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A recurrent convolutional neural network is supervised machine learning way to process
images that has both properties of convolutional and recurrent networks. We propose Convo-
lutional Neural Network(CNN) based approach and its advanced recurrent version(RCNN) to
solve the problem of enhancing the resolution of images obtained from a low magnification
scanner, also known as the image super-resolution (SR) problem. The given class of scanner
produces microscopic images relatively fast and storage efficiently. However, those scanners
generate comparatively low quality images than images from complex and sophisticated scan-
ners and do not have the necessary resolution for diagnostic or clinical researches, therefore

low resolutions scanners are not in demand.

The motivation of this study is to determine whether an image with low resolution could be
enhanced by applying deep learning framework such that it would serve the same diagnostic
purpose as a high resolution image from expensive scanners or microscopes. We presented
novel network design and complex loss function. We validate these resolution improvements
with computational analysis to show an enhanced image give the same quantitative results.
In summary, our extensive experiments demonstrate that this method indeed produces images
which are same quality to images from high resolution scanners. This approach opens up new
application possibilities for using low-resolution scanners not only in terms of cost but also in

access and speed of scanning for both research and possible clinical use.
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Chapter 1

Introduction

Super-resolution (SR) problem is a well known class of problems, which task is construct-
ing a high-resolution (HR) image from a low-resolution (LR) image without loss of informa-
tion. In general, this problem has high degree of complexity and difficult to formulate universal
rules for the low to high transformation. With development of computational techniques and
computing machinery, convolutional neural networks(CNN) have became main driving tool to
solve this problem, since they have the ability to find highly non-linear complex functions that
constitute the mapping from the low-resolution to the high resolution image. Several recent
results have shown state of the art results for the superresolution problem [14, 15, 25]. How-
ever, since these CNN frameworks involve a large number of parameters, empirical evidence
has shown that such models need to be trained on large datasets to show reproducible accuracy
and avoid overfitting. This is not a problem for most applications in computer vision, where
labeled datasets in order of millions or larger (eg. ImageNet, Tinylmages and etc.) are readily
available. But for other application domains particularly microscopic or medical imaging, such
large sample sizes are hard to acquire, given that each image has to be acquired individually,
with significant human involvement. Therefore, lack of training data is a limiting requirement
for biological applications, when used with Deep Network architectures that can easily overfit

on small training samples.



1.1 Neural Networks

Neural Network, or An Artificial Neural Network is an information processing archetype
that is inspired by the way human brain process information. The main element of this approach
is the innovative system of units(neurons) interconnected into a large network with different
structures. Neural network belongs to class supervised machine learning framework that can
be trained by learning series of sample to perform some function, without any predefined rules.
Neural network has been recently widely used and became driving technique to solve complex
problems in different domains. Unfortunately, neural network was invited prior to computer’s
era, and suffered from at least one major obstacle and went throw several epochs. The initial
period of neural networks was began with enthusiasm followed by a period of frustration and
depression. Only relatively few scientists have made improvements at the time with lack of
financial and professional support. These explorers have created a solid technology which
outperformed the limitations identified by Minsky and Papert [53]. Minsky and Papert summed
up and showed a general feeling of frustration against neural networks among researchers, and
was thus accepted by most without further analysis. The evolution of cost efficient and high-
performance computers boosted usage of neural networks for complex tasks that cannot be
solved in traditional way.

In the context of super-resolution problem, the main idea of neural networks approach is to
find a non-linear function that maps a low-resolution as input to high-resolution output, or in
other words create a programmable rule that able to produce a relevant output depends on an

input .

1.1.1 Convolutional Neural Networks

Convolutional Neural Network(ConvNet) is special class of feed forward artificial neural
network with layers stacked in a queue and commonly used in computer vision to process im-

ages and videos including classification, recognition, transformation and even compression.



The main element in CNN is convolutional operation which resposible for information acqui-
sition and combination. The first application of CNN was provided by LeCun in 1989 [42], in
this article showed how handwritten zip code digits can be recognized by trained CNN.
Generally CNN architecture includes consecutive chain of convolution, pooling, activation,
and classification (fully connected). Convolutional layer extracts fetures and produces feature
maps by convolving a kernel with special size and shape across the input image. The main
purpose of Pooling layer is to decode the output of preceding convolutional layers by applying
the average or maximum of pixels in particular area and pass these values to the next layer.
Rectified Linear Unit (ReLLU) and its modifications such as Leaky ReLLU are the most com-
monly used activation functions in the middle layers. ReLU linear transformation of input data
by cutting any negative input values to zero(or close to zero values) while positive input values
are passed as output [27]. To measure correctness of a prediction on an input data, the loss
is used to compute the distance between the output of the last layer with expected result. Fi-
nally, parameters of the network are found by minimizing a loss function between prediction
and ground truth labels with regularization constraints, and the network weights are updated at
each iteration (e.g., using stochastic gradient descent or its modification Adam-optimization)

using backpropagation until convergence.

1.1.2 Recurrent Neural Networks

A recurrent neural network (RNN)[6, 23, 82, 52] is a class of artificial neural network where
connections between nodes form a directed graph along a sequence. Here, the input/outputs
are not independent, rather such models recompute the similar function for each element in
the sequence, with the intermediate/final output of subsequent elements in the network being
dependent on the previous computations occurring earlier in the sequence.

The traditional RNN preserves an inherited state h at time t that is the output of a non-linear

mapping from its input x; and the previous state h;_1:

ht:O'(WX.fUt‘f—UXhtfl‘i‘b) [11]



where weight matrices W and U are shared over time.

RNN networks are widely applied for speech recognition [20] and machine translation [2]
problems. However, relatively recent new applications have been found in image processing
domain for this type of neurons system [32, 71]. Fundamentally, they take advantage of the

nature of recurrent networks’ architecture and produce more relevant outputs.

1.2 Deep Learning

Deep learning refers to neural networks with many layers (usually more than five) that
extract a hierarchy of features from an input(e.g. raw image). It is a new and popular type
of machine learning technique that extract a complex system of features from images due to
their self-learning ability as opposed to the hand-crafted feature extraction in classical machine
learning algorithms. They achieve impressive results and generalizability by training on large
amount of data. The rapid increase in GPU processing power has enabled the development
of state-of-the-art deep learning algorithms. This allowed training of deep learning algorithms
with millions of images and provided robustness to variations in images.

There are several types of deep learning approaches that have been developed for differ-
ent purposes, such as object detection and recognition, image classification and segmentation,
speech recognition, and etc. Some of the known deep learning algorithms are stacked auto-
encoders, deep Boltzmann machines, deep neural networks, and convolutional neural networks
(CNNs). CNNs are the most commonly applied to image and video processing. For medical
imaging, particularly convolutional networks have rapidly become a methodology of choice
for analyzing a wide variety of medical images [3, 22, 29, 46, 78, 65, 60]. Such applications
include classification of diseases, lesion classification and localization/segmentation, and reg-
istration [49]. Oktay has applied a multi-stream convolutional neural network to reconstruct
high-resolution cardiac MRI from low-resolution input MRI volumes for similar problem do-
main [56]. In digital pathology, though deep/machine learning have been used for other pur-

poses [31, 40, 51, 72], such as computer aided diagnosis, detection of tumors in WSI, cancer
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staging, prediction of cardiovascular risk factors from retinal fundus photographs and deter-
mining a comprehensive way to reconstruct super-resolution (enhanced) images from low res-

olution scanners have not been studied before.

1.3 Application Domain

Histopathology is still one of the main approach in disease diagnose, with a technology
development it is common to use computer technology to create image-based information en-
vironment(Digital Pathology) and manage information generated from a digital slide in order
to microscopic examination of tissue and study the manifestations of disease. The key element
that enables digital pathology is virtual microscopy or Whole slide imaging (WSI). Here we
describe a problem scenario in digital pathology from microscopic imaging prospective where
the SR problem can be adapted to address an important challenge in this context and how to
address the issue of small sample size in this context. Whole slide imaging (WSI) or virtual mi-
croscopy is a technology that involves high-speed, digital acquisition of images representing
entire stained tissue sections from glass slides in a format that allows them to be viewed by a
pathologist on a computer monitor, where the image can be magnified and navigated spatially
in much the same way as standard microscopy. This method is popular due to education and
clinical demands[74, 75, 59]. Although modern whole slide scanners can now scan tissue slides
with high resolution in a relatively short period of time, significant challenges, including high
cost of equipment and data storage and the most relevant question of whether pathological di-
agnoses rendered using WSI are comparable with diagnoses made by microscopy, still remain
unsolved [58]. Despite these issues, WSI can have numerous advantages for pathologists as
well. Namely, the ability manipulate digital slides in shared fashion that leading to convenient
access, regardless of location of the pathologist, which in turn results in faster ways to get al-
ternative opinions, digital conferences, and decentralized primary diagnostic reviews. Digital
storage also allows integration of digital slides into the patient’s electronic profile as well as
easy access to archived slides [19, 76]. Nevertheless these advantages, data storage and com-

munication remain major drawbacks in high resolution digital pathology[58], in addition to the
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prohibitive cost of high resolution scanners. One potential way to address these issues is to use
LR images from low magnification slide scanners. Such devices are widely available, easy to
use, relatively cheap and can also quickly produce images- with smaller storage requirements.
However, LR images can increase the chance of misdiagnosis and false treatment if used as the
primary source by a pathologist. For instance, cancer grading normally requires identifying
tumor cells based on size and morphology assessments[1], which can be easily distorted in low
magnification images. Addressing these concerns requires a way to improve the resolution of
the images on-the-fly, without substantial increase in storage and computational requirements.

One of possible way to address the discussed issues is post-process low-resolution images
to enhance the quality and resolution, in order to achieve relatively equally similar to those
images acquired from high resolution scanners. This problem commonly solved by Superres-
olution (SR) methods, particulary Deep Learning(DL) approach has been frequently used in
recent times. Specifically, CNN based SR methods have shown state of the art results for a
number of applications [15], including for the application of interest here[55]. Despite this,
one of the main challenges that limit the applicability of DL methods for such biomedical ap-
plications, is the sample size of training data. As mentioned earlier, due to a large number
of parameters in CNNs, they require a large number of training samples (often in the order
of millions) to generalize well to unknown data. Applications such as ours do not satisfy this
desiderata since it is generally limited to smaller dataset sizes, due to the complexities associ-
ated with the acquisition process.

As a solution to the above problem, researchers have proposed algorithms focusing CNN
initialization tricks and modifications to CNN architecture designed for general purpose CNN
architectures. Our approach to solving this problem draws upon the inherent nature of the
superresolution problem. Suppose I; and [ respresents a particular low and high resolution
image pair. If I, is a significant resolution ratio higher than /;, learning their direct transfor-
mation function f(/;) = I, can be challenging leading to a overparameterized system. But

if we had access to some intermediate resolutions say /Is, ... I, 1 (with a smaller resolution



change between consecutive images), it makes intuitive sense that transformation which con-
verts an image of a given resolution, into the closest high resolution image would roughly the
same across all the resolutions considered, if we assume that resolution changes vary smoothly
across the sequence. Having more image pairs (/x_1, I) for & = 2...h. to train, it may be
computationally easier to learn a smooth function f , such that f (Ix—1) = I for all k. In this
paper we formalize this notion and develop a recurrent neural network(RCNN) to learn from

multi-resolution slide scanner images.



Chapter 2

Related Work

This section reviews dominated deep learning frameworks have been used to solve a su-
perresolution problem. We mainly focus on single-resolution and complex multi-resolution
architectures.

Single-resolution architecture Stacked collaborative local auto-encoders are used [12] to
construct the LR image layer by layer. [57] suggested a method for SR based on an exten-
sion of the predictive convolutional sparse coding framework. A multiple layer convolutional
neural network (CNN), similar to our model, inspired by sparse-coding methods is proposed
in[14, 15, 16]. Chen [10] proposed to use multi-stage trainable nonlinear reaction diffusion
(TNRD) as an alternative to CNN where the weights and the nonlinearity is trainable. Wang et.
al [73] trained a cascaded sparse coding network from end to end inspired by LISTA (Learn-
ing iterative shrinkage and thresholding algorithm)[24] to fully exploit the natural sparsity of
images. Recently, [62] proposed a method for automated texture synthesis in reconstructed
images by using a perceptual loss focusing on creating realistic textures. Several recent ideas
have involved reducing the training complexity of the learning models using approaches such
as Laplacian Pyramids [41], removing unnecessary components of CNN [48] and address-
ing the mutual dependencies of low and high resolution images using Deep Back-Projection
Networks[26]. In addition,Generative adversarial networks (GAN) have also been used for the
problem of single image super-resolution, these include [44, 77, 47, 35]. Other deep network
based models for image super-resolution problem includes [37, 38, 70, 63]. We also briefly re-

view SR approaches for sequence data such as videos. Most of the existing deep learning-based



video super-resolution methods using motion information inherent in video to generate a sin-
gle HR output frame from multiple LR input frames. Kappeler [36] wraps video frames from
the preceding and subsequent LR frames onto the current one using the optical flow method
and pass them through a CNN that produces the output frame. Caballero [8] follows the same
approach but replace the optical flow model with a trainable motion compensation network.
Huang et al.[32] use a bidirectional recurrent architecture for video super-resolution with shal-
low networks but do not use any explicit motion compensation in their model. Other notable
works include [61, 69].

Multi-resolution architecture Recurrent neural network (RNN) is well known among sci-
entists and has different utilization [9, 18, 30, 43], but most famous and prosperous applications
assign to the processing of sequential data such as handwriting recognition [43] and speech
recognition [28].

One of successful application a multi-dimensional RNN (MDRNN) justify handwriting
recognition was proposed in [21]. MDRNN has a conducted architecture in that it process
an image as 2D sequential data. However, MDRNN has a single hidden layer, which can-
not produce the feature hierarchy as CNN. Another type is a hierarchical RNN or the Neural
Abstraction Pyramid (NAP) is proposed for image processing [4]. NAP is a biology-inspired
architecture with both vertical and lateral recurrent connectivity, through which the image in-
terpretation is gradually refined to resolve visual ambiguities. Important that though the gen-
eral framework of NAP has recurrent and feedback connections, for object recognition only a
feed-forward version was tested. The recurrent NAP was used for other tasks such as image
reconstruction.

Relatively recent Recurrent Neural Networks have been used to address superresolution
problem [32] and opposite compression issue [71], their application shows significant im-
provement compare to traditional architectures. In [32] Huang and Wang use bidirectional
multi-frame network to improve video resolution by modelling temporal dependency in video
sequences. However, we are not aware of recurrent network application in the context of up-

scaling task.



Chapter 3

Methods

This chapter describes the our single-resolution [54] and its advanced modification using
multi-resolution models for reconstructing high-resolution images from low-resolution inputs.
First, we briefly define the problem via formal setting. Let /7 and L denote the high and low
resolution image sets respectively. For training/learning, we assume that the corresponding
high resolution image H; for each low resolution image L; is available. We extract patches from
the low resolution image L, and represent each patch as a high-dimensional vector (where the
vector for jth patch is reffered to as [;;). The goal of the training process is to learn a non-linear
function f, when applied to /;;, transforms it into a high-resolution reconstructed patch r ;. That
is 7;; = f(l;;). Then, we aggregate all such patches to form the reconstructed high resolution
image RR. The objective driving the training process often minimizes some metric of difference
between R and H. Most CNN [14, 15, 16] based models employ a number of convolutional
layers to learn the complex mapping between the imaging domains. But there are some salient
properties of our data which makes it hard to apply these existing approaches directly to our
problem. First, these models are trained by upscaling the LR input image to the size of HR
image, before it is passed through the CNN layers, which often leads to higher computational
times to train the model. Secondly, these methods are not designed to handle cases where the
LR image may be from a different modality, such as in our case, where the complexity of the
transformation is much greater. Also, most CNN based methods use mean square error(MSE)

as the metric to evaluate the similarity of H and R, that is MSE(H, R) = >, |H; — R;

2
29
where R; is the reconstuction of the ith image. Such a loss function is easy to minimize, but it

correlates poorly with human perception of image quality and as a result, the resultant images
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Figure 3.1 Architecture single-resolution convolutional neural network for image
superresolution.

are sometimes blurry and/or lacking the high-frequency components of the original images.

We address this issue by adding image saliency based terms in the objective.

3.1 Single-resolution convolutional neural network

Here, we describe the architecture single-resolution convolutional neural network 3.1 that
underlies in our proposed Convolutional Reccurent Neural Network. Feature extraction layer:
The first step in the convolution process is to extract features from the low resolution input im-
ages. Note that for most feature extraction methods such as Haar, DCT etc, the key problem
can be posed as the task of learning a function f, which takes as input the low resolution images
and outputs the learned features f (L;). Therefore the feature extraction process can be learned
as a layer of the convolutional neural network, which constitutes the first layer of our network.
This can be expressed as

Y, = o6y x L+ by) [3.1]

where L is the entire corpus of low resolution images and #; and b, represent the weights and
biases of the first layer. The weights are composed of n; = 64 convolutions on each image
patch, with each convolution filter being of size 2 x 2. Therefore this layer has 64 filters, each
of size 2 x 2. The bias vector is of size b; € R™ . We keep filter sizes small at this level, so as
it extract more fine grained features from each patch. The o(z) function implements a ReLU

function, which can be written as o(z) = max(0, x).
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Feature mapping layer The second layer is similar to the previous layer except the filter
sizes are set to 1 x 1. The number of filters are still set to 64. The purpose of this layer is to
obtain a weighted sum pool of features across various feature-maps of the previous layer. The
output of this layer is referred to as Y5.

Intermediate convolutional layers: The feature extraction layer is followed by three con-
volutional layers. In this setting, we assume that for the ith layer (i € {3,4,5}), the previous
layer output is given Y;_;, which is then served as input to the ith layer. The convolutional

filter functions in these intermediate layers can be written as follows:
Yi=0(0; xY;_1+b;) i€3,4,5 [3.2]

where 6; and b; represent the weights and biases of the ith layer. Each of the weights 6; is
composed of n; filters of size n;_; x f; X fi. We set n; = 28~%. This makes ns = 32 and the
number of filter decreases by a factor of 2, with each subsequent layer. We observe this has
computational advantages, without noticeable decay in reconstruction performance. The filter
sizes f; are set to {3, 2, 1} for each of the three layers respectively. This is akin to first applying
the non-linear mapping to 3 x 3 patch of the feature map and then progressively reducing the
size to 1. This structure is inspired by hierarchal CNN models, as described in [33].

Subpixel layer: The purpose of the final (6th) layer is to increase the resolution of the LR
image to convert it to a HR image from the learnt LR feature maps. For this, we use a subpixel
layer similar to the one proposed in [66]. The advantage of using such sub-pixel layer is that
other previous layers operate on the reduced LR image, which reduce the computational and
memory complexity substantially.

The upscaling of the LR image to the size of the HR image is implemented as a convolution
with a filter 6,,;, whose stride is % (r 1s the resolution ratio between the HR and LR images).
Let the size of the filter 0,,;, be f... A convolution with stride of % in the LR space with a filter
0. (Weight spacing %) would activate different parts of 6, for the convolution. The weights
that fall between the pixels will not be activated. The patterns are activated at periodic intervals

of mod(x,r) and mod(y, r) where x, y are the pixel position in HR space. Alternatively, this
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can be implemented as a filter 05, whose size is n5 x 1% x fg X fg, given that fs = feur gnd

r

mod( fsu, ) = 0. This can be written as
Yy = v(0 x Ys + bg) [3.3]

where  is periodic shuffling operator which rearranges 72 channels of the output to the size of

the HR image (See [67] for the detailed reasoning).

3.2 Multi-resolution convolutional neural network

In addition to low and high resolution images L and H respectively, we use two more
intermediate resolutions of all images, we call these sets /! and I? respectively. These image
sets can be ordered in terms of increasing resolution as L, I'', 12, H. For training/learning, we
assume image to image correspondence among these four sets are known. Here, we propose a
special designed recurrent convolutional network (RCNN) which uses a CNN sub-architecture
to map the low-resolution images to next high resolution one. The three CNN sub-networks
simulate our successfully applied network presented in [54], one for each input-target pair
(L, I"), (I',I?) and (I?, H) respectively. These three CNN sub-networks are interconnected
in a recurrent manner. Furthermore, we impose that the CNN pipelines share similar weights,
to ensure that function learned for each pair of images is roughly the same. We describe the

details of our model next.

3.2.1 CNN sub-network

Here we describe the basic structure of each CNN sub-network ad its constituent layers.

Feature Extraction-Mapping Layer: The first step in the convolution process is to extract
features from the low resolution input images. The feature extraction process can be learned
as a layer of the convolutional neural network, which constitutes the first layer of our network.
This can be expressed as

~

Yy = o6y x L+ by) [3.4]
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where L is the entire corpus of low resolution images and 6; and b; represent the weights and
biases of the first layer. The weights are composed of n; = 64 convolutions on each image
patch, with each convolution filter being of size 2 x 2. Therefore this layer has 64 filters, each
of size 2 x 2. The bias vector is of size b, € R"'. We keep filter sizes small at this level, so as
it extract more fine grained features from each patch. The o(z) function implements a ReLU
function, which can be written as o(z) = max(0, z). This is followed by a sum pooling layer,
to obtain a weighted sum pool of features across various feature-maps of the previous layer.
The output of this layer is referred to as Y;.

Convolutional Layers: The feature extraction layer is followed by three convolutional
layers. In this setting, we assume that for the ith layer (i € {2, 3,4}), the previous layer output
is given Y;_1, which is then served as input to the ith layer. The convolutional filter functions

in these intermediate layers can be written as follows:
Yi=0(0; xY,_1+b) 1€2,3,4 [3.5]

where 6; and b; represent the weights and biases of the ith layer. Each of the weights 6; is
composed of n; filters of size n;_1 X f; X f;. We setn; = 27~ This makes ny = 32 and the
number of filter decreases by a factor of 2, with each subsequent layer. We observe this has
computational advantages, without noticeable decay in reconstruction performance. The filter
sizes f; are set to {3, 2, 1} for each of the three layers respectively.

Subpixel Layer: The purpose of the subpixel layer is to increase the resolution of the lower
resolution image to convert it to a higher resolution image from the learnt LR feature maps or

vice versa. This layer is identical to the subpixel layer in our single-resolution network.

3.2.2 Recurrent Convolution Network

There are two types of connections used to connect the 3 CNN subnetworks, see Figure
3.2. The first type of recurrent convolutions, denoted by dotted lines, aim to model the depen-
dency across images of the closeby resolution difference. These convolutions connect adjacent

hidden layers of successive images(ordered by resolutions), where the current hidden layer is
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conditioned on the hidden layer at the next higher resolution image. Since the image sizes
differ at between these two layers, we use a subpixel layer (described next) to convert the input
to appropriate sizes. The second type of recurrent convolutions, are denoted by dashed lines.
This is used to model the dependency of a given hidden layer of the current image on the hid-
den layer at the immediate previous layer of the next higher resolution image. This endows the
hidden layer with not only the output of the previous layer, but also information about how a
higher resolution image has evolved. Once again, we add a subpixel layer to account for the

size difference in the images being considered.

3.3 Training and loss function

The objective function, based on which the CNN is trained, is crucial in determining the
quality of the high resolution reconstructions. Most SR systems minimize the pixel-wise mean
squared error (MSE) between the HR and the reconstructed image, which while easy to opti-
mize, often correlates poorly with human perception of image quality. This is because MSE
estimator returns the average of a number of possible solutions, which does not perform well
for high-dimensional data [62]. The paper by [39] shows that two very different reconstructions
of the same image, can have the same MSE error and reconstructions based on MSE alone has
been shown to be blurry and/or lack high frequency components of the original image [62, 68].
To address this issue, we train our CNN using linear combination function of Multi-scale struc-
tured similarity (MSSIM) in addition to mean square error between the reconstructed image(R)
and the high resolution image (/). We briefly describe this objective next. In particular we
choose the MSSIM, since it better calibrated to capture perceptual metrics of image quality.
Also, its pixel-wise gradient has a simple analytical form and is inexpensive to compute and
therefore can be easily incorporated in gradient descent based back-propagation. MSSIM is
the multi-scale extension of structured similarity (SIM), which is defined based on the follow-
ing parameters. Let x and y be two patches of equal size from the two images [/ and R being

compared. Assume j, (u,) denote the mean, o2 (05) denote the variance of the patch z(y)
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respectively, and o,, denote their covariance. Therefore, the SIM function can be defined as:

SIM(z,y) = I(x,y)*C(z,y)"S(z.y) [3.6]
were I(z,y) = % is the luminance based comparison, C(z,y) = % is a
measure of contrast difference and S(x,y) = % is the measure of structural differences

between the two images. ¢; for i = {1,2, 3} are small values added for numerical stability and
the o, 5 and ~y are the relative exponent weights in the combination. The structured similarity
between the images / and R is averaged over all corresponding patches = and y. This single-
scale measure assumes a fixed image sampling density and viewing distance, and may only be
appropriate for certain range of image scales. To make it more broadly applicable, a variant
of SIM, called the multi-scale structured similarity (MSSIM) has been proposed. Here, the
input z and y are iteratively downsampled by a factor of 2 with a low-pass filter, (with scale 1
denoting the original scale). The contrast and structural components of SIM are calcuated at
all scales (denoted by C), and S, for scale p). The luminance component is applied only at the

highest scale(say P). The multi-scale structured similarity function can be written as
P
MSSIM (z,y) = Ip(x,y) H (z,9)% S, (z.y)" [3.7]

In our case, all the weights in the exponents are kept the same. We compute the MSSIM
using 4 different scales, and use window sizes of 4 x 4 to calculate the metrics across both
images.

Our loss function can be written as follows:
L(H,R) = pMSE(H, R) + (1 — p)MSSIM(H, R) [3.8]

where p is between 0 and 1. Since both terms in the objective is differentiable, we can train the

neural network using gradient descent, adopting standard back propagation methods.
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Chapter 4

Experiments

This chapter presents conducted experiments to evaluate performance of the proposed ap-
proach on three tissue microarray (TMA) datasets, a Breast TMA dataset consisting of 182 im-
ages [11], and a Kidney TMA dataset with 381 images[5] and a Pancreatic TMA dataset with
180 images. Tissue microarray or TMA is one of recently developed direction in pathology.
A microarray consists numbers of tiny tissue fragments from different studies assembled in
one histologic slide, and therefore provides high efficient analyze ability of multiple specimens
simultaneously. Tissue microarrays are paraffin blocks produced by extracting cylindrical tis-
sue cores from different paraffin donor blocks and re-embedding these into a single microarray
block at defined array coordinates.[34]

To measure the reconstruction quality of our deep learning framework, eight different met-
rics have been used to calculate distance between a high-resolution image as ground truth and
a reconstructed image : 1) root mean square error (RMSE), 2) signal to noise ratio (SNR), 3)
structured similarity (SSIM) and 4) Mutual Information (MI) 5) Multiscale Structured Similar-
ity (MSSIM) 6) Information Fidelity Criteria(IFC) [64] 7) Noise quality measure(NQM)[13]
and 8) Weighted peak signal-to-noise ratio (WSNR) [7]. RMSE should be as low as possible,
whereas SNR, SSIM(1 being the maximum), MSSIM (1 being the maximum) and the remain-
ing metrics, should be high for good reconstruction.

Moreover, to achieve provided results we trained our two type of networks separately for
each TMA datasets, so 6 sets of network parameters have been acquired. This allows to achieve

the high accuracy in the image reconstruction process.
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4.1 Single-resolution convolutional neural network

First, we compare our sigle-resolution method with 6 other approaches: bicubic interpola-
tion, which is a standard baseline, the patch based sparse coding approach (ScR) in [80, 81, 79],
the deep learning approach (CSCN) [73, 50], the convolutional neural network based frame-
work (FSRCNN) [16], a CNN model which uses a subpixel layer (ESCNN), a sparse coding
based Dictionary learning method implemented using deep learning (SCDL) [55] and a GAN
based implementation of SR (SRGAN)[45, 17]. All methods were trained with the same train-

ing batch of images and number of epochs.

Table 4.1 Quantitative results from reconstructed Breast images.
Breast TMA

Method RMSE SNR SSIM MI MSSIM  IFC NQM WSNR

Ours 1839 2299 0.7968 0.2784  0.94 286 1940 23.73

Bicubic 3494 1739  0.48 0.20 7 1.09 9.05 16.97
ScR 3232 1828  0.60 0.23 0.82 098 844 17.59
CSCN 1882 2287 0.66 0.16 .65 32 3.6 18.48

FSRCNN 20.11 2226  0.65 0.15 0.68 040 3.13 16.51
ESCNN 26.63 1974 0.71 0.21 0.85 1.65 1039  20.0
SCDL 16.69 2392 0.69 0.23 0.85 1.27 931  20.71

SRGAN 29.76 18.74  0.73 .19 0.81 122 970  19.50

The table 4.1 shows that out single-resolution approach beats well known state of arts in
most of metrics. Only the patch based sparse coding approach (ScR) has relatively better root
mean square error (RMSE) and signal to noise ratio (SNR). The table 4.2 contains metrics for
Kidney TMA dataset, that has significantly better result compare to other approaches. We did
not perform comparison for Pancreatic TMA dataset, but visual results Figure 4.1 and Figure

4.2 show same level of quality with breast and kidney datasets.
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Figure 4.1 Results of reconstruction of breast TMA with CNN: Columns 1 and 3 show high
and low resolution images and Column 2 shows the reconstructed image.
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Figure 4.2 Results of reconstruction of Pancreatic TMA with CNN: Columns 1 and 3 show
high and low resolution images and Column 2 shows the reconstructed image.
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Table 4.2 Quantitative results from reconstructed Kidney images.
Kidney TMA

Method RMSE SNR SSIM MI MSSIM IFC NQM WSNR

Ours 2048 2196 .75 0.21 0.93 199 1341 30.05
Bicubic 36.66 1639 049 0.16 0.71 .60 1.07 17.46
ScR 3232 1828 0.60 0.19 0.78 0.84 526 19.31
CSCN 3155 18.20 47  0.18 0.66 0.61 536 17.30
FSRCNN 3586 18.43 58 0.15 0.64 025 494 2040
ESCNN 3353 1769 062 0.17 0.80 090 424 19.75
SCDL 2234 21.18 .63 0.20 0.87 193  8.05 24.36
SRGAN 29.11 1892 0.72 .15 0.81 0.87 7.028  23.31

4.2 Multi-resolution convolutional neural network

Here, we show that multi-resolution approach improves results and metrics compare to
single-resolution one. Results are shown in Tables 4.3, 4.4 and 4.5.
Qualitative images of the reconstruction are shown in Figure 4.3 for Breast TMA, Figure

4.4 for Kidney and Figure 4.5 for Pancreatic TMA.
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Figure 4.3 Results of reconstruction of breast TMA with RCNN: Columns 1 and 3 show high
and low resolution images and Column 2 shows the reconstructed image.
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Figure 4.4 Results of reconstruction of Kidney TMA with RCNN: Columns 1 and 3 show
high and low resolution images and Column 2 shows the reconstructed image.
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Figure 4.5 Results of reconstruction of Pancreatic TMA with RCNN: Columns 1 and 3 show
high and low resolution images and Column 2 shows the reconstructed image.

25



Breast TMA

Metric CNN RCNN Metric CNN RCNN

RMSE 18.39 15.64 | MSSIM .94 0.95
SNR 2299 24.36 ITC 2.86 3.16
SSIM 79 98 NQM 1940 20.33

MI 27 31 WSNR 23.73  26.59

Table 4.3 Quantitative results from reconstructed Breast images.

Kidney TMA

Metric CNN RCNN || Metric CNN RCNN

RMSE 2048 11.60 || MSSIM .93 97
SNR 27.04 28.31 ITC 1.99 3.04
SSIM 5 98 NOQM 1341 11.15

MI 21 35 WSNR 30.05 30.60

Table 4.4 Quantitative results from reconstructed Kidney images.

Pancreas TMA
Metric CNN RCNN || Metric CNN RCNN
RMSE - 20.32 || MSSIM - 0.93
SNR - 22.07 ITC - 2.20
SSIM - 96 NQM - 16.94
MI - 29 WSNR - 24.79

Table 4.5 Quantitative results from reconstructed Pancreatic images.
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APPENDIX
Python Code

The implementation of presented model in python code.

import numpy as np
import tensorflow as tf
from tensorflow.python.estimator.model_fn import ModeKeys as Modes

from config import FLAGS
from subpixel import phase_shift
from utils import tf_slice

LOG_EVERY_STEPS = 10

SUMMARY_EVERY_STEPS = 100

def model_fn(features, labels, mode, params):
learning_rate = params.learning_rate
devices = [(’/device:%s’ % d) for d in params.device.split(’,’)]
for d in devices:
with tf.device(d):
with tf.name_scope(’inputs’):
lr_images = tf_slice(features[0], 0)
intl_images = tf_slice(features[1], 0)
int2_images = tf_slice(features[2], 0)
hr_images = tf_slice(labels, 0)

_» _, predictions = rcnn(lr_images, intl_images, int2_images, devices)

if mode in (Modes.TRAIN, Modes.EVAL):
with tf.name_scope(’losses’):
mse = tf.losses.mean_squared_error (hr_images, predictions)
rmse = tf.sqrt(mse)
psnr = tf_psnr(mse)
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ssim = tf_ssim(hr_images, predictions)
loss = 0.75 * rmse + 0.25 * (1 - ssim)
with tf.name_scope(’train’):
train_op = tf.train.AdamOptimizer(learning_rate)
.minimize(loss, tf.train.get_global_step())

if mode in (Modes.TRAIN, Modes.EVAL):
tf.summary.scalar(’mse’, mse)
tf.summary.scalar(’rmse’, rmse)
tf.summary.scalar(’psnr’, psnr)
tf.summary.scalar(’ssim’, ssim)
tf.summary.scalar(’loss’, loss)
# tf.summary.image(’predictions’, predictions, max_outputs=1)

summary_op = tf.summary.merge_all()
summary_hook = tf.train.SummarySaverHook(save_steps=SUMMARY_EVERY_STEPS,
output_dir=FLAGS.summaries_dir, summary_op=summary_op)

logging_params = {’mse’: mse, ’rmse’: rmse, ’ssim’: ssim,
’psnr’: psnr, ’loss’: loss, ’step’: tf.train.get_global_step(O}
logging_hook = tf.train.LoggingTensorHook(logging_params,
every_n_iter=LOG_EVERY_STEPS)

# eval_metric_ops = {

# "rmse": tf.metrics.root_mean_squared_error(features, predictions)
# 3
estimator_spec = tf.estimator.EstimatorSpec(

mode=mode,

loss=mse,

predictions=predictions,
train_op=train_op,
training_hooks=[logging hook, summary_hook]
)
else:
# mode == Modes.PREDICT:
export_outputs = {
‘predictions’: tf.estimator.export.PredictOutput(
{’high_res_images’: predictions}
)
b
estimator_spec = tf.estimator.EstimatorSpec(
mode=mode,
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predictions=predictions,
export_outputs=export_outputs
)

return estimator_spec

def conv(inputs, weights):

return tf.nn.conv2d(inputs, weights, strides=[1, 1, 1, 1], padding=’SAME’)

def cnn(lr_images, output_size, devices=[’/device:CPU:0’]):

size = lr_images.get_shape().as_list() [1]
ratio = int(output_size / size)
output_channels = ratio * ratio if ratio > 1 else ratio
filters_shape = [2, 1, 3, 2, 1]
filters = [64, 32, 16, 8, output_channels]
channels = lr_images.get_shape().as_list() [3]
for d in devices:
with tf.device(d):
with tf.name_scope(’weights’):
wl = tf.get_variable(initializer=tf.random_normal(
[filters_shape[0], filters_shape[0], channels, filters[0]],
stddev=1e-3), name=’cnn_wl’)
w2 = tf.get_variable(initializer=tf.random_normal(
[filters_shape[1], filters_shape[1], filters[0], filters[1]],
stddev=1e-3), name=’cnn_w2’)
w3 = tf.get_variable(initializer=tf.random_normal(
[filters_shape[2], filters_shape[2], filters[1], filters[2]],
stddev=1e-3), name=’cnn_w3’)
w4 = tf.get_variable(initializer=tf.random_normal(
[filters_shape[3], filters_shape[3], filters[2], filters[3]],
stddev=1e-3), name=’cnn_w4’)
wb = tf.get_variable(initializer=tf.random_normal(
[filters_shape[4], filters_shape[4], filters[3], filters[4]],
stddev=1e-3), name=’cnn_wb’)
with tf.name_scope(’biases’):
bl = tf.get_variable(initializer=tf.zeros(filters[0]), name=’cnn_bl’)
b2 = tf.get_variable(initializer=tf.zeros(filters[1]), name=’cnn_b2’)

b3 = tf.get_variable(initializer=tf.zeros(filters[2]), name=’cnn_b3’)
b4 = tf.get_variable(initializer=tf.zeros(filters[3]), name=’cnn_b4’)
b5 = tf.get_variable(initializer=tf.zeros(filters[4]), name=’cnn_b5’)

with tf.name_scope(’predictions’):
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convl = tf.nn.bias_add(conv(lr_images, wl), bl, name=’conv_1’)
convir = tf.nn.leaky_relu(convl, name=’relu_1’)
conv?2 = tf.nn.bias_add(conv(convlr, w2), b2, name=’conv_2’)
conv2r = tf.nn.leaky_relu(conv2, name=’relu_2’)
conv3d = tf.nn.bias_add(conv(conv2r, w3), b3, name=’conv_3’)
conv3r = tf.nn.leaky_relu(conv3, name=’relu_3’)
convd = tf.nn.bias_add(conv(conv3r, w4), b4, name=’conv_4’)
convdr = tf.nn.leaky_relu(conv4, name=’relu_4’)
convb = tf.nn.bias_add(conv(conv4r, wb), b5, name=’conv_5’)
upscaled = tf.tanh(phase_shift(conv5, ratio))
predictions = upscaled if ratio > 1 else convb

return predictions

def rcnn(in_images, interl, inter2, devices=[’/device:CPU:0’]):
def hidden_layer(imgl, img2, img3, w, wr, wt, b, number=’1’):

h x1 =

r_x2
t_x2

tf.nn.leaky_relu(tf.nn.bias_add(conv(imgl, w), b, name="h_x1_’ + number))

tf.image.resize_bicubic(conv(h_x1, wr), [512, 512])
tf.image.resize_bicubic(conv(imgl, wt), [512, 512])

x2 = tf.add(conv(img2, w), tf.add(r_x2, t_x2))

h_x2 =

r_x3
t_x3

tf.nn.leaky_relu(tf.nn.bias_add(x2, b, name=’h_x2_’ + number))

tf.image.resize_bicubic(conv(h_x2, wr), [1024, 1024])
tf.image.resize_bicubic(conv(img2, wt), [1024, 1024])

x3 = tf.add(conv(img3, w), tf.add(r_x3, t_x3))

h_x3 =
return
channels

fshape =
fnums =

tf.nn.leaky_relu(tf.nn.bias_add(x3, b, name=’h_x3_’ + number))

h_x1, h_x2, h_x3

= in_images.get_shape() .as_list () [3]
(3, 1, 2]

(32, 16, 4]

with tf.variable_scope(’first_layer’, reuse=tf.AUTO_REUSE):

# firs
wl =t
(£
wrl =
[1
wtl =
53

t hidden layer

f.get_variable(initializer=tf.random_normal (

shape[0], fshape[0], channels, fnums[0]], stddev=1e-3), name=’cnn_wl’)
tf.get_variable(initializer=tf.random_normal (

, 1, fnums[0], fnums[0]], stddev=1e-3), name=’cnn_wrl’)
tf.get_variable(initializer=tf.random_normal (

shape[0], fshape[0O], channels, fnums[0]], stddev=1e-3), name=’cnn_wtl’)
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bl = tf.get_variable(initializer=tf.zeros(fnums[0]), name=’cnn_b1l’)

with tf.variable_scope(’second_layer’, reuse=tf.AUTO_REUSE):
# second hidden layer
w2 = tf.get_variable(initializer=tf.random_normal(
[fshape[1], fshapel[l], fnums[0], fnums[1]], stddev=1e-3), name=’cnn_w2’)
wr2 = tf.get_variable(initializer=tf.random_normal(
[1, 1, fnums[1], fnums[1]], stddev=1e-3), name=’cnn_wr2’)
wt2 = tf.get_variable(initializer=tf.random_normal (
[fshape[1], fshape[l], fnums[0], fnums[1]], stddev=1e-3), name=’cnn_wt2’)
b2 = tf.get_variable(initializer=tf.zeros(fnums[1]), name=’cnn_b2’)

with tf.variable_scope(’third_layer’, reuse=tf.AUTO_REUSE):
# third hidden layer
w3 = tf.get_variable(initializer=tf.random_normal(
[fshape[2], fshape[2], fnums[1], fnums[2]], stddev=1e-3), name=’cnn_w3’)
wr3 = tf.get_variable(initializer=tf.random_normal (
[1, 1, fnums[2], fnums[2]], stddev=1e-3), name=’cnn_wr3’)
wt3 = tf.get_variable(initializer=tf.random_normal (
[fshape[2], fshape[2], fnums[1], fnums[2]], stddev=1e-3), name=’cnn_wt3’)
b3 = tf.get_variable(initializer=tf.zeros(fnums[2]), name=’cnn_b3’)

inter2 = tf.zeros(tf.shape(inter2))
for d in devices:
with tf.device(d):

11_h1, 11_h2, 11_h3 hidden_layer(in_images, interl, inter2, wl, wrl, wtl, bl)

12_h1, 12_h2, 12_h3 = hidden_layer(11_h1l, 11_h2, 11_h3, w2, wr2, wt2, b2, ’2’)

hl, h2, h3 = hidden_layer(12_h1, 12_h2, 12_h3, w3, wr3, wt3, b3, ’3’)

pl = tf.tanh(phase_shift(hl, 2))
p2 = tf.tanh(phase_shift(h2, 2))
p3 = tf.tanh(phase_shift(h3, 2))

return pl, p2, p3
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