 

meanCBF-10_nsm to meanCBF-30_nsm, DWAN_sm showed higher PSNR and SSIM 

than U-Net_sm and DilatedNet_sm. When the input is meanCBF-35_nsm or meanCBF-

40_nsm, DWAN_nsm had higher PSNR and SSIM than all other models.  

 

Figure 4.9: The same slice of a representative subject’s mean CBF images (only 1 axial 

slice was shown) processed using the same DWAN_sm or DWAN_nsm model trained with 

the (meanCBF-10_nsm, meanCBF-40_sm) or (meanCBF-10_nsm, meanCBF-40_nsm) 

image pairs, respectively.  A) input images to the model, B) output images of DWAN_sm 

for the input shown in A, C) output images of DWAN_nsm for the input shown in A. The 

input to the model is meanCBF-10_nsm, meanCBF-15_nsm, meanCBF-20_nsm, 

meanCBF-25_nsm and meanCBF-30_nsm from the leftmost column to the rightmost 

column. 
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Figure 4.10: PSNR and SSIM of U-Net_sm, U-Net_nsm, DilatedNet_sm, DilatedNet_nsm, 

DWAN_sm and DWAN_nsm over different mean CBF test datasets. 

Figure 4.9 shows the output of DWAN_sm and DWAN_nsm when the input was different 

meanCBF-n_nsm (n = 10, 15, 20, 25 and 30) from one representative subject. When the 

quality of input image increased, the quality of output image of DWAN_sm and 

DWAN_nsm increased. Besides, when input was meanCBF-25_nsm or meanCBF-30_nsm, 

DWAN_nsm produced better results with better grey matter/white matter contrast and 

image sharpness and less noise. Similar quantitative results were shown in the PSNR and 

SSIM plot in Figure 4.10.  

4.3.3 Effects of Model Configurations, Residual Learning, and Loss Function 
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Figure 4.11: Top: performance of DWAN with a different number of wide activation 

residual blocks. The number in the suffix of the model represents the number of wide 

activation residual blocks in each pathway. Bottom: performance of DWAN with and 

without residual learning. DWAN_NoRes has the same architecture as DWAN except 

residual learning. 

 

Figure 4.11 shows the performance of DWAN_sm with a different number of wide 

activation residual blocks. In general, DWAN_sm with 4 wide activation residual blocks 

(DWAN_4) yielded the highest PSNR and SSIM on meanCBF-10_nsm to meanCBF-

20_nsm, whereas DWAN_sm with 3 wide activation residual blocks (DWAN_3) yielded 

better SSIM for meanCBF-30_nsm to meanCBF-40_nsm. Since our goal was to train a 

model that has the best denoising performance with low SNR input, we chose DWAN_4 

in our ASLDN. Figure 4.11 also shows that DWAN_sm with residual learning had better 

PSNR and SSIM performance than without residual learning. Table 4.4 shows the grid 
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search results of finding the best combination of expansion rate E and the number of input 

filters M for all wide activation residual blocks. We found that E=4 and M =32 achieved 

the best denoising performance.  

Table 4.4: The PSNR of DWAN with different expansion rate E and different number of 

input filters M. N/A = Not Applicable due to the total number of filters E*M exceeding the 

limitation of GPU memory and causing unstable training of DWAN. 

      E  

M 1 2 4 6 8 

16 26.00 25.83 26.02 25.81 26.11 

32 26.07 26.12 26.26 26.12 N/A 

64 26.14 26.15 N/A N/A N/A 

128 25.63 N/A N/A N/A N/A 

 

Figure 4.12 shows the training loss and validation loss of DWAN_sm. Training loss was 

the mean absolute errors between output images and surrogate GT over the training dataset. 

Validation loss was the mean absolute errors between output images and surrogate GT over 

the validation dataset (the validation dataset was a small sample of data that was separated 

from the training set, and was used to provide an unbiased evaluation of a model’s 

performance during training). When the validation loss stopped decreasing and the training 

loss was still decreasing, the model started to overfit the training dataset, which would 

make the model performance decrease on test datasets. To avoid the overfitting problem, 

the early stopping [85] technique was used during training.  
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Figure 4.12: Left, training and validation loss of DWAN_sm. Right, training and validation 

loss of DWAN_nsm. 

4.4. Discussion and Conclusion 

In this chapter, we proposed a new CNN architecture, DWAN, and validated it in ASL 

CBF denoising. Dilated convolutions were combined with wide activation residual blocks 

to form the basic units of DWAN. Applied to mean CBF maps calculated from a different 

number of L/C image pairs, DWAN demonstrated better denoising performance than other 

CNNs and the non-DL based approach, though all DL-based methods outperformed the 

traditional approaches. The performance was evidenced by image appearance, quantitative 

measures (PSNR and SSIM) and qualitative measure (radiologic scores). Smoothing-based 

denoising inevitably introduces blurring, but interestingly the DL-based approaches didn’t 

show observable image blurring as evidenced by the image profiles. We also demonstrated 

that the same DWAN model can be used to denoise CBF images with different noise levels 

without retraining the model.   

The decrease of MAE and increase of PSNR, SSIM and CCC of DL-ASL can be 

explained by two features of the CNN-based DL network. First, the spatially incoherent 

noise is suppressed by the many hierarchical convolutional filters in CNN. Each filter is 
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learned to have different weights, resulting in suppressing different aspects of noise while 

retaining the cross-subject and cross-regional perfusion signal features. By using a 

hierarchical structure, the remaining noise can be further suppressed in the upper level 

through another series focal convolution processes. Second, DL-ASL is constructed to 

learn the cross-subject cross-regional perfusion features, making it robust to noise which 

usually doesn't have common spatial patterns across subjects and regions [86]. Traditional 

convolution often reduces spatial resolution. In a preliminary version of our published 

method [74] [70], we observed blurring effects after using an early version of CNNs in 

ASLDN. In our proposed method, the capability of preserving tissue boundary sharpness 

and spatial resolution of DWAN was mainly due to the use of two pathways enhanced with 

dilated filters and wide activation blocks [28]. 

Our evaluations converge to a major benefit: with the help of DWAN, we can 

shorten the acquisition time by 4 times to be 1min 20 sec without losing much CBF image 

quality as compared with the full-length acquisition, which was 40 C/L pairs in this chapter.  

Shortening acquisition time is highly valuable when subjects or patients have difficulty 

keeping still in the scanner. 

It is worth to note that ASLDN was only trained with data from healthy subjects. 

Both signal and noise might have different distributions in diseased populations, which 

may cause less efficient denoising for patients' data as it may not be able to suppress the 

extra noise in diseased populations. While that problem is universal to non-deep learning 

and deep learning-based methods, it might be less severe in DL as the model is trained to 

learn the signal or noise across many different people and distributed brain regions which 

themselves present large variability. On the contrary, traditional methods often rely on a 
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pre-determined model which doesn't change based on the data and then is less adaptive to 

the data. To have a model fully capable of suppressing noise or artifacts for patients, the 

model must be trained with additional data from patients. 

In summary, we introduced DL into ASL MRI denoising and proposed a new 

denoising model DWAN in this chapter. ASLDN substantially improved the quality of 

ASL CBF, reducing acquisition time by 75% (as compared to the 5 mins scan). Besides, 

ASLDN showed the generalizability of denoising CBFs with different noise levels without 

model retraining.   
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CHAPTER 5  

PRIOR-GUIDED SLICE-WISE ADAPTIVE OUTLIER CLEANING 

FOR ARTERIAL SPIN LABELING
 
PERFUSION MRI 

 

5.1 Introduction 

Due to the low SNR of a single ASL scan, we need to conduct repeated ASL scans to obtain 

a relative high-quality mean CBF map for data analysis. However, the mean CBF map is 

very sensitive to outliers that originated from head motion or other contaminating sources. 

During the signal averaging process, outliers with large positive and negative values can 

dominate the process and result in artifacts of bright spots or dark spots in the mean CBF 

map. Thus, removing outliers is a very important step for ASL MRI post-processing. 

Current state-of-art Adaptive outlier cleaning (AOC) methods [18] has two issues: one is 

that current AOC methods discard whole outlier volumes (3D images) without considering 

whether they contain non-outlier slices (2D images) or not. Discarding the entire volume 

reduces the sample size and the SNR for non-outlier voxels. The other is that if the 

reference CBF is already dominated by noise, outlier rejection criterion based on the low 

correlation with the reference CBF will actually reject the less noisy volumes but keep the 

noisier ones. Current AOC methods do not consider incorporating prior information (such 

as anatomical structure information) to identifying outliers in the early iterations.  

In this chapter, we propose a better adaptive outlier cleaning method by adding 

prior guidance and a slice-wise outlier rejection. First, anatomical structure information 

was adapted as prior information to guide the outliers cleaning method in early iterations. 
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Second, we rejected outliers slice-wise instead of volume-wise, which saves non-outlier 

slices from the outlier volume and improves the SNR for non-outlier voxels.  For ease of 

description, we dubbed the new AOC method as prior-guided AOC (PAOC). 

5.2 Materials and Methods 

5.2.1. Proposed Method 

Figure 5.1 shows the flowchart of PAOCSL. The algorithm can be modified as the volume-

wise PAOC after removing the slice-wise loop. The algorithm is detailed below: 

Identification of a potential outlier: Because a CBF map follows the similar spatial 

distribution of a grey matter density map, a pseudo CBF map that combines structural 

information of GM and WM is introduced as the prior guided CBF references. Specifically, 

the pseudo CBF map is a weighted sum of the GM and WM probability maps from the 

segmentation of the structural images, i.e. pseudo CBF= GM × 𝛽 + WM. The weight 𝛽 is 

a constant and is larger than 1 to ensure GM has a higher value than WM (𝛽 is 1.8 in this 

paper). We do not incorporate cerebrospinal fluid (CSF) in the pseudo CBF as CSF has no 

meaningful ASL signal. A potential outlier is identified when the slice (or volume) has 

least correlation with the pseudo CBF.  In the next step, if the exclusion of the potential 

outlier from the averaging process resulted in reduced spatial variation within each tissue 

(GM/WM) type, the potential outlier will be identified as a true outlier and subsequently 

removed. It should be noted that usually the exclusion of a slice or volume from the 

averaging process should have increased the variation within each tissue type because of 

less suppression of random noise. But since outliers dominates the averaging process, 

removing the outliers will reduce the variations within each tissue type. The variations 
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within each tissue type were computed as the sum of standard deviation of CBF signals in 

each tissue type.  

Constraints for removing an outlier: Because bulk head motions usually occur in a time 

long enough to acquire several slices, the most adjacent slices within the same volume 

should see similar outliers. If adjacent slices are processed independently, they may have 

quite different outlier timepoints removed, resulting in large discontinuity at certain places 

in the final cleaned image. Thus, we penalize variations of GM and WM include the 

neighboring slices, which will constrain the process of outlier removal to have similar 

outlier timepoints removed for adjacent slices. We empirically found that including 3 slices 

(the current slice, the superior slice and the inferior slice) provides a balance between 

performing outlier removal locally while obtaining a continuous resulting CBF map. Noted  

that larger number of neighboring slices will bring PAOCSL closer to a volume-wise 

PAOC. 
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Figure 5.1: Flowchart of the prior-guided AOC algorithm. pmCBF means pseudo mean 

CBF map; SL means the maximum number of slices; slnei means the neighboring slices 

around the current slice sl; β is an empirically defined constant; CC means correlation 

coefficient; corr means correlation; WM/GM means white matter/grey matter; std means 

standard deviation. 
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5.1.2 Image Acquisition 

Repeat ASL data were acquired twice with 3 months apart. The data were obtained from 

the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database. This data included 19 

EC [age: 74.7±6.6 yrs (mean ± standard deviation), Mini-Mental Status Examination 

(MMSE): 29.2±1.1, 9 males, 10 females]. The structural images were acquired using a 3D 

MPRAGE T1-weighted sequence with the following parameters: TR/TE/TI = 

2300/2.98/900 ms, 176 sagittal slices, within plane FOV=256×240 mm2, voxel size= 

1.1x1.1x1.2 mm3, flip angle=9˚, bandwidth=240 Hz/pix. ASL data were acquired using the 

Siemens product PICORE sequence [87], which is a pulsed ASL (PASL) sequence using 

the Q2TIPs [88] technique for defining the spin bolus. The acquisition parameters were: 

TR/TE=3400/12 ms, TI1/TI2=700/1900 ms, FOV=256 mm, 24 sequential 4 mm thick 

slices with a 25% gap between the adjacent slices, partial Fourier factor= 6/8, bandwidth = 

2368 Hz/pix, imaging matrix=64×64. The first volume of the 105 ASL acquisitions was 

used as the M0 image. 

ASL images were preprocessed using ASLtbx [65] with the procedures in section 

3.3.1. GM/WM masks were then created by thresholding the GM/WM probability maps 

with a threshold of 0.4. After CBF calculations, the CBF time series were cleaned using 

the following cleaning algorithms: the Structural Correlation based Outlier Rejection 

(SCORE) algorithm [18] (the first improved adaptive outlier cleaning method), prior-

guided adaptive outlier cleaning (PAOC) method applied to image volumes, and slice-wise 

PAOC (PAOCSL). Other methods were not included because they were compared with 

SCORE in [18] . 
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The effects of outlier cleaning were evaluated with SNR and test-retest stability. 

The SNR of CBF maps was the mean GM CBF value divided by the standard deviation of 

WM CBF values. Mean CBF maps were projected into the MNI standard brain space. We 

used intraclass correlation coefficient (ICC) to measure the test-retest stability. ICC was 

calculated at each voxel of all subjects’ repeat ASL CBF maps obtained by various outlier 

cleaning methods. PAOCSL may also benefit 3D ASL data. To verify this possibility, we 

applied PAOCSL to recently published 3D ASL data [89]. The 3D ASL data was acquired 

using our state-of-art background suppressed spiral readout 3D pseudo continuous ASL 

sequence with partition-wise parallel imaging acceleration [89] [90]. 

5.2 Experimental Results 

 

 

Figure 5.2: ASL CBF maps of a representative subject processed with different methods: 

A) NAOC, B) SCORE, C) PAOC, D) PAOCSL. Image display window was 0-60 
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ml/100g/min. Green ovals mark the places with improved CBF image contrasts in 

PAOCSL.  

Figure 5.2 demonstrates results from one representative subject. NAOC means no adaptive 

outlier cleaning method used. Moving from NAOC to SCORE, PAOC, and then PAOCSL 

(Figure 5.2 A-D), the image quality of CBF gradually improved in places marked by the 

yellow ovals. PAOCSL recovered signal in the posterior part of the brain, and suppressed 

the artificial bright spot in the anterior part of the brain. 

  

Figure 5.3: Boxplots of SNR of different outlier cleaning approaches. Red bar indicates 

median of the SNR of all subjects (n=19). PAOCSL showed significantly higher SNR than 

other methods (p<0.005 for all possible two-sample t-tests). 

Figure 5.3 shows the SNR boxplot of 19 subjects’ session one data. PAOCSL 

produced the highest SNR than NAOC, SCORE, and PAOC (p<0.005 for all possible two-

sample t-tests). No significant SNR difference was found between other methods. SCORE 

and PAOC identified 12 and 14 outlier CBF images on average (containing all 24 slices), 

respectively. Across slices, PAOCSL identified 23 outlier timepoints, but only 5 timepoints 

on average had the entire CBF image volume removed. Figure 5.4 shows the number of 
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removed outlier slices versus time curve for a representative subject from ADNI. Even 

though most of timepoints presented outlier slices, only 11 timepoints had the whole 3D 

CBF volume removed as the outliers. 

 

Figure 5.4: Number of outlier slices removed at different timepoint for one representative 

subject from the ADNI database 
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Figure 5.5: ICC maps of CBF maps obtained with different methods: From top to bottom: 

no AOC, SCORE, PAOC, and PAOCSL. The threshold was 0.5 and the colorbar indicates 

the display window of ICC. Red oval and red box indicate places with higher CBF 

measurement test-retest stability after applying PAOCSL. 

Figure 5.5 illustrates the ICC analysis results. PAOC improved ICC in both the 

anterior and posterior part of the brain compared to NAOC. Though PAOC showed similar 

ICC patterns to those of SCORE, PAOCSL yielded better CBF ICC in a few brain regions 

as marked by the red oval and red box in Figure 5.5 D. 
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Figure 5.6: 3D ASL CBF maps of a young healthy subject processed with: A) NAOC, B) 

SCORE, C) PAOC, D) PAOCSL. Green ovals mark the places with improved CBF image 

contrasts in PAOCSL in terms of better image homogeneity and less signal loss in inferior 

frontal regions. Image display window was 0-80 ml/100g/min. 

Figure 5.6 demonstrates the CBF map of a representative subject from the 3D ASL 

dataset. Quite similar CBF maps were produced by all the methods.  Compared to non-

outlier rejection, only the slice-wise outlier rejection achieved moderate improvement in 

areas as marked by green ovals. 

5.3 Discussion and Conclusion 

Outlier cleaning is an important step in ASL MRI data processing because of the low SNR 

and the limited number of samples in each scan. In this chapter, we showed that 

incorporating prior knowledge about CBF structural distributions into AOC and using a 

slice-wise outlier cleaning method enhanced both image quality and the test-retest stability 



79 
 

of ASL CBF. A prior guided reference CBF map can avoid bias from extreme outliers in 

the early iterations of outlier cleaning, ensuring a correct identification of the true outliers. 

Slice-wise outlier rejection can save slices with CBF values in the reasonable range even 

they are in the outlier volumes, or remove outlier slices even if they are in the non-outlier 

volumes. Our data demonstrated that this fine scale outlier cleaning method provided much 

better improvement of CBF image quality. Rejecting outliers reduces the number of 

samples and may reduce SNR if noises follows Gaussian or Rician distribution [91]. 

However, CBF image outliers usually show very different image distribution from the 

regular CBF image and subsequently induce large noise variations. Removing those 

outliers should help to reduce the noise variation and increase SNR of CBF. This variance 

reduction is in fact a mandatory criterion for rejecting the outliers from further image 

averaging process in SCORE, PAOC, and PAOCSL, which explains the SNR increase 

between these methods and the standard processing steps (NAOC). PAOCSL showed the 

highest SNR increase because noise reduction is executed for each slice separately. Similar 

to the extent of SNR improvement, volume-wise outlier cleaning (SCORE and PAOC) 

showed marginal ICC improvement. In contrast, PAOCSL produced high test-retest CBF 

stability in spatially more extended brain regions.     

Although the reference CBF images used in this chapter were created empirically 

from the segmented GM and WM maps, they can be replaced with any proton density 

weighted images. Test-retest stability is widely used as a performance index in fMRI but 

higher test-retest stability may also show a result of suppressing true physiological 

variations. This however is much less of a concern because averaging out the physiological 

variations is unavoidable even without outlier rejection.  
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In conclusion, a prior-guided slice-wise adaptive outlier cleaning (PAOCSL) 

method was proposed in this chapter for ASL perfusion MRI. PAOCSL can markedly 

improve CBF quantification quality in terms of SNR and test-retest stability.  
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CHAPTER 6  

CONCLUSION AND FUTURE WORK 

 

6.1 Conclusion 

In this dissertation, we proposed machine learning-based methods for Arterial Spin 

Labeling MRI signal processing. This thesis has explored the effectiveness of using 

machine learning and deep learning to improve the image quality of ASL. Experimental 

results have demonstrated the efficacy of the techniques theoretically and practically. 

Especially, we have developed the following methods: 

First, we developed a learning-from-noise method for DL-based for ASL denoising. 

The proposed learning-from-noise method shows that DL-based ASL denoising (ASLDN) 

models can be trained using only noisy image pairs, without any deliberate post-processing 

for getting the quasi-noise-free reference during the training process. This learning-from-

noise method can also be applied to DL-based ASL perfusion prediction from BOLD fMRI 

as ASL reference are extremely noisy in this BOLD-to-ASL prediction. Experimental 

results demonstrated that this learning-from-noise method can reliably denoise ASL MRI 

and predict ASL perfusion from BOLD fMRI. Moreover, by using ASLDN-LFN, more 

training data can be generated as it requires fewer samples to generate quasi-noise-free 

reference, which is particularly useful when ASL CBF data are limited. 

Second, we proposed a novel and optimized deep learning neural network, i.e., 

Dilated Wide Activation Network (DWAN), for ASL denoising. Our method present two 

novelties: first, we incorporated the wide activation residual blocks with a Dilated 

Convolution Neural Network to achieve improved denoising performance in term of 
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several quantitative and qualitative measurements; second, we evaluated our proposed 

model given different inputs and references to show that our denoising model can be 

generalized to inputs with different levels of SNR and yielded images with better quality 

than other methods. 

Third, we designed a prior-guided and slice-wise adaptive outlier cleaning 

algorithm (PAOCSL) to improve the original Adaptive Outlier Cleaning (AOC) algorithm. 

A prior information guided reference CBF map is used to avoid bias from extreme outliers 

in the early iterations of outlier cleaning, ensuring correct identification of the true outliers. 

Slice-wise outlier rejection is adapted to reserve slices with CBF values in the reasonable 

range even they are within the outlier volumes, or remove outlier slices even if they are in 

the non-outlier volumes. Experimental results show that the proposed outlier cleaning 

method showed both improved CBF quantification quality and CBF measurement stability.  

6.2 Future Work 

Current DL-based ASL denoising methods are supervised learning, i.e., training with 

references. A future direction could be using semi-supervised or unsupervised learning for 

ASL denoising, that is, training an ASLDN with limited references or without any 

reference. This would be very beneficial as the number of training references is limited.  

Besides, combining prior knowledge into ASLDN and ASLDN-LFN is another future 

direction. GM probability map provides useful prior information and could be incorporated 

into the training process of ASLDN as a regularization term. This could guide the training 

of ASLDN and possible improvement of ASLDN and ASLDN-LFN.  
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Furthermore, the prior-guided slice-wise adaptive outlier cleaning (PAOCSL) method can 

be used as a pre-processing step for ASLDN-LFN. PAOCSL can be used to remove outliers 

among noisy references, which could help ASLDN-LFN to learn the more accurate latent 

clean distribution. This method can also apply to BOA-Net where outliers would be even 

more abundant in noisy references. 
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