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Abstract

T
his research study investigates the effect of magnification on content-based image
search in digital pathology archives and proposes to use multi-magnification im-

age representation. Image search in large archives of digital pathology slides provides
researchers and medical professionals with an opportunity to match records of current and
past patients and learn from evidently diagnosed and treated cases. When working with
microscopes, pathologists switch between different magnification levels while examining
tissue specimens to find and evaluate various morphological features. Inspired by the con-
ventional pathology workflow, this thesis investigates several magnification levels in digital
pathology and their combinations to minimize the gap between AI-enabled image search
methods and clinical settings. This thesis suggests two approaches for combining magnifi-
cation levels and compares their performance. The first approach obtains a single-vector
deep feature representation for a WSI, whereas the second approach works with a multi-
vector deep feature representation. The proposed content-based searching framework does
not rely on any pixel-level annotation and potentially applies to millions of unlabelled
(raw) WSIs. This thesis proposes using binary masks generated by U-Net as the primary
step of patch preparation to locating tissue regions in a WSI. As a part of this thesis, a
multi-magnification dataset of histopathology patches is created by applying the proposed
patch preparation method on more than 8,000 WSIs of TCGA repository.

The performance of both MMS methods is evaluated by investigating the top three
most similar WSIs to a query WSI found by the search. The search is considered success-
ful if two out of three matched cases have the same malignancy subtype as the query WSI.
Experimental search results across tumors of several anatomical sites at different magnifi-
cation levels, i.e., 20�, 10�, and 5� magnifications and their combinations, are reported
in this thesis.

The experiments verify that cell-level information at the highest magnification is es-
sential for searching for diagnostic purposes. In contrast, low-magnification information
may improve this assessment depending on the tumor type. Both proposed search meth-
ods generally performed more accurately at 20� magnification or the combination of the
20� magnification with 10�, 5�, or both. The multi-magnification searching approach
achieved up to 11% increase in F1-score for searching among some tumor types including
the urinary tract and brain tumor subtypes compared to the single-magnification image
search.
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Chapter 1

Introduction

P
athology is concerned with the microscopic study of tissue specimens and cells to
investigate the nature of diseases. The analysis of tissue specimens by pathologists

is the \gold standard" in assessing many diseases, including almost all types of cancer.
Some practical aspects of pathology include di�erential diagnoses, biopsy interpretation,
tumor grading, and tumor staging [40, 75]. For quite a long time, more than centuries,
conventional light microscopy has been utilized as a well-established tool in pathology.
With the progress in digital imaging techniques, the digital acquisition of pathology glass
slides has gained considerable momentum in the recent decade. Worldwide, pathology
laboratories and clinics are slowly beginning to trade in their light microscopes for digital
whole-slide scanners, computers, and monitors to proceed towards digital pathology [42,60,
89]. Fig. 1.1 shows a sample WSI which is the digital version of a conventional pathology
glass slide.

Digital pathology o�ers many advantages over conventional pathology, including more
e�cient work
ows, more a�ordable and more reliable storage solutions for medical records,
and a powerful venue for easier collaboration and telepathology. In addition to these ad-
vantages, digital pathology have provided an opportunity for the applications of AI and
learning-based methods since large databases of WSIs are now available [42,86]. The im-
pressive performance of AI and deep learning methods in various tasks of digital pathology
have provided a powerful argument for proponents of modern pathology to justify the
advantages of going digital. AI-driven tools have extended the horizons of the pathol-
ogist's view beyond a microscopic glass slide and provided new insights into pathology
data [42,66,86,89].

The rest of the introduction chapter is organized as follows. Section 1.1 elaborates
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on the motivation of this research study and thesis objectives. Section 1.2 declares thesis
contributions. In the end, Section 1.3 provides the organization of the rest of the thesis.

Figure 1.1: Illustration of a gigapixel WSI of lung adenocarcinoma with the size of
100; 546� 58; 733 pixels.

1.1 Motivations

Image search and retrieval in digital pathology can assist pathologists and medical profes-
sionals in di�erent diagnostic, research, and educational tasks. Experts users can search
through thousands of digital tissue slides through databases, �nd the cases most simi-
lar to a query slide, compare current tissue samples with past patients, and recommend
well-informed diagnoses and treatments. A multi-magni�cation image search engine allows
pathologists to bene�t from a content-based image search method that actively exploits
di�erent magni�cations for better accuracy. Previous studies [41,42,52,55,56,64] primar-
ily de�ned content-based image search as a technology where the search input (query) is
a digital image, not a textual description. A simple text-based search engine may use
some keywords of a disease to �nd the most relevant cases. The advantage of CBIR is
obtaining valuable visual information in large digital biopsy slides. In CBIR, the output
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is determined based on the \content" of images, e.g., tissue morphology and cell nuclei
distribution.

Pathologists usually use various lenses of a microscope in their detailed inspection of
a tissue sample, switching between di�erent magni�cation as needed. They usually start
with low magni�cations to identify regions of interest. Then, they look for diagnostically
relevant regions to make preliminary diagnoses. Higher magni�cations are often needed
to con�rm or rule out those diagnoses [12, 40, 92]. The tradition of utilizing the highest
magni�cation power for many diagnosis tasks may be attributed to the fact that in several
tumors, a high mitotic rate and atypical mitosis indicate malignancy [61].

As a logical expectation, an AI framework should emulate what expert pathologists do.
Ultimately, the closer an AI model follows the pathologist's routines, the more realistic
and reliable its results may become. Hence, this thesis investigated content-based search
encompassing multiple magni�cation levels to parallel what pathologists do. In other
words, since light microscopy in conventional pathology usually comes with interchangeable
objective lenses, this thesis aims to develop the feature of adjustable digital magni�cation
power for the proposed search engine to serve as a more powerful and more reliable AI-
driven tool.

Figure 1.2: Pyramidal structures of a WSI in digital pathology. The base magni�cation of
a WSI is usually 20� or 40� .

The multi-magni�cation data type of WSIs increased the motivation for this research
study. WSIs are multi-resolution images. They usually consist of three to �ve di�erent
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magni�cation levels since a typical light microscope conventionally has around four ob-
jective lenses. However, the number of slide levels can vary depending on the scanning
protocol, and device [86]. Fig. 1.2 displays the pyramidal data structure of a sample WSI.
As it can be seen, the resolution of slide levels, i.e., the number of pixels representing a
specimen, increases with the magni�cation level.

Even though distinct magni�cation levels are essential for various assessments, and
despite the availability of several magni�cation levels, current methods in computational
pathology mainly evaluate digital slides at a single magni�cation level, most often at 20� .
Several morphological characteristics can be recognized at low magni�cations, including
the spatial distribution of normal and abnormal tissue components, tumor growth pat-
terns, and heterogeneity. There are several examples of the low-magni�cation applications;
�rst, identifying reactive epithelial alterations from dysplasia [76], secondly, estimating the
extent of histological patterns for classi�cation (e.g., in pure special type breast carcino-
mas [71]), and lastly, grading (e.g., in prostatic adenocarcinomas [62]). Hence, exploiting
several magni�cation levels is valuable for di�erent pathology tasks.

A histopathology search tool that can perform at various magni�cation levels is func-
tionally valuable for several reasons. First, selecting the right magni�cation level for digital
slide evaluation depends on the type of histopathology assessment. For instance, microin-
vasions are detectable at the highest magni�cation [23], whereas distinguishing some well-
di�erentiated malignant tumors from benign tumors or non-tumoral lesions is challenging
at high magni�cations [16,57]. Also, each magni�cation level contains some pieces of histo-
pathology information. At lower magni�cation levels, the contextual information of glands
and tissues is exploited, e.g., architectural patterns, whereas, at higher magni�cation, cel-
lular contents such as nuclei and cytoplasm are more distinctive.

1.2 Contributions

The main contributions of this thesis include:

i. Developing the feature of adjustable digital magni�cation power for an image search
framework in digital pathology with proposing two methods to combine magni�cation
information

ii. Investigating the e�ect of magni�cation on whole-slide image search by comparing the
performance of two MMS methods at 5� , 10� , 20� magni�cations and all of their
possible combinations
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iii. Creating a multi-magni�cation dataset of large-sized patches at three magni�cation
levels by proposing and applying a patch preparation approach to a comprehensive
and public database of unannotated WSIs

These main contributions aim to provide a multi-magni�cation image search and re-
trieval framework for digital pathology that can represent the content of WSIs at multiple
magni�cations and any combination of magni�cation levels. This multi-magni�cation im-
age search tool is empowered with various AI methods and deep learning models to �nd
and retrieve similar WSIs. This multi-magni�cation image search tool can provide new
pathology data insights and assist pathologists in their diagnostic, research, and educa-
tional tasks.

1.3 Thesis Organization

The remainder of this thesis is structured as follows. Chapter 2 �rst provides background
information and some core concepts used in this thesis. Next, this chapter reviews rele-
vant research papers investigating multi-magni�cation for histopathology analysis in var-
ious tasks in digital pathology. Additionally, previous research studies that investigated
the content-based image search in digital pathology are brie
y reviewed. The proposed
method for MMS is compiled in Chapter 3. Chapter 4 explains the preparation proce-
dure for creating a multi-magni�cation dataset of patches for the MMS experiments. In
Chapter 5, the experiments and evaluation measures to implement the MMS framework
and quantitatively assess its performance are described. Chapter 6 �rst reports results and
then analyzes those results and discusses �ndings from the investigation on the e�ect of
magni�cation on search. Finally, conclusions and future directions are stated in Chapter 7.
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Chapter 2

Background Literature

T
his chapter covers the core concepts used in this research thesis and reviews the rel-
evant literature. At the outset, Section 2.1 provides brief background information

on digital pathology and concisely reviews the impact of magni�cation on histopathology,
from objective lenses on a conventional light microscope to magni�cation levels in a WSI.
Section 2.2 brie
y reviews content-based image search with an emphasis on image search in
digital pathology. In addition, concise background information regarding image represen-
tation, search, and retrieval are provided. Section 2.3 overviews deep CNNs and presents
background information about network architectures that have been utilized in this thesis
for histopathology feature learning and tissue segmentation. In the end of this chapter,
Section 2.4 reviews the related literature.

2.1 Magni�cation in Histopathology

At the outset of the clinical pathology routine, a part of the malignant (or suspicious)
tissue is collected. After various stages of processing tissue specimens to chemically and
physically stabilize them, thin-cut slices of tissue are stained for better visualization, then
mounted on a glass slide. Next, the pathologist evaluates the biopsy glass slide at multiple
magni�cation levels [58].

Conventionally, pathologists use a microscope set at various objectives (magni�cation
levels) in their detailed inspection of the biopsy sample, zooming in and zooming out
as needed. [58]. Pathologists must use various magni�cation levels and carefully analyze
the glass slides containing tissue specimens to render pathology reports. The pathology
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reports are used for many clinical decisions, including surgery decisions for tumor resection
(removing an organ or tissue parts), and other treatment plans. Pathologists usually start
with low magni�cations to identify regions of interest. Then, they look for diagnostically
relevant regions to make preliminary diagnoses. Higher magni�cations are often needed to
con�rm or rule out those diagnoses [12,40,92].

Fig. 2.1 shows a pathology microscope that is used for the examination of biological
tissue specimens. Objective lenses are essential parts of any light microscope. A notable
feature of any objective lens, written with the largest font, is magni�cation. The type of
lens design, tube length, and coverslip thickness are other features of an objective lens in
optical microscopy [69]. Traditionally, microscopes used for clinical pathology usually have
three to �ve objective powers.

The digitization of biopsy glass slides has recently become more prevalent in pathology
practice. Telepathology, creating an e�cient digital work
ow, and new analytical tools for
pathologists are the most evident bene�ts of moving towards digital pathology. Modern
high-resolution scanners can quickly scan an entire glass slide, convert it into a gigapixel
image, and produce a WSI in less than minutes [18]. The biopsy glass slide digitization
has several other bene�ts for pathology laboratories and clinics as well. First, these med-
ical centers must keep the records of their patients for at least ten years [58]. The digital
version of glass slides, WSIs, take considerably less space for storage. Moreover, WSIs are
more robust toward damaged, lost, or fading over time compared to biopsy glass slides.
As another advantage, WSIs can be explored by image viewers, but biopsy glass slides
should be put under a microscope. A typical conventional microscope has only two oc-
ulars and is not designed for multiple users (Fig. 2.1). Therefore, for applications such
as education or consulting, using a WSI is easier and more practical than a microscope.
Furthermore, despite the large size of scans (a typical WSI �le is usually at least sev-
eral hundred megabytes), recent storage and network sharing progress make it possible to
share these �les much faster than mailing glass samples for the purpose of consultations
and acquiring second opinions [2]. Studies have shown that there is no noticeable di�erence
between diagnoses rendered by pathologists using digitized images and diagnoses rendered
using a microscope [8, 58]. Another signi�cant bene�t of digital pathology is that AI and
computer vision methods can be applied on tissue scans to assist pathologists [66,68,89].

A whole-slide scanner digitizes the glass slide at several resolutions, and produces
zoomable images in a pyramid data format. Fig. 1.2 shows pyramid data structure of
a WSI. The pyramid structure of WSI allows smooth zooming to resemble a conventional
microscope. Accordingly, the digital scan of the biopsy glass slide can be explored using im-
age viewers such as a computer monitor in much the same way as standard microscopy [63].
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Figure 2.1: Motic Binocular microscope that is commonly used for examination of biological
tissue specimen in histopathology. The red arrow points at objectives of the microscope
for setting the magni�cation level.

2.2 Content-based Image Search

Content-based image search is a type of search where the search input (query) is a digital
image, not a textual description or any keywords. A simple text-based search engine may
use some keywords of a disease to �nd the most relevant cases. The advantage of CBIR
is exploiting the invaluable hidden information in the pixel values of images without de-
manding any external information. In the clinical pathology setting, there is no additional
information regarding the new biopsy sample. Therefore, keyword-based searching for �nd-
ing diagnosis-relevant cases is not an option because there is no diagnosis data concerning
the new patient at the outset. However, CBIR can apply to raw pathology images without
demanding any external information, and the output of the search is determined based on
the content of images. Image search and retrieval has been one of the most popular and
valuable AI-driven tools in digital pathology. An image search engine can �nd and retrieve
similar WSIs and their associated metadata, such as annotations and pathology reports,
based on the content similarity to the query WSI. Therefore, these search operations can
assist pathologists in �nding cases similar to the current patient, and they learn from those
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already diagnosed and treated patients. CBIR methods rank the database in a decreasing
order of similarity to �nd the best match for the query image [20,42,43].

In general, image search and retrieval require salient, discriminative, and representative
features that are descriptive of the content of images. In image search, the similarity
between image representations, not the raw pixel values, is employed to rank the images.
In other words, each image on the database may be represented by a feature vector. Then,
the similarity between those feature vectors can be measured to �nd the most similar
matches. Basically, the similarity computation between feature vectors determines the
performance of an image search method. Thus, features must be robust, discriminative,
and e�cient [20,43].

Image representation by deep neural networks has become popular and commonly used
for nearly a decade. Deep neural networks are composed of multiple processing layers to
learn abstract-level representations of their input images. Before the popularity of deep
networks, various hand-crafted feature descriptors have been investigated to represent the
images. However, a clear shift from hand-crafted methods to deep CNN has been observed
after the emerge of deep learning [20,51].

2.3 Deep Convolutional Neural Networks

Deep neural networks can learn and discover high-level representations from the raw input
data. Non-linear transformations at each layer of a deep neural network are applied to
successively learn the abstract representation. In other words, after each layer of a deep
neural network, a slightly more abstract level of representation is obtained by applying
simple but non-linear transformations. As a result, very complex functions and high-level
abstract representations can be learned with the composition of enough such transforma-
tions [51].

The most popular deep network architectures in computer vision have been CNNs in
recent years. A typical CNN is composed of several convolutions, poolings, BNs, activa-
tion functions such as ReLU, and other nonlinear transformation layers. Deep CNNs are
commonly trained by using the backpropagation learning algorithm. During the training
phase of a deep CNN, the learnable parameters of its layers are changed to optimize a
loss function. In this way, a CNN learns relevant patterns in thousands (even millions) of
images.
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2.3.1 DenseNet

DenseNet was proposed by Facebook AI Research in 2017 and its architecture was a break-
through in CNNs [38]. DenseNet introduced dense connectivity between layers, intending
to maximize information 
ow and reduce feature redundancy in deep CNNs. Therefore, the
network could get deeper, and the content of images could be perceived more accurately
and e�ciently. In total, DenseNet-121 contains around 7 million learnable parameters.

Fig. 2.2 shows a single image that is passed through the DenseNet layers to obtain an
abstract feature representation. DenseNet is composed of several (generally four) dense
blocks. In each dense block, all layers are densely connected. Accordingly, there areL (L +1)

2
direct connections in the DenseNet architecture, whereL is the number of layers. Each
layer of DenseNet applies transformations such as convolution, BN, ReLU, and pooling.

Figure 2.2: A deep DenseNet with three dense blocks. Image Source: [38]

DenseNet has been used as a feature extractor in various digital pathology tasks
[34,42,43,72]. For instance, authors in [72] �ne-tuned and re-trained the DenseNet-121 ar-
chitecture, initialized with ImageNet pre-trained weights [48], with histopathology patches.

2.3.2 U-Net

U-Net [74] is a convolutional neural network which �rstly was proposed for the segmentation
of neural structures in electron microscopic images in 2015. Since then, this network has
shown impressive performance in several semantic segmentation tasks [15,19,65,101].

Fig. 2.3 shows the U-Net architecture. The U-shape architecture of U-Net has two
parts, called encoder and decoder. The �rst sub-network, known as the encoder, is very
similar to a typical CNN and extracts high-level features to capture the image content. The
decoder sub-network, also known as the expansion part, creates the desired segmentation
map. The encoder and decoder parts are perfectly symmetric in the U-Net architecture.
Also, there are shortcut connections between encoder and decoder layers in the network
architecture of U-Net.
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As the input image passes through the �rst sub-network, higher-level features are ex-
tracted. In the next sub-network, deep feature maps are combined with low-level feature
maps from the encoder sub-network. The spatial resolution of feature maps are increased
in the second sub-network to achieve an output mask with the same size as the input
image. The connections between the encoder and decoder in U-Net architecture facilitate
information propagation. In terms of connections in the U-Net architecture, feature maps
from the encoder part are cropped and concatenated to feature maps in the decoder sub-
network to retrieve local information. These connections enable the network to learn from
a few samples.

Figure 2.3: U-Net architecture [74]

2.4 Related Works

This section presents an overview of the literature related to multi-magni�cation or content-
based image search in digital pathology. Section 2.4.1 reviews previous research studies in
digital pathology that utilized multi-magni�cation in their investigations or investigated
in various levels of magni�cation. Multi-magni�cation research studies showed promising

11



results and achievements in terms of accuracy and performance. In contrast to most of
the multi-magni�cation research studies that utilized annotation provided by pathologists,
this thesis did not use any manual expert annotations for neither training the proposed
model nor testing. The last section of this chapter, Section 2.4.2, reviews previous research
studies that targeted the task of content-based image search and CBIR in digital pathology.

2.4.1 Multi-Magni�cation Investigations

Early studies on utilizing multiple magni�cation levels for digital pathology, before the
emerging of deep learning in the computer vision �eld, are, among others, based on wavelet
approaches [97,98]. After the emergence of deep learning, there is an evident shift towards
using learning-based approaches and CNNs for multi-magni�cation investigations in the
recent literature of digital pathology.

Deep-Hipo [47] is among recent multi-magni�cation studies that combined high and low
magni�cation information to locate cancerous regions. Having two receptive �elds, Deep-
Hipo takes two concentric patches at high and low magni�cation and concatenated their
features to compute the cancer probability of the central pixel. The network architecture
of Deep-Hipo consists of two branches, and the backbone of each branch is CAT-Net [93].
CAT-Net is texture-based CNN and consists of convolutional layers, max-poolings, and
inception modules [87], followed by fully connected and softmax layers. In the Deep-Hipo
paper, the authors used a private dataset of gastroscopic tumors with 94 WSIs. Pathol-
ogists manually annotated their dataset to determine cancer regions versus non-cancer
regions, and allocated a binary label to the central pixel of each patch accordingly. Also,
pathologists manually categorized their private stomach cancer dataset into four subtype
classes, i.e., well-di�erentiated, moderately-di�erentiated, poorly-di�erentiated adenocarci-
noma, and poorly cohesive carcinoma. In total, they obtained approximately 160k patches
at each magni�cation level for training and validation. They reported comparative exper-
iments with state-of-the-art CNNs in histopathology and computer vision. Their bench-
mark CNNs included NNet [80], VGG16 [82], DenseNet [38], E�cient-Net [88], Multi-
Resolution Deep learning network (MRD-Net) [4] at 10� 20� magni�cation, MRD-Net [4]
at 5 � 20� magni�cation, Google Brain's Inception V3 (GB-INCV3) [87] , and also the
single-magni�cation version of Deep-Hipo, which is CAT-Net [93]. Deep-Hipo could achieve
higher accuracy results than benchmark CNNs, and outperformed in patch-based comput-
ing of the cancer probability. In terms of multi-magni�cation assessment, 20� and 5�
outperformed other magni�cation con�gurations, i.e., 20� 10� and 5� 10� magni�ca-
tions. As an external assessment, the performance of Deep-Hipo is evaluated on a subset

12



of the TCGA dataset consisted of Stomach Adenocarcinoma (TCGA-STAD) and Colon
Adenocarcinoma (TCGA-COAD).

Much of the recent literature on histopathology image analysis based on multiple mag-
ni�cation levels pays particular attention to semantic segmentation tasks [28, 36, 90, 95].
HookNet is a multi-magni�cation model for histopathology tissue segmentation [95]. Hav-
ing collected two manually annotated datasets of breast and lung tissues, Van Rijthoven
et al. trained and evaluated their proposed HookNet model. The model architecture of
HookNet included multiple branches to combine contextual information with �ne details
detectable only at the highest resolution. This network processed a pair of concentric
patches at high and low magni�cation levels to create a segmented map of its input WSI.
Results indicate that multi-magni�cation models are generally more accurate than single
magni�cation models.

Similarly, authors in [36] adopted a multi-magni�cation approach and proposed DMMNs.
DMMNs approached the semantic segmentation task in breast tissues via processing sets of
patches from 20� , 10� , and 5� magni�cations. The architecture of DMMNs is composed
of various combinations of multiple encoders, decoders, and concatenation blocks. In the
decoder part, feature maps of 5� and 10� are concatenated with 20� feature maps to
recover local and contextual information. In other words, DMMNs enriched feature maps
of the high magni�cation level with feature maps of lower magni�cation levels to acquire
better spatial characteristics in the segmented image. Concerning the dataset, a patholo-
gist partially annotated 38 breast WSIs and classi�ed regions into six tissue subtypes to
prepare a private dataset for the DMMNs study. The authors conclude that their proposed
deep multi-magni�cation network outperforms single-magni�cation counterparts.

In another relevant research paper, two multi-magni�cation networks were presented
to segment WSIs using a U-Net-based network architecture [28]. In this method, feature
maps of lower resolutions were combined with feature maps of higher resolutions to create
accurate binary masks. Their authors used WSIs of the CAMELYON16 dataset to train
and test their proposed networks.

Authors in [103] proposed a WSI analysis framework for histopathology image classi�ca-
tion and retrieval at multi-magni�cation levels to generate a probability map of malignancy.
A fully annotated dataset with 145 containing epithelial breast tumors was employed in
their experiment. As the preprocessing step, they utilized color deconvolution for stain
normalization. Next, a superpixel segmentation approach was adopted for segmenting
WSIs. They considered four magni�cations (20� , 10� , 5� , and 2� ) in the feature ex-
traction and retrieval stages to capture contextual information. To �nd the regions, they
applied the SIFT method. Next, they utilized a simple neural network with three fully
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connected layers and a max-pooling layer to extract features from SIFT points. Finally,
they binarized feature vectors intending to increase the e�ciency of retrieval in large-scale
databases. Their experiments showed that multi-magni�cation could improve the perfor-
mance of histopathology classi�cation of breast cancer images.

Many other papers in digital pathology have also hinted at combining context and
detail information and investigation on multiple magni�cation levels, including cervical
cell segmentation with a multi-scale CNN model [84], detecting regions of interests based
on a superpixel algorithm [9], segmentation of the glands in the colon-rectal digital slides
[25], cell classi�cation using a CNN model with multi-scale input and multi-feature lay-
ers [104], urothelial carcinoma classi�cation at multi-magni�cations using a pre-trained
network [100], and cancer subtype classi�cation with a multi-instance CNN [30].

2.4.2 Image Search in Digital Pathology

There is a considerable literature on content-based image search and CBIR in digital pathol-
ogy [5, 33, 34, 42, 43, 45, 59, 70, 72, 77, 85, 102, 103].SMILY [33], allows a user to select a
region of interest to obtain matches. A pre-trained network condenses an input image into
a feature vector. The network architecture of SMILY is a deep ranking network that was
pre-trained on the 5,000,000 natural images from 18,000 distinct classes. This network
learned to extract discriminative features by computing and comparing the embeddings of
input images. To evaluate the search performance in �nding patches with the same histo-
logic features, SMILY adopted a dataset manually annotated by pathologists. Top-5 scores
have been reported for patch-based searches at 40� , 20� , 10� , and 5� magni�cation lev-
els. In another experiment, pathologists compared the search results of SMILY to random
search results. Their database contains about 109 image patches and an embedding for
each patch. SMILY is implemented as a web-based tool, and Google used 400 computers
with 10 compute threads. Considering the rapid growth in histopathology images, this
level of computation cost for future applications is not practical, and the higher level of
e�ciency is essential.

In another recent paper, [43] introduced a search engine, namedYottixel, for real-time
whole slide image retrieval in the digital pathology. Yottixel is a combination of two words,
�rst, \yotta\, which is the largest decimal unit pre�x in the metric system, denoting 10 1024

and secondly \pixel\. Thus, the term \Yottixel\ alludes to the big-data nature of the
WSI search in digital pathology. The authors used an unsupervised color-based clustering
method to extract a set of images at 20� magni�cation from each WSI. They called the set
of patchesMosaic, where around %5 of the tissue specimen was covered. Then, the Mosaic
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was fed to pre-trained deep CNNs to extract deep features. In the next step, the feature
vectors were barcoded, i.e., binarized, to create aBunch of Barcodesfor fast indexing of
WSIs. The barcoding of gigapixel WSIs enables Yottixel to perform millions of searches
in real-time. The performance of Yottixel evaluated on a private dataset of 300 WSIs and
also a public dataset of 2020 WSIs (a portion of the TCGA archive).

KimiaNet [72] is another recent research study that proposed and reported image rep-
resentation for search in digital pathology. In their research, the DenseNet topology was
re-trained at several con�gurations. The training data were collected from a publicly avail-
able TCGA dataset without any pathologist annotation or manual delineation of regions
of interest. A clustering-based approach was adopted to select histopathology images at
20� magni�cation based on a high-cellularity metric. Then, the type of malignancy asso-
ciated with the WSI was used as the soft label of all extracted images from that WSI to
�ne-tune DenseNet. Around 240,000 histopathology images with the size of 1000� 1000
pixels from more than 7,000 WSIs were selected for training the DenseNet at four dif-
ferent stages. Accordingly, this study proposed and reported the results of four feature
extractors, i.e., re-training only the last dense block of the DenseNet-121 (�ne-tuning 20
percent of network parameters) and continue to unfreeze the parameters of more dense
blocks at di�erent stages. After training the feature extractor and in the test phase, fea-
ture vectors were converted to binary codes using theMin-Max barcoding algorithm [43]
to increase the e�ciency of image search. KimiaNet was tested for image search on three
public histopathology datasets for multi-organ WSI search. KimiaNet reported two types
of image search: 1) image search across the entire dataset with the intention of �nding
the WSI with a similar tumor type to the query WSI among all WSIs, 2) Image search to
�nd similar type of malignancy in an anatomical site, i.e., search for similar WSI with the
similar tumor subtype among all WSIs of the same tumor site in their test dataset.
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Chapter 3

Multi-Magni�cation Search (MMS)

T
his chapter explains the methods employed in the content-based WSI search frame-
work to compare WSIs at multiple magni�cations. The framework is based on repre-

sentations provided by a deep convolutional neural network to �nd similar WSIs via feature
matching.

The deep feature extraction procedure is elaborated in Section 3.1. Next, Section 3.2
and Section 3.3 explain two searching methods based on those deep features. Both search-
ing methods can perform at a single magni�cation and also any combination of magni�-
cations. The �rst MMS method, called single-vector, obtains a single multi-magni�cation
feature vector of a WSI without demanding any pixel-level or regional annotation. The
primary purpose of the feature vector representation for WSIs is to �nd the most simi-
lar WSIs to a query WSI based on the selected magni�cation level(s). The second MMS
method, called multi-vector, performs on a multi-feature vector basis and compares patch
feature vectors to �nd similar WSIs at each magni�cation, then takes a majority vote
among magni�cations.

3.1 Deep Feature Extraction

Pre-trained deep CNNs can learn to extract content-based features from their input image.
An example is KimiaNet [72] which is a customized feature extractor for the histopathology
images. The architecture of KimiaNet includes four dense blocks, with several convolutional
and pooling layers and dense connections. KimiaNet has around seven million parameters
in total. Model parameters of KimiaNet are adjusted to derive histological characteristics
from input images.
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3.1.1 Magni�cation-wise Fine-Tuning of KimiaNet

KimiaNet was originally trained at 20� magni�cation. Therefore, this thesis employs Kimi-
aNet without any modi�cation to extract tissue features from 20� magni�cation patches.
To do so, all high-resolution patches are fed to KimiaNet, one by one, to generate a deep
feature vector as a representation of each histopathology patch. Note that the term deep
feature here indicates the output of the latest pooling layer in the KimiaNet model archi-
tecture.

The last DenseNet-121 block [38], i.e., 20 percent of KimiaNet layers, were re-trained
with 10� and 5� magni�cation patches to adjust this feature extractor to those mag-
ni�cations. In this fashion, the weights of the KimiaNet have been changed according
to di�erent magni�cation levels, attempting to imitate how a pathologist changes their
microscope's objective lenses. As a result, di�erent sets of parameters for the KimiaNet
model architecture at three magni�cation levels were obtained. The model architecture
and con�gurations of feature extractors are the same for all magni�cation levels. Details
of �ne-tuning procedure is presented in chapter 5, Section 5.3.1, on page 37.

3.1.2 Representing Patches with KimiaNet Deep Features

After training, in the feature extraction phase, the input of KimiaNet is still a histo-
pathology patch. The output is a feature vector with a size of 1024� 1 representing the
input patch. As mentioned before, dimension reduction is not the primary purpose of uti-
lizing pre-trained deep CNNs. Feature vectors generated by KimiaNet contain histological
characteristics and distinct features of the input patches as the network has been trained
with histopathology patches and their corresponding primary diagnostic labels.

Note that most deep learning approaches in digital pathology, including KimiaNet, are
applied on patches rather than the entire WSI due to the extremely large image size of
WSIs [72,86]. See Chapter 4 for more details related to patching. This thesis proposed two
methods for the WSI representation and search using KimiaNet patch features. Section 3.2
and Section 3.3 explain single-vector and multi-vector methods to represent an entire WSI
based on its patch features. WSI representations can be compared to �nd and retrieve the
most similar WSIs.
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3.2 Single-Vector WSI Representation: Median Ag-
gregation

In the context of WSI feature representation, the goal is to obtain a single feature space
so that WSIs with similar histological features are close to each other. Up to this point,
patches, i.e., square images acquired from tissue regions of a WSI at a speci�c magni�cation
level, have been fed to KimiaNet to generate deep feature vectors. In other words, each
deep feature vector (the output of KimiaNet as the feature extractor) represents a patch,
not the entire WSI. The median aggregation approach �rst creates a feature space for each
magni�cation level. To do so, all patch feature vectors of a WSI are aggregated by taking
the median value with respect to feature positions to create a single vector representing of
the WSI at a speci�c magni�cation.

Next, the aggregated vectors of di�erent magni�cations are concatenated to create a
multi-magni�cation vector representation. Fig. 3.1 shows this procedure.

The Euclidean distance between median feature vectors in the dataset can be com-
puted to compare WSIs. In the single magni�cation searching, each WSI is represented
by a single-vector. Therefore, the pair-wise Euclidean distance can be calculated between
single-vector features to �nd matches. In the double-magni�cation searching, each WSI
is still represented by a single vector that is the concatenation of two single-magni�cation
vectors. Therefore, the euclidean distance is calculated between those two concatenated
vectors for double-magni�cation searching in a similar way. If all three magni�cation
levels are considered, the concatenation of all magni�cation generates a single-vector Tri-
magni�cation representation for each WSI. Again, the pair-wise Euclidean distances are
calculated accordingly for searching at multiple magni�cations.

3.3 Multi-Vector WSI Representation: Median-of-Mins

One may also extract many patches and attempt to represent a WSI with all feature vectors
at the same time. Themedian-of-mins approach performs patch-to-patch, patch-to-slide,
and slide-to-slide comparisons [43]. The procedure is repeated for all magni�cation levels
in an independent manner.
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3.3.1 Binarization of Feature Vectors (Feature Barcoding)

Working with many feature vectors when operating on large WSI archives can be pro-
hibitively time-consuming. The calculation of Hamming distance between binary codes is
much faster than calculating Euclidean distance between full-precision feature vectors. In
large-scale search problems, reducing the demand for memory and computational resources
is another advantage of binary feature vectors. Hence, hashing feature vectors would be
required in case of multi-vector WSI representation.

Instead of theMin-Max barcoding algorithm as proposed before [43], this research study
uses the SNRQ, an unsupervised hashing approach, for barcoding patch feature vectors.
The NRQ method is an extended version of the iterative quantization (ITQ) method [27].
NRQ applies dimensionality reduction and utilizes non-rigid transformations along with
rigid transformations such as rotation to further reduce the quantization error caused by
hashing. Employing non-rigid transformations allow a more robust quantization since the
degree of freedom in non-rigid transformations is higher. Sequential NRQ (SNRQ) is an
e�cient implementation of NRQ based on sequential updates.

3.3.2 WSI to WSI Distance Calculation

Let assume the test dataset containnp patches fromns WSIs. First, pair-wise Hamming
distances between barcoded feature vectors of all patches are calculated, generating apatch-
to-patch-distancematrix with dimension of np � np. Note that distances between patches
of the same WSI are set to in�nity for convenient search purposes. In the next step, the
minimum distance from each patch to all patches of each WSI is calculated, generating the
patch-to-slide-distancematrix of dimension np � ns. Finally, pair-wise distances between
WSIs are calculated by �nding the median of patch-to-slide distances, generating aslide-
to-slide-distancematrix of dimension ns � ns.

This median-of-minsmatching process repeated for all magni�cation levels. Figure 3.2
illustrates the three independent search processes for a query WSI at 5� , 10� , and 20�
magni�cations. In terms of multi-magni�cation search, all retrieved WSIs are considered
at selected magni�cation levels for later evaluation.
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