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ABSTRACT

Histopathology image registration is crucial for appropriate tissue analysis,
especially for the diagnosis of cancer. The presence of staining variation
among these whole-slide images leads to several challenges because the stain
differs greatly across various tissue types. There are multiple registration
techniques, including intensity-based, feature-based, and deep learning-based
methods. Although these methods employ different working mechanisms,
they all face several challenges, including poor generalization due to staining
discrepancies. To address this problem, this study proposed a highly optimized
and robust landmark-based registration technique. The technique utilizes
anatomical landmarks and employs thin-plate spline interpolation to achieve
precise non-rigid alignment, effectively addressing both tissue deformation and
staining variability. Moreover, stain normalization was applied using the deep
learning-based model StainNet to evaluate how changes in color distribution in
images affect the registration approach. Furthermore, the developed approach
was comprehensively compared with two well-known intensity-based methods,
Elastix and ANTs, under both normalized and raw image conditions. The
results from the experiments showed that landmark-based registration was more
effective under both conditions in dealing with staining changes than Elastix
and ANTs. While Elastix significantly struggled with normalized images due
to its reliance on pixel intensities, ANTs showed increased strength after stain
normalization; however, they did not perform as well as the method based
on landmarks. Although, landmark-based registration is reliable as it is not
influenced by varying staining but it is still challenging to annotate the landmarks
with significant accuracy that can be improved in future techniques by using
automated landmark annotations.

Keywords: Digital pathology, histopathology image registration, stain
normalization, thin plate spline, whole slide imaging.
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1. INTRODUCTION

1.1. Background and Motivation

In this era of technological advancement, cancer is still incurable without timely
diagnoses. It is one of the rapidly spreading diseases in the world. In the field of digital
pathology (DP) and cancer research the high resolution multistained histopathology
images play a vital role [1]. These histopathology whole-slide images (WSIs) of
tissue sections offer high resolution features required for disease diagnosis and analysis
[2]. Before the slide preparation, the tissues are stained differently, mostly including
hematoxylin and eosin (H&E) to highlight the tissue morphology more clearly [3].
These WSIs can be used as an essential diagnostic tool for determining diseases
based on cellular assessment. To improve and automate this diagnosis process, image
registration is performed on these differently stained images to produce a more detailed
single image for better visualization [4]. By fusing scans stained in various conditions,
medical professionals can extract detailed structural and pathological insights [5].

The goal of image registration is to find a geometric transformation that aligns
corresponding objects in two or more images [6, 7]. The resulting registered image
combines features of different staining conditions and highlights fine details. This
helps in the identification of possible malignancies within histopathology images
timely which leads to improved survival outcomes for patients. There are several
existing registrations algorithms, but they struggle due to staining variations, non-rigid
deformation in tissues and lack of distinctive features in histopathology images [8].
The existing registration algorithms require legit solutions with better generalization
capabilities to overcome their current limitations on diverse tissue samples and
staining variations. The subfield of Artificial Intelligence (AI), deep learning (DL),
is progressing day by day in this domain to overcome this poor generalization issue
[2, 9]. DL techniques perform well with large amounts of training data. Implementing
a versatile DL tool to these WSIs is challenging due to limited publicly available
images and patient privacy concerns.

1.2. Research Problem

The examination of tissue structures in pathology is usually tedious and subjective
[9]. The identification and outline of specific structures in histopathological images
done manually by pathologists heavily rely on their experience and visual inspection
expertise [2]. Numerous research has established that manual methods take too long
to perform and have both human errors [10], and inconsistent interpretations between
different experts [2]. The introduction of a computer-aided diagnosis (CAD) scheme
during the early 1980s provided doctors and clinicians with a better understanding of
medical images [9]. Furthermore, the use of emerging technology in the field of DP
not only changed the way of diagnosis but also made it effective and error free [2]. The
examination of tissue samples through staining methods allows pathologists to identify
disease-affected tissues under microscope observation [7]. The medical examination
of tissue samples becomes possible through staining techniques, which provide
transparent and colored visualizations to pathologists and doctors [11]. The application



of histological stains and Immunohistochemical (IHC) stains produces different visual
outcomes in surrounding tissue areas because it highlights changes effectively [7, 12].
The histological staining process most commonly uses hematoxylin, which turns
cells and nuclei blue or purple while eosin produces pink coloration in cytoplasm,
collagen and muscle fibers [7, 13]. Once the slides are prepared, they are scanned
through specialized scanners to produce the virtual slides or WSIs [7]. The color
appearance of slide images varies depending on the entire process, including specimen
preparation, staining solution, stain coloring, chemistry oxidation, staining time, pH
level of solutions, manufacturer reactivity, and use of various scanners [7].

Thus, due to staining inconsistencies, automated analysis faces major drawbacks
which require precise image registration techniques for accurate alignment. The WSIs
need to be registered for multiple reasons to build 3D models from 2D scanned thin
sections [5]. The applications of registration include distortion correction as well as
the production of high-resolution composite images from small 2D tiles and the fusion
of data from distinct stained sections or different imaging modalities. The importance
of histopathology image registration exists, although it faces some implementation
hurdles because of several reasons that are mentioned below.

1. Large image sizes usually in gigabytes for WSI [5].

2. Repetitive texture that hinders the identification of globally unique landmarks
[5].

3. Non-linear elastic deformation together with sample preparation issues that
cause occlusions and missing sections [5].

4. Variations in appearance due to staining procedures [5, 14].

5. Differences in local structure between slices [5, 14].

Traditional registration techniques are divided into two main groups that are feature-
based registration and intensity-based registration [7]. Their performances are still
struggling with the staining variation, and non-rigid deformations present in the
WSI resulting in lack of generalization. To deal with this problem the progress in
DL, specifically CNN, has revolutionized histopathological image registration. In
comparison with the traditional methods, CNNs learn complex patterns and variations
directly from data via convolution, capturing subtle traces in tissue morphology such
as color variations, texture differences, and spatial relationships [9]. As a result, CNN-
based methods can attain high registration accuracy and consistency. Nonetheless,
there is need of huge amount of data for training the CNNs efficiently. Data shortage
is also a big concern, mainly for the specialized tissue types.

1.3. Research Objectives

After considering the above details. The key goal of this work is to develop a
registration method for WSI stained with different staining protocols. The new method
shall overcome major problems such as staining variability, non-rigid tissue distortions,
and the limitations of traditional registration methods. Specifically, this study aims to
compare multiple existing registration methods and their limitations.

1. Use of novel and adaptive stain normalization technique to introduce the
variability for experimentation.
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2. Development of an optimized image registration approach that can handle the
key issue of stain variation in histopathology images.

3. Improve diagnostic reliability by reducing errors resulting from stain variability
and improve automated pathology workflows.

4. Comparison of developed method with pre-existing state-of-the-art techniques.

By fulfilling these goals, this work will facilitate the progress of DP through
the improvement of accuracy, speed, and reliability of image registration for
histopathology.

The thesis follows the following structure: The entire Chapter 2 is based on a
literature review covering all aspects, including a detailed overview of the domain,
challenges in image registration, mechanisms and classification of conventional image
registration, and DL in image registration. Chapter 3 then covers the methodology,
including implementation and architectural details utilized in the thesis. Chapter 4
covers the acquired results and comparisons, while Chapter 5 includes the discussion
and comparison with the literature review. Lastly, Chapter 6 concludes the thesis.

1.4. Author’s Contributions and the Role of Artificial Intelligence

I'have used ChatGPT in my work to understand research papers and also to improve my
writing structure. Besides, I have checked the GitHub repositories during development
to understand some of the key approaches and for a comparative study, I have utilized
the BIRL environment to run the experimentation.
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2. LITERATURE REVIEW
2.1. Histopathology Image Registration Overview

Histopathology is the practice of using a microscope to analyze tissue samples and
discover signs of disease [14, 15]. It is one of the key methods for the diagnosis
of cancer. Pathologists can diagnose numerous diseases, recommend appropriate
therapies, and estimate patient outcomes by carefully studying the structure of tissues
and the appearance of cells [16]. The process initiates when tissues are processed and
stained so that specific structures are made visible [17], then they are examined in
detail under a microscope. Within the context of clinical practice, histopathology is
the microscopic examination of biopsy samples by a pathologist after the specimen
has been prepared, with histological sections stained and mounted on glass slides
to bring out fine cellular features [17]. The slices used are extremely thin [18], and
principally capture only 2D representations of a certain tissue sample. Further, the use
of staining has greatly improved diagnostic reliability by clearing pathologists to find
certain biomarkers in tissue sections [15]. The advancements in staining techniques
and imaging technologies have further enhanced the ability to identify subtle tissue
changes, enabling earlier detection and more accurate diagnoses.

2.1.1. Staining Techniques in Histopathology

Staining is a fundamental technique used in histopathology to visually enhance the
structures of tissues. There are many different types of staining techniques but the
most commonly used is H&E also considered as a gold standard [12, 18]. The
hematoxylin gives the purple effect by binding to nucleic acids, in contrast eosin binds
with cytoplasm and extracellular matrix in different variation of pink [7]. Another
popular technique known as immunohistochemistry utilizes the antibodies that are
combined with specific antigens within tissue [7, 12]. It has been widely used in a large
number of pathological evaluation procedures to visualize disease-related molecular
biomarkers without losing spatial tissue reference due to its affordability, ease of use,
and variety of preparation methods.

Histochemistry uses the cellular and subcellular chemical environment of the sample
to bind particular chromophores to a specific tissue component, producing color
contrast under a visible light microscope that serves as the foundation for pathologists’
and professionals’ diagnosis of abnormalities in tissue specimens [12, 16]. For
example, the Ki67 biomarker from IHC is frequently used to predict the pathological
therapeutic response to neoadjuvant chemotherapy and the recurrence-free survival
rate in breast cancer [12]. The Phosphohistone H3 (PHH3) is another common IHC
biomarker that the Nottingham Grading System uses to evaluate the mitotic activity
useful for breast tumor staging [12]. Figure 1 shows two differently stained slides of
lung lobe tissue, one stained with H&E and the other with the Ki67 biomarker from
the ANHIR dataset [5].
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H&E Ki67

Figure 1. Example different stained images of the lung lobe tissue stained with H&E
and Ki67 biomarker from the ANHIR dataset [19], licensed under CC BY-NC-SA.

2.1.2. Concept of Digital Pathology

The introduction of digital pathology (DP) has greatly changed the traditional methods
by developing a digital environment [10], focused on methods for acquiring, storing,
and interpreting pathology slides through computational approaches. In general, DP
refers to an integrated digital infrastructure and imaging tools that support the creation
of a digital image-based practice, allowing for the efficient handling, interpretation,
and search of WSIs or other digital images. This new methodology is being used more
frequently in clinical research, educational institutions, and clinical trials. Because
WSIs can now be scanned so quickly, they are able to replace traditional microscopy-
based pathology. With this method, it is possible for pathologists to digitally review
and compare several stained sections at the same time. This feature becomes very
important when combining information from several IHC stains, allowing for a better
assessment of biomarker expression.

In this workflow, glass slides are digitized using high resolution scanner and
converted into high-resolution images, also known as WSIs [10, 20]. Further, these
WSIs are examined by the pathologist on computer screens. The switching to digital
platforms from traditional microscopy techniques gives several advantages such as
better workflow, simpler remote consultations, and the use of computers to support
diagnosis [10]. In addition, the advancement in the domain of image processing leads
to the development of major techniques that bring some highly impactful outcomes
[10], including image registration, image segmentation, and many others. These are
only possible because of the digitization. The sections on glass slides in histopathology
are quite thin and only show a two-dimensional image of the tissue. Aligning these
sequential two-dimensional slices is highly significant, because it helps pathologists to
see the bigger three-dimensional picture. Moreover, WSI makes it easier to use DL
algorithms for tasks including virtual staining, precise image segmentation, and tissue
classification, which greatly boost diagnostic precision and speed.
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2.1.3. Characteristics of Whole Slide Images

WSI is the most widely used form of digitalized histopathological data [21]. These
scans are very high dimensional and have large data size [22]. An average sample
ranges from 20 mm X 15 mm in dimension, which normally digitalized with a
resolution of 0.25 micrometers/pixels (mpp), resulting in an image approximately
80,000 x 60,000 pixels in size, equating to a 4.8 giga-pixel image [23, 23]. The
following scans are normally captured with 24-bit color, so the resulting image data
size 1s about 15 giga-byte (GB) [23]. The sample sizes can be up to 50 mm x 25 mm
from the common 1x3 slides. Moreover, these can be digitized at resolution higher than
0.25 mpp [23]. The oil immersion lenses can capture images up to 100x magnification
[23]. Due to the huge amount of information on a microscope slide, pathologists cannot
view an entire sample at high resolution [20]. They initially inspect the slide at a
relatively low resolution, typically 5 mpp, and gradually zoom into higher resolution
for the selected areas of diagnostic significance.

Digital Imaging and Communication in Medicine (DICOM) is an interchange
standard that is most commonly used for these scans [23, 24]. The 2D images are
organized in a single frame structure, with image data arranged in rows that span the
full image [20]. The below Figure 2 shows the simplest organization of WSI [25]. The
advanced method of storing 2D picture data is tiled organization, to ensure the image
data is arranged in square or rectangular tiles for diagnostic friendly experience [20].

| EEE RN |
LN
% LW

i image rows |

image plxels

ragion {rows) 1o be
loadaed

region to ba viewed
or procassad

Figure 2. The single frame image organization of an example whole slide image. A
picture taken from DICOM website [25].

2.1.4. Image Registration

One of the most significant tasks in biomedical image analysis involves image
registration [26], looking for the identification of a geometric transformation between
two or more images to have the corresponding projections appear in both images at
the same location [5, 7]. It is a very difficult and optimization procedure of using
multiple geometric transformations [7]. It is an essential component of numerous
detection works, including the image viewpoint detection, fusion, area detection,
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similarity monitoring, feature detection, and feature matching [7]. During the
registration procedure, the target images must have a few common structures that
are projected to be located in similar spots, locations, and orientations [7]. Image
registration is used in a variety of analytical studies, such as in studies to determine
the extent of tumor tissues, to calculate longitudinal changes, identify cells or tissues
impacted by the disease, relate individual anatomy to a standard system, and to carry
out guided medical procedures, among other applications [7]. This is crucial for
quantitative pathology: once images are aligned, one can correlate spatial patterns
of morphology and molecular markers, transfer annotations between stains, or create
virtual multiplexed images combining multiple biomarkers [27]. In order to generate
a three-dimensional reconstruction from scanned thin slices, digital histopathology
images must be registered [7]. Typically, a pathologist examines at a lot of slides
and then compiles visual information to make a diagnosis [7]. When applying special
or immunohistological staining, sequential slides reveal integral information requiring
image registration stage to enable an efficient examination [7].

In summary, cross-stain WSI registration is a foundational step for downstream
tasks like spatially aligned biomarker co-expression analysis, multi-modal tumor
microenvironment studies, and building 3D histopathology atlases [28].

2.1.5. Challenges in Image Registration

The registration of WSIs is commonly considered as a difficult computer vision
problem for which no consistent out of the box solution is available [29]. There are
several challenges associated with image registration. These challenges are discussed
below.

Huge size of WSIs and computational cost: The WSIs are extremely high-
resolution, most often on gigapixel-scale, which results in direct processing of them
computationally heavy [5, 12]. The classical registration methods might take hours
to align two WSIs if performed simply at full resolution. In this regard, DL offers a
speed advantage at execution time once a model is trained, such as a CNN that predicts
deformation fields. In this regard, DL offers a speed advantage at execution time once
a model for predicting deformation field is trained; it can produce an alignment in
seconds to minutes [30].

Tissue deformations and missing correspondence: The tissue sections undergo non-
linear deformations [29], during preparation cutting, mounting, and staining which can
introduce stretching, tearing, or shrinking of tissue, so consecutive sections do not align
by simple rigid shifts [12].

Stain variability: In digital pathology, one of the key challenges is stain variability
among slides. The staining variations between slides mean the intensity and color
distributions can differ considerably for instance, an H&E slide has purple or
pink hues showing nuclei and cytoplasm, whereas an IHC slide might have brown
Diaminobenzidine (DAB) chromogen highlighting a specific antigen on a subset of
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cells [12]. This multi-modal nature violates the assumptions of many registration
algorithms that expect similar intensity patterns in both images.

Artifacts and inconsistencies: There are various artifacts and inconsistencies that can
occur. The differences in slide orientation [29], that could be result in rotation and
scaling differences between scanners. In addition, sometimes tissue folds, bubbles, or
partially missing regions appear on the slide that affect the image quality. All these
issues can confound automatic alignment. In fact, a recent study mentions that the
overwhelming dimension of the image, the intricate histological structural change, and
the notable variation in tissue appearance in various stains present technical obstacles
to the registration of WSI [12].

Despite these challenges, robust registration of differently stained WSIs is highly
required after, as it enables more precise comparative diagnostics and research
analyses. The next sections review the types of image registration methods and
their suitability to this domain, as well as the typical workflows and recent advances
addressing the above challenges.

2.2. Mechanism and Classification of Conventional Image Registration

Over the years, traditional image registration methods have been used to align tissue
images, for instance Elastix and ANTs. The traditional registration algorithm is either
constructed as continuous optimization problem or discrete optimization problem
[31]. Methods usually consist of three main components: the transformation method,
similarity metrics, and the optimization strategy. These methods are generally grouped
on how similarity between the images is calculated into the following two general
categories: intensity based, and feature based [7, 32].

2.2.1. Transformation Models

The fundamental component of any registration method is the selection of a geometric
transformation model that maps the point from the moving image to the fixed image.
The transformation defines the allowed motion or deformation of the tissue required
to align the images. These types include Rigid Transformation, Affine Transformation
and Non-Rigid Transformation [33]. The details of these transformations are given
below,

Rigid Transformation: This is the simplest transformation model compared to
others. This transformation is based on the rotation and translation [34]. During
the transformation it preserves distance and angles [34], and there is no scaling and
shearing. Rigid models are computationally efficient, require only a few parameters
and are often used for initial alignment [34]. However, they cannot accommodate
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any tissue deformations. For differently stained serial sections, a pure rigid alignment
usually leaves many local misalignments because tissue undergoes non-uniform
distortion. It is mostly suitable for registering rigid body scans like bones.

Affine Transformation: An affine model extends rigid transforms by including
scaling and shear [33]. It allows for linear distortions, making it suitable for slightly
deformed tissues or images captured from different angles. This added flexibility can
be correct for global stretching or compression of tissue. It remains relatively fast to
compute and is a common choice for an initial alignment stage [35]. In histopathology,
the affine alignment can account for differences in slide rotation, magnification, and
aspect ratio between scans. Nevertheless, like rigid transforms, an affine mapping
will typically not perfectly align fine structures if the tissue has bent or non-linearly
distorted. Further finer adjustments are often needed after an affine step.

Non-Rigid Transformation: This transformation is also known as a deformable
transformation. Deformable models allow local, non-linear warping of the moving
image to align it with the fixed image. Rather than a single global formula, non-
rigid transformations are often defined by interpolating a dense displacement field
or using basis functions. One popular parametric approach is free-form deformation
with Basis spline (B-splines) [34]. In this, the image is overlaid with a coarse control
point grid, and each grid node can move, and a smooth spline interpolation defines the
pixel-wise displacement from those node shifts [35]. Another approach is thin-plate
spline (TPS) warping, which fits a smooth elastic sheet through the corresponding
landmark points. The downside is computational cost and the risk of misregistration
if not properly regularized. With so much freedom, a deformable algorithm might
align incorrect features, especially in multi-stain scenarios where some structures exist
only in one stain or introduce biologically implausible shape changes. Regularization
and physics-inspired constraints like diffeomorphic mappings are used to keep the
deformation smooth and realistic. Despite these challenges, deformable registration is
considered essential for high-accuracy alignment of serial WSIs, since rigid or affine
alone cannot handle complex non-linear differences between sections [35]. Indeed, in
a large study consisting of 481-pair study for registration from the ANHIR challenge,
the top-performing methods all employed non-rigid refinement, with the diffeomorphic
ANTs algorithm achieving the best accuracy at the cost of long runtime [5].

Each transformation model has trade-offs in accuracy and complexity comparison.
The simpler transformation models are fast and robust to overfitting but often
insufficient for precise alignment of differently stained tissue sections. In contrast,
complex models can achieve pixel-level alignment of fine structures at the expense
of greater computational load and the need for careful validation. In practice, many
WSI registration pipelines use a multi-stage strategy that starts with a rigid or affine
alignment to achieve the positioning correctly, then apply a deformable refinement on
top [35]. This leverages the strengths of each model.
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2.2.2. Intensity Based Registration and Similarity Metrics

Intensity-based methods, also known as voxel-based methods consider image
registration as an optimization problem. They find the transformation parameters that
maximize a statistical similarity between the fixed and moving image intensities [7].
These approaches do not explicitly identify correspondences between specific points
instead the entire intensity pattern contributes to the alignment score. Similarity metric
that are most used in traditional image registration are Sum of Squared Differences
(SSD), Normalized Cross-Correlation (NCC), and Mutual Information (MI).

Sum of Squared Differences: The SSD is considered as simplest and efficient [36].
It is one of the measures of match that is based on pixel-by-pixel intensity differences
between the two images [37]. This metric assumes the SSD is minimum when two
images become identical and perfectly aligned. SSD is effective for mono-modal
registration under consistent lighting. Mono modal are the images that come from the
same imaging modality. However, for different stains, sometimes SSD is problematic,
for instance a dark pixel in an H&E image might correspond to a pixel that is blank in
an IHC image, yielding a large intensity difference even when correctly aligned. Thus,
SSD is very sensitive to intensity and color differences, so it generally fails for multi-
stain WSI alignment unless the images are first normalized to have similar intensity
ranges, or one extracts a common intensity channel present in both. SSD also treats all
intensity differences as noise to eliminate, which may not be appropriate if each stain
has a unique contrast for different structures.

Normalized Cross-Correlation: The NCC measures the linear correlation between
intensities of the two images. NCC is invariant to uniform brightness and contrast
changes between images [38] for instance if one image is globally darker, it can still
yield a high NCC when aligned, unlike SSD. This makes NCC somewhat more robust
than SSD to staining differences [37], especially if the stain variation is mainly an
intensity scaling. But NCC still assumes a linear relationship between the two images
intensities. In histology, different stains may highlight completely different structures,
violating this assumption. For example, nuclei might be dark in both H&E and an IHC
stain with hematoxylin counterstain, but an IHC’s DAB precipitate marks only certain
cells that have no direct counterpart intensity in H&E. In such cases, NCC may not
find a meaningful maximum, as large portions of the images are uncorrelated. NCC
can be effective if applied to images that have been processed to enhance commonly
visible structures or if focusing on a single channel common to both like aligning based
on the hematoxylin channel present in both H&E and some IHC slides. In practice,
normalized cross-correlation is often used for registering re-stained slides or images
where one channel is consistent across stains. It is also used within pyramidal coarse
alignment since it’s fast to compute via convolution methods.

Mutual Information: The most widely used similarity metric for multi-modal image
registration is mutual information. It is a statistical metric derived from the information
theory [39]. It shows the amount of information that one random variable provides
about another random variable and calculates the statistical dependence of two random
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variables [39]. It is one of the very successful techniques for multimodal medical
image registration. It is not necessary to make any assumptions on the relationship
between the pixel cells in images [39]. Mutual information has been demonstrated
to be the most reliable and accurate way of multimodal medical image registration
without the need for any previous feature extraction, segmentation or pre-processing
of the images [39]. MI is also considered as one of the requirements for registration
[40]. MI is a mathematical metric that measures how much information about one
dataset can be acquired from understanding the distribution of another dataset [40].
One practical challenge with MI is computational cost. Computing MI involves
estimating joint intensity histograms or probability distributions at each iteration of the
optimizer [39]. Overall, MI provides a robust criterion for cross-stain WSI registration,
especially for global alignment stages.

Intensity-based registration typically involves choosing one of the above metrics
and then using an optimization algorithm to hunt for the transformation that maximizes
the similarity or minimizes the cost derived from it. Common optimizers include
gradient descent, simplex methods like Powell’s method. Powell’s method performs a
series of 1-D bracket searches along multiple directions and doesn’t require gradient
computation [39]. Because WSIs are huge, intensity methods are almost always
implemented in a multi-resolution pyramid: the images are first heavily downsampled
to find an initial alignment, then progressively higher resolutions are registered, using
the result of the previous level as initialization [27]. This coarse-to-fine approach
greatly speeds up convergence and improves robustness. Even so, intensity-based WSI
registration can be slow for instance, the ANTs deformable algorithm using Mattes’
mutual information achieved top accuracy but with very long runtimes on WSIs [35].
Another consideration is masking out irrelevant regions. Most often the background of
slides is excluded from the metric computation using a tissue mask, to focus the metric
on overlapping tissue only [27].

The intensity-based methods generally require the images to be roughly pre-
aligned; if the initial offset or rotation is too large, the optimizer can get trapped. That
is why intensity-based methods are often combined with feature-based methods for a
two-stage process. In summary, intensity-based registration leverages all pixel data and
can achieve very accurate alignments when the similarity metric is appropriate for the
modality. For differently stained slides, mutual information is the preferred metric due
to its ability to handle different intensity mappings. Nonetheless, pure intensity-based
approaches can struggle if the images have very little overlapping information.

2.2.3. Feature Based Registration

Feature-based registration focuses on identifying and matching distinct features within
images to determine the spatial transformation required for alignment. This approach
is particularly effective when dealing with images that have significant differences
in intensity values or originate from different modalities. The key steps involved in
this area are feature detection, feature description, feature matching, transformation
estimation and image resampling and transformation.

Feature detection involves identifying salient features such as corners, edges, blobs,
or other distinctive structures in both reference and target images [7, 41]. An ideal



19

feature detection technique should be robust to image transformations such as rotation,
scale, illumination, noise and affine transformations [41]. Common detectors include
the following.

Scale-Invariant Feature Transform (SIFT): SIFT recognizes features invariant to
scale, rotation, and illumination changes. Notably, SIFT features have been widely
used for WSI registration [7]. SIFT can often detect corresponding structures in H&E
and THC slides, for instance the outline of a group of nuclei or a tissue boundary
will generate similar gradient patterns in both images regardless of color. Hoque et
al. (2022) specifically developed a multi-stained feature matching algorithm based on
SIFT for WSIs, with adaptive smoothing to account for stain differences [7].

Speeded-Up Robust Features (SURF): SURF is an accelerated version of SIFT,
offering faster computation while maintaining robustness [42]. It is up to some point
similar in concept as SIFT, in that they both focus on the spatial distribution of gradient
information [42]. It integrates the gradient information within a sub patch, on the other
hand SIFT depends on the orientations of the individual gradients [42]. This trait
makes the SURF less sensitive to noise [42].

Oriented FAST and Rotated BRIEF (ORB): ORB combines the Feature from
Accelerated Segment Test (FAST) key point detector and Binary Robust Independent
Elementary Features (BRIEF) descriptor, optimized for performance and efficiency
[41]. In the beginning to find out the key points it utilizes the FAST [41]. FAST
does not compute the orientation and is rotation variant [41]. It measures the intensity
weighted centroid of the patch with located corner at the center [41].

Further step is feature description. Once features are detected, they are described
using vectors that capture the local image appearance around each feature point. These
descriptors must be robust to variations in imaging conditions. Then feature matching
establishes correspondences between feature descriptors from the reference and target
images [43]. Techniques like the Nearest Neighbor Search or Hamming distance are
commonly employed. Transformation estimation computes the spatial transformation
that best aligns the matched features. Robust estimation methods like Random Sample
Consensus (RANSAC) help in mitigating the influence of outliers. Then, image
resampling and transformation apply the estimated transformation to warp the target
image, aligning it with the reference image [43].

Feature-based methods work in both manual extractions and DL based registration
approaches [44]. Traditional methods such as SIFT and ORB use gradient, grayscale,
and other information to manually design feature points for matching. Nevertheless,
this technique concentrates on local features and yields sparse feature points. In
contrast, deep learning-based feature extraction algorithms consider characteristics of
diverse sizes and scales, contributing to more comprehensive features [44].

There are two types of DL techniques: detector-based and detector-free approaches
[44]. Whether a feature extraction network is required determines how these two
categories vary from one another. The detector-based approach uses the response
values of the network to detect interest points. It constructs descriptors using
features extracted by CNN and U-Net, such as SuperPoint [45]. These interest



20

points and descriptors then match and get the corresponding feature pairs. Detector-
free techniques, such as correspondence transformer-based image matching network,
employ the designed network for end-to-end matching without requiring a dedicated
detector to identify interest sites [45].

Feature-based registration is usually faster than intensity-based for large images
because it reduces the data to a sparse set of points and descriptors. Instead of
comparing millions of pixels, one might match a few thousand features. Additionally,
key point methods are more forgiving to large initial misalignments. They can detect
features all over the image and match even if one image is rotated or translated far
relative to the other, whereas intensity methods might fail to converge if starting
too far off. The limitation of feature methods is that they may yield only a coarse
alignment if features are too sparse. Fine details not captured by the features will
remain misaligned unless further refinement is done. Also, the accuracy of alignment
depends on feature localization accuracy, which for blob features might be a few pixels.
For WSI, a few-pixel error at low resolution could translate to dozens of microns at
full resolution. Therefore, pure feature-based alignment might not suffice for precise
cell-level mapping, often a downstream deformable adjustment or an intensity-based
fine registration is applied on top of the feature-based result. Both feature-based and
intensity-based registration methods have their unique strengths and are chosen based
on the particular requirements of the imaging scenario.

Recent advancements, particularly the integration of machine learning techniques
and the development of hybrid methods, have further enhanced the capabilities and
applicability of these registration approaches. As the field progresses, the combination
of traditional methods and modern computational techniques continues to bring
improvements in accuracy, efficiency, and robustness of image registration processes.

2.2.4. Optimization Strategies in Image Registration

The correlation of spatial transformation between the images is the basis for image
registration, which can be transformed from a registration problem into a mathematical
parameter optimization problem [46]. The objective of the optimization method is to
improve the similarity measure degree and speed up to reach the ideal value [46]. It is
also considered as a core stage in the image registration workflow [47]. Numerous
optimization techniques employ the gradient direction to find out the update step
that might be not optimal [47]. An imperfect update may lead to a lot of iterations,
which would greatly lengthen the computation time or reduce the precision of the
registration results. A better algorithm that offers more accurate iteration steps is
Levenberg—Marquardt (L-M) optimization [47].

Nevertheless, the L-M technique has a significant computational complexity due to
the huge number of factors in nonrigid image registration. The steepest descent method
is a popular optimization technique for image registration; it converges quickly at the
beginning but slows down when the parameter vectors are approaching the solution set.
The Gauss-Newton approach provides a more accurate search direction by determining
the update step by utilizing both the first and second order differential of the desired
function. The geometric transformation in image registration corresponds to the set of
transformation parameters that are optimized during the registration process [46]. They
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are further categorized into two categories, that is linear transformation and non-linear
transformation [46].

Linear transformation: When the internal structure of an image does not exhibit
visible distortion or deformation, linear transformation is utilized for the registration of
bone structures and tissues. It is carried out by computing translational and rotational
vectors [46].

Non-linear transformation: The primary advantage of non-linear transformation over
linear transformation is its ability to register local deformations, which results in more
accurate registration [46]. Most commonly, optimization methods iteratively modify
the transformation parameters until a predefined similarity measure reaches its optimal
value or convergence criteria are met. Depending on the type of variable, optimization
methods can be divided into two groups: continuous variables and discrete variables
[46].

In a nutshell, the continuous variable optimization method solves the differential in
an objective function, with parameters that can be set in a variety of ways. The gradient
descent method (GD), conjugate gradient method (CG), Powell optimization method,
Quasi-Newton method (QN), Levenberg-Marquardt method (LM), and stochastic
gradient descent method are the often-employed techniques in the optimization of
continuous variables [46]. On the other hand, only discrete values can be used for
the discrete optimization of variables. Discrete variable optimization basically use the
Markov random field to carry out the optimization in image registration applications
[46].

2.3. Deep Learning in Image Registration

Deep learning is an area of machine learning that concentrates on algorithms
inspired by the structure and function of the human brain, known as artificial neural
networks. It involves training deep neural architectures composed of multiple layers to
automatically learn hierarchical feature representations from data [48]. By leveraging
large datasets and the backpropagation algorithm, deep learning models have achieved
dramatic improvement in tasks like image recognition [48]. In DP, DL has become a
transformative tool, enabling automated analysis of WSIs for diagnosis, prognosis,
and research. Indeed, pathology is considered one of the medical fields broadly
transformed by DL, known its ability in image analysis [49].

2.3.1. Applications for Deep Learning in Histopathology

The integration of DL into DP has continued to drive the growth in the field. Staining
tissue samples manually in histopathology is a labor-intensive, expensive, and time-
consuming procedure [16, 50]. Also, creating staining variability among different
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labs which may result in misdiagnoses [16]. Further, the manual staining technique is
prone to degrading [16, 50]. DL supports virtual staining and provides real histological
imaging outcomes without needing the traditional physical staining procedures [16].
In addition, there are several image processing techniques that rely on DL. Recent
advances in computational models for robust registration and localized co-expression
analysis of several whole-slide images have enhanced the analytical abilities in terms
of the serial histology sections stained differently. These frameworks allow for precise
and accurate alignment of tissue sections, which makes accurate co-localization of
the biomarkers, and more detailed and comprehensive tissue analysis possible. Stain
normalization is another technique used to counter the staining variability mostly based
on DL that produces good results [1, 3, 51].

Overall, the transition to DP, facilitated by the progress in WSI and DL
technologies, has significantly improved the possibilities of the analysis and
interpretation of the histopathological images. These advanced methodologies make it
easy to integrate and register differently stained images to generate a 3D structure from
2D slides hence allowing for a better understanding of tissue pathology and increased
diagnostic accuracy and future treatment [7].

2.3.2. Deep Learning Based Image Registration

Unlike traditional registration methods that often struggle with large appearance
differences between stains, deep models can learn complex, stain-invariant features
or even translate images to a common stain domain, thereby improving cross-stain
alignment accuracy [12, 52]. These CNNs, Generative Adversarial Networks (GANSs),
and more advanced architectures that include the transformers and diffusion models
have been applied to better handle multi-stain variability in WSIs. When compared
to traditional methods, data-driven methods dramatically benefit from many paired
and unpaired images, which is why DL-based deformable registration methods have
recently drawn a lot of interest from researchers [31]. DL-based models can improve
deformable registration functionality. First of all, deep neural networks are capable
of accelerating the training phase of the iterative optimization process and achieving
rapid inference during the test phase [31]. Second, neural networks can assist with
registration by approximating the similarity between image pairings.

Furthermore, without first constructing a transformation model, the deformation
field can be predicted directly using an end-to-end model [31]. These methods can
be split into three main categories that are supervised, unsupervised and adversarial
registration [53].  Ground-truth deformation fields are needed for supervised
registration. The generator and discriminator networks that form the basis of the
adversarial technique have similar drawbacks [53]. Furthermore, training adversarial
networks is not simple. Registered image pairings that represent the ground-truth
alignment are required in order to train the discriminator. For some tasks, it can be
achieved [53]. However, it is typically expensive and time-consuming. Conversely,
unsupervised techniques don’t need any ground truth. They work by minimizing
a specific cost function, and the accuracy of registration primarily depends on the
following factors that are an appropriate selection of the similarity measure, enforcing
plausible deformations with a regularization term, the capacity to converge during
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training, and a generalization ability. The unsupervised registration can be seen to
speed up the classical, iterative image registration [53]. Many DL approaches use
CNN architectures to directly predict the spatial transformation, aligning two WSIs
of the same tissue. These models often adopt an unsupervised strategy, so instead of
needing ground-truth for deformation fields, they optimize a similarity metric between
the moving and fixed image to learn the alignment. For instance, Wodzinski et
al.’s DeepHistReg framework employs a multi-stage CNN pipeline which includes
tissue segmentation, initial coarse alignment, followed by trained affine and non-rigid
registration networks to iteratively register differently stained slide [53]. Such end-to-
end CNN methods can operate at multiple scales, capturing both global alignment and
local deformations. Recent work has also integrated deep feature correspondences to
enhance CNN-based registration.

Wei et al. propose an Iterative key point correspondence guided (IKCG)
unsupervised registration network guided by learned key point correspondences, using
deep feature descriptors to match points across stains [54]. By leveraging features
from pre-trained CNNs alongside features learned on histology data, their approach
robustly identifies corresponding anatomical structures despite stain differences [54].
This deep feature guidance enables the model to handle large local distortions that
conventional algorithms often fail to align [54]. Overall, CNN-based methods provide
a fast inference once trained, often registering images in seconds or minutes, much
faster than iterative classical methods and can learn to be resilient to staining variability
through data-driven feature learning. The main challenge with the learning-based
registration of histology images relates to the high resolution of these images, coupled
with large and complex deformations [53]. The deep learning methods suffer from
large Graphics Processing Unit (GPU) memory utilization. The higher the image
resolution, the larger the necessary receptive field and the required GPU memory.
The simplest solution is to downsample the images. This approach was used by
the TUB team to apply the volume tweening network during the ANHIR challenge
[5]. However, downsampling the images reduces the registration quality and makes it
harder to register fine details [53].

Additionally, sensitivity of CNN to domain changes may lead to inadequate
generalization [55]. In medical imaging, different institutions have different data
acquisition conditions, which causes domain shift and changes in image attributes.
One well-known example is stain variation in histopathology slides [55]. Domain
shifts can happen in medical imaging when testing data from various facilities, all
having its own acquisition techniques. The tissue is stained with several dyes to create
WSI, with H&E being the most popular. Although the staining procedure makes the
underlying structure of tissues visible under a microscope, it can also cause variations
in image contrast and color because different chemicals and staining techniques are
used. Second, slides are scanned using a scanner after staining; the optical properties
of the scanner and post-processing filters vary depending on the brand. The image
properties variation among different centers can heavily degrade the performance of
machine learning algorithms that were trained on the data from a single institution
when testing slides from external centers. Developing frameworks robust to changes in
image acquisition parameters is essential to achieve generalization. Data augmentation
is a commonly used blend to establish some degree of invariance to a CNN [56, 57], it
also can be used to tackle class imbalance [58]. By adding distortion to the data and
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avoiding overfitting, augmentation can maintain training and can also add previous
details to the model [56].

2.3.3. Transformers and Hybrid Models

Building on the success of CNNs, researchers have started exploring Vision
Transformers (ViTs) for registration tasks, given their strength in modeling long-range
dependencies. Transformers can capture global context across a WSI, complementing
CNNs local feature extraction. Golestani et al. introduced a hybrid CNN-
transformer model for aligning multi-modal breast tissue images [59]. In their
Puzzling Vision Transformer-Based Affine Image Registration (PViT-AIR) approach, a
Vision transformer processes the entire tissue microsection to understand global spatial
relationships, while CNN-based modules focus on fine-grained alignment of image
segments [59]. This combination allowed simultaneous registration and stitching of
multiple histology image patches to a large field of view radiology image through a
puzzling mechanism [59]. The transformer’s global awareness improved the model’s
ability to match corresponding regions even when tissue context was very different
between modalities.

Notably, because obtaining ground-truth for such cross-modality registration is
extremely difficult, they trained the model in a weakly-supervised manner using
synthetic data, essentially creating pseudo-paired examples by overlaying and
transforming images within the same modality [59]. This data augmentation strategy
helped overcome the scarcity of aligned multi-stain training data and yielded state
of the art accuracy in specifically radiology pathology registration. The use of
transformers in histology image alignment is still emerging, but early results indicate
they can enhance performance by providing a more holistic understanding of tissue
layout.

2.4. Stain Normalization

In most cases, stain normalization procedures preserve the other information in the
processed image while converting the source image to the target image color style
[60]. This can be broadly categorized into two classes: conventional methods and deep
learning-based methods [11, 61]. Staining processes are often subject to variability,
which complicates the automation of tissue area analysis across different staining
techniques [62]. Variations in biological factors across different tissue types and
inconsistencies in staining protocols contribute to high levels of visual appearance
variability [62]. One way to reduce color variations present in whole slide images
is to convert RGB into grayscale. Grayscale conversion can lead to a loss of several
image information, as grayscale images lack the color depth and important details of
RGB images [62].

To match the features of images from source and target domains, the traditional
ones, which are frequently based on physics [63], use statistical techniques [64]. The
color matching and stain-separation methods are two kinds of traditional methods that
are mainly obtained by analyzing, converting, and matching the components of the
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color. The color matching methods calculate the mean and standard deviation of source
images and standardize them to match a reference image in Lab color space [65]. The
stain-separation procedures try to distinguish and normalize every staining channel
separately.

The target of DL-based techniques is to match the characteristic distributions of
source and target slides by first classifying pixels into distinct stain components [66].
Additionally, stain normalization could be seen as a style transfer issue, transforming
data from a different domain into the target center’s domain [67]. Normalization has
the benefit of decoupling the domain invariance and classification tasks [55], but it
also has the drawback of requiring an additional step to normalize each image before
it can be classified. The recent DL-based methods allow the learning of stain transfer
mappings in a data-driven manner where fine-grained structural features are retained
[65]. According to Hoque et al. [62], these techniques are further grouped into four
categories based on their methodologies [68] as listed below,

2.4.1. Histogram Transformation Based Approaches

These approaches standardize the color appearance of histopathological images by
aligning the color distributions of source images to those of a reference image
using statistical transformations [62]. Reinhard et al. introduced a landmark based
method that operates in the LAB color space [64], transferring the mean and standard
deviation of color channels from the reference image to the source image. Zheng
et al. extended this idea using HSV space to control illumination and saturation
components for improved normalization [68]. While histogram transformation-based
methods are computationally efficient and simple to implement, they often ignore the
underlying staining characteristics of histological structures, leading to color artifacts
and inconsistent normalization, especially in regions of interest.

2.4.2. Separated Transformation Based Approaches

These methods treat each stain as an independent component and apply separate
transformations to normalize them. The foundational technique here is color
deconvolution, which separates stains based on their absorbance spectra using the
Beer—Lambert law [62]. Khan et al. [60] used nonlinear mapping guided by staining
vectors. Bejnordi et al. [66] applied hue-saturation-density transformations to align
chromatic and density distributions. Although separated transformation methods
offer greater control over individual stain normalization, they require additional
computation and may cause color discontinuities and structural distortion due to per-
pixel transformation inconsistencies.

2.4.3. Unified Transformation Based Approaches

The drawback of the above-mentioned approaches is the color discontinuity and
the high computational time. In this context, several approaches have been
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proposed to establish a unified transformation for pixels in histopathology images
[62]. Instead of pixel-based stain classification, these techniques offer pixel-based
extraction of independent stain components. To overcome the limitations of per-
stain transformations, unified transformation methods estimate a global mapping
that simultaneously accounts for all stain components. These methods often rely
on non-negative matrix factorization (NMF) or sparse NMF (SNMF) to extract
stain vectors and weights [62]. Macenko et al. [63] proposed a method
based on singular value decomposition in the optical density space. Zhou et
al. [41] optimized the deconvolution matrix to improve hematoxylin component
decomposition. Adaptive color deconvolution methods enhance stain separation by
embedding stain intensity and proportion constraints in the optimization process
[62]. While unified transformation approaches improve consistency and structure
preservation, they remain computationally complex and require prior knowledge for
optimization. Moreover, challenges persist when one stain is weakly represented, or
immunohistochemical staining does not conform to linear assumptions.

2.4.4. Generative and Diffusion Models

Recent advances in deep learning have introduced Generative Adversarial Networks
(GANS) and diffusion models for stain normalization.

Generative Adversarial Network: GANs aim to bridge the appearance gap between
different stains by learning unpaired image-to-image translation mappings. GANs
have become a powerful tool to bridge the appearance gap between different stains.
Rather than directly computing correspondences in two vastly different images, the
idea is to translate one staining to another, effectively normalizing the appearance
before registration [30]. Mostly, images are differently stained to highlight the key
feature [30]. Cycle-consistent GANs (CycleGANs) have been widely adopted for such
unpaired image-to-image translation[30]. For instance, Xu et al. utilized a CycleGAN-
based approach to generate synthetic IHC-stained images from H&E slides [30]. By
doing so, regions of tumor that are difficult to discern on H&E alone could be virtually
stained for Ki-67 or any other stain, improving downstream alignment and analysis
[30]. In their framework, adversarial training was augmented with class-specific
feature vectors to better preserve diagnostically relevant structures during translation
[30]. Likewise, Roy et al. developed a translation then registration approach. A
modified CycleGAN first produces a synthetic IHC image from an H&E WSI, after
which a deformable CNN registers the synthetic IHC to the actual IHC image [12].
To ensure that generative translation does not alter tissue morphology, they imposed a
feature consistency loss using a pre-trained VGG network, so that the synthetic image
shares structural features with the real target [30]. This GAN-assisted pipeline termed
CGNReg was able to align H&E/IHC serial sections at full WSI resolution and showed
significantly improved alignment over traditional methods in cross-stain registration
tests [12].

Diffusion Models: are the class of generative models that learn to generate images
by reversing a gradual noise-adding process with iterative denoising [22]. They are
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trained to model the distribution of the data by predicting the noise that is added at
each timestep in a Markov chain, which allows high-fidelity sample generation from
pure gaussian noise [69]. A neural network is then trained in reverse, step by step to
denoise the sample and recover the original structure [70]. Such an approach enables
diffusion models to learn highly complex data distributions and produce realistic, high-
fidelity images with strong diversity and stability outperforming traditional GANs
on many visual synthesis tasks [51]. To reduce the high computational cost of
working directly in the pixel space, Latent Diffusion Models (LDMs) were suggested,
and these compress the image down to a lower-dimensional latent space prior to
applying the diffusion process [71]. Stable diffusion is a popular realization of LDMs
utilizing Variational Autoencoder (VAE) for image encoding and decoding, U-Net
backbone is used for denoising in the latent space, and conditioning mechanism
based on transformer-based encoders such as Contrastive Language image pre-training
(CLIP) [72]. Diffusion architecture provides efficient generation of high-resolution
images with semantic guidance, and this makes stable diffusion a scalable and flexible
framework for natural image synthesis [72].

Diffusion Probabilistic Models: the latest generation of deep generative models,
diffusion probabilistic models, are also being explored for stain normalization and
augmentation tasks. Diffusion models offer a new way to perform image to image
translation by iteratively refining images through learned denoising processes, which
can produce highly realistic outputs without some of the pitfalls of GANs [73].
StainDiff is a recently proposed diffusion-based method for histology stain style
transfer [73]. It introduces a cycle-consistent diffusion process that learns to translate
an image from one stain domain to another while preserving tissue structure. This
approach was shown to avoid issues like mode collapse that GANs may suffer from,
and it can generate multiple variant outputs to capture the variability in staining [73].
Although diffusion models are computationally intensive, their ability to produce
reliable and diverse stain-normalized images can be very valuable as a preprocessing
step for registration. By using such models to standardize color and intensity across
slides, registration algorithms, whether traditional or CNN-based can achieve more
robust performance.

The incorporation of diffusion models into the registration pipeline is still
in emerging stages, but it represents a promising edge for handling stain
variability through data augmentation and normalization. The diverse methods
reviewed above highlight the trade-offs between computational cost, stain specificity,
structural preservation, and generalizability. Classical methods like Reinhard and
Macenko remain useful as baselines, while matrix factorization-based and adaptive
deconvolution techniques offer more robust performance. GAN and diffusion-based
approaches represent the cutting edge, although their reliance on large datasets and
training stability remains a concern.
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3. METHODOLOGY

This section outlines the complete approach designed to perform the image
registration of histopathological tissue samples prepared with various chemical
staining techniques. The proposed pipeline utilizes DL-based stain normalization
techniques to introduce the variability and non-rigid image registration methods to
achieve high spatial precision. A histopathology dataset discussed in the Section
3.1 serves as the initial input to the pipeline which undergoes stain normalization to
increase the dataset variability. The next stage employs a DL model to normalize
images of other stains into an H&E-stained appearance discussed in Section 3.2.
The harmonized output from the previous step moves to the registration module,
where it undergoes spatial alignment with the target image. This study employs three
registration techniques, which are discussed in Section 3.3 of this chapter, along with
their respective evaluation metrics. The Target Registration Error (TRE) is used as the
measure of registration accuracy across all three methods for the comparative study in
Section 4.1.3. The below Figure 3, illustrates the methodology followed in the study.
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Figure 3. Methodology for the histopathology image registration study, illustrating the
process from dataset preparation to comparative analysis based on TRE.
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3.1. Dataset

The dataset utilized in this study is the Automatic Non-rigid Histological Image
Registration (ANHIR) dataset. The ANHIR dataset was earlier released for the ANHIR
grand challenge at IEEE International Symposium on Biomedical Imaging (ISBI)
2019 [74]. The ANHIR dataset serves for benchmarking and evaluating purposes of
modern non-rigid image registration methods in digital pathology because it addresses
common issues like multi-stain variability and tissue deformation along with scanning
artifacts that traditional techniques fail to handle. The dataset consists of whole slide
images, high resolution up to 40x magnification of tissues including lesion, lung lobes,
breast, mice kidney and mammary glands [5]. The initial dimension of images is
100 000 x 200 000 pixels, stained with multiple dyes. The images are arranged in sets
of successive slices [74]. The data set consist of whole-slide histological images that
were obtained from eight distinct tissue types. Figure 4 shows the sample images from
the dataset of different tissues.
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Figure 4. Sample images from the dataset: (a) breast, (b) COAD (colon
adenocarcinoma), (c) gastric, (d) kidney, (e) mammary gland (f) lung lesion (g) mice
kidney and (h) lung lobes.

Each of the sample images in Figure 4 has a corresponding set of differently stained
variations. The presence of multiple staining variations creates substantial challenges
because of color variations, contrast and texture differences that make this dataset
suitable for evaluating stain invariant image registration method. Below Table 1 shows
the list of biological marker codes and their corresponding names used for staining
histology tissue samples in the ANHIR dataset and Table 2 shows the dimensional
characteristics of images.
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Table 1. List of biological marker codes and their corresponding names used for
staining histology tissue samples in the ANHIR dataset [19]

Code Name

Ki67 Antigen Ki-67

PR Progesterone receptor

proSPC Prosurfactant protein C

HER2 Human epidermal growth factor receptor 2
H&E Hematoxylin and Eosin

ER Estrogen receptor

CD31 Platelet endothelial cell adhesion molecule
Ccl0 Clara cell 10 protein

Table 2. The dimensional characteristics of images in the ANHIR dataset [19]

Name Tissue Magnification Resolution Average size
[um/pixel] [pixels]

Breast Human breast 40x 0.2528 65k x 60k
COAD Colon adenocarcinoma 10x 0.468 60k x 50k
Gastric Gastric mucosa 40x 0.2528 60k x 75k
Kidney Human kidney 40x 0.2528 18k x 55k
Mammary gland Mammary glands 10x 2.294 12k x 4k
Lung lesion Lung lesion 40x 0.174 18k x 15k
Mice kidney Mice kidney 20x 0.227 37k x 30k
Lung lobes Whole mice lung lobes 10x 1.254 11k x 6k

Quantitative assessment becomes possible through the manual annotation of
landmark points in ANHIR dataset for the specific image pairs. The manually placed
points serve as reference markers that link specific areas in both moving and target
images for measuring TRE, which represents a common metric in medical image
registration [74]. The landmarks are stored in a comma separated values (csv) file
format, which is quite easy to use and includes a standard Imagel] structure and
coordinate frame. The top left corner of the image is assigned to coordinate the
origin the system (0,0). Regarding annotation quality, two experts completed each
landmark annotation, and one additional expert independently verified each annotation
[74]. This multi-expert approach ensures high annotation accuracy and reliability. The
consistent verification process minimizes human error and enhances the robustness
of the landmark data. Landmarks serve as valuable tools for assessing non-rigid
registration performance when images undergo severe tissue deformations. Landmarks
serve as valuable tools for assessing non-rigid registration performance when images
undergo severe tissue deformations [5]. Figure 5 illustrates the images of the lung
lesion and rat kidney, warped with the landmarks.
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Figure 5. Images warped with their respective landmarks.

3.2. Stain Normalization

The next step is stain normalization. As stated earlier, staining variability is one of
the key issues that results in poor performance for the registration algorithm. This is
a critical gap that can be optimized. To determine the impact of staining variability
on registration performance, the stain normalization was applied to the images using a
DL-based method, StainNet. The primary goal of this step is to introduce variability
and make it possible to assess the robustness of different registration approaches
under varying conditions. This allowed to systematically evaluate how the intensity-
based registration algorithms and the landmark-based registration method respond to
stain normalization. Such an approach is essential given that stain normalization can
sometimes introduce synthetic alterations in intensity distributions, raising questions
about its real-world applicability. Therefore, by applying normalization aim was to
gain deeper insights into their stain-invariance capabilities and practical usability in
diverse histopathology settings.

In this work, two different methods were tried that include the efficient pretrained
StainNet model for stain normalization and Reinhard stain normalization coupled with
stable diffusion model for denoising. For stain normalization, these two methods were
experimented to select the best performing, which was StainNet . DL based techniques
are efficient at stain normalization, but they are still lacking computational efficiency
and robustness [65].

3.2.1. StainNet

Most of the stain normalization methods, such as Reinhard normalization or Macenko,
have been utilizing statistical models based on color space transformations [75].
However, classical approaches are not well suited to generalizing other tissue
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structures, but also have difficulty managing complex, nonlinear stain variations. To
overcome this StainNet is one of the deep learning-based methods proposed [65].

StainNet Architecture:

StainNet is a convolutional neural network designed for stain normalization via
channel-wise color transformation using only 1x1 convolutional filters originally
developed by Kang et al. [65]. This study applies optimization and utilizes architecture
in the workflow for the normalization task. The original design goal of StainNet is
to preserve spatial structure while learning an end-to-end mapping of the input stain
style to a reference stain in the RGB color space [65, 75]. To learn color mapping
using distillation learning, the model employed StainNet as the student network and
StainGAN as the teacher network [65].

The implementation consists of two stages: The first stage involves the training
of StainGAN, a generative adversarial network with the couple of generators and
discriminators. The second stage involves the development of StainNet that is built
on CNN. For StainNet to learn the transition from the source color space to the target
color space, both the source and target images must be matched. In this way StainNet
is utilized as the student network and StainGAN as the instructor network because it
is challenging to obtain matched images and align them precisely in practice. In other
words, StainNet learns the StainGAN output using the L1 loss [65]. The following
Figure 6 illustrates the complete architecture of StainNet.

StainNet GAN
Source
image .Qﬁ

Target

Discriminator Dy
Cycle-consistency loss style
image

Source - =
style | <= .
image 23

StainNet

Source E> III E> StainNet
image Output

Stain Net

Figure 6. The architecture of the StainNet model.
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StainGAN:

As discussed earlier, there are couple of generators (G 4 and GG ) and discriminators
(D4 and Dp) in the framework of StainGAN. The image is transferred from the source
domain to the target domain using GG 4, and from the target domain back to the source
domain using G'g. The generator GG 4 transforming the source image x; to the target
domain is expressed in Equation (1)

xy = Gal(zs) (1

Further, the generator G transforming the target image x; back to source domain is
expressed in Equation (2)

zs = Gp(w) (2)
where z; is the source image and z; is the target image in Equations (1) and (2).

Images created by G4 and a real target image are distinguished by D 4, while images
created by G'p or a real source image are distinguished by Dg. StainGAN suffers from
two types of losses: adversarial loss and cycle-consistency loss. The cycle-consistency
loss ensures that G’ can reconstruct the images produced by (G4 to the source image
and G 4 can rebuild the images produced by G to the target image [76]. Equation (3)
describes the cycle consistency of cycle GAN [76]

Leye =Y [Gp(Galx)) — x|, 3)

where x is an image from the source domain, G 4 and G are the generators.

Moreover, the goal of adversarial loss is to make sure that the generated images stain
distribution matches the actual distribution [61]. Equation (4) describes the calculation
of adversarial loss for the GAN model [76]

Loan =Y llog D)) + Y flog (1 — D(G(x))] 4

x

where G(x) is the generated image created by the generator GG, D(x) is the
discriminator’s output for a real image, and D(G(x)) is the discriminator’s output for
the generated image.

Equation (5) describes the total loss for StainGAN, where A is a weight to balance the
loss terms [76]. This collectively shows the adversarial losses for both domains and
the cycle-consistency loss to guide the training of the StainGAN framework

£Stail’lGAN = ‘CAGAN + ‘CBGAN + )\ ' Ecyc (5)

where L4, is the adversarial loss for domain A (source to target), Lp,,, is the
adversarial loss for domain B (target to source), L. is the cycle-consistency loss,
which ensures that a source image translated to the target domain and back reconstructs
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the original image, and \ is a weighting parameter that balances the importance of the
cycle-consistency loss relative to the adversarial losses.

StainNet:

Convolution operations in the present convolutional neural network use a kernel size
of at least 3 x 3. A 3 x 3 or larger convolution, on the other hand, conducts a
weighted summation in the nearest neighbors of the input image [65]. As a result,
the nearest area of the input image invariably influences the pixel value in the output
image. The 1 x 1 convolution has nothing to do with neighboring values, in contrast
to the 3 x 3 convolutions, and it only maps one pixel. In other words, it can
maintain the source information and would not be impacted by texture [65]. The
mapping relationship from StainGAN is then extracted using a completely 1 x 1
convolutional neural network called StainNet. ReLLU is utilized as a convolutional layer
to improve the non-linear mapping capability, except for the final convolutional layer.
By default, convolutional layers with 32 channels were employed, considering the
trade-off between computational efficiency and performance. The model Equation (6)
for 1x1 CNN with ReL.U activations

where f(z) is the final output of the neural network for input x, Wy, Wy, Wj are
weight matrices for the first, second, and third layers, respectively. by, b, and b3 are
the corresponding bias vectors. ReLU is the rectified linear unit activation function.

Further, the loss function for the StainNet can be calculated as shown in Equation (7)

LstinNet = Z ||StainNet(z5) — Ga(zs)|, (7

Ts

where Lspinne: represents the training loss used for the StainNet model. x is an image
from the source domain. StainNet(x;) is the output of the StainNet model, which
performs stain normalization on the source image. G 4(z;) is the target-styled image
generated by the teacher network G 4 (from StainGAN).

Utilization of StainNet Architecture:

This study utilizes StainNet by implementing architecture in a highly optimized way
and loading the pretrained weights. The model consists of three consecutive 1x1
convolutional layers with 32 intermediate channels, where ReLLU activation functions
are applied after the first and second layers to introduce non-linearity, while the
final layer produces the output without activation. The model performs pixel-wise
stain normalization on histopathology images. The pipeline includes preprocessing
input images to match the expected range of the model , performing GPU-accelerated
inference, and post-processing the outputs to standard RGB format. This integration
enabled the effective deployment of StainNet for scalable and reproducible stain
normalization in this study.
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Evaluation Metrics:

Digital images are subject to a wide variety of distortions during acquisition,
processing, compression, storage, transmission and reproduction, any of which may
result in a degradation of visual quality. To evaluate the performance, the similarity
between the normalized image and the target image, and the consistency between the
normalized image and the source image was measured with Structural Similarity Index
Measure (SSIM) and Peak signal to Noise ratio (PSNR).

Structural Similarity Index: SSIM is a perceptual metric that measures the similarity
between two images [77]. The extent of source information preservation is weighed
by the SSIM of the source image (SSIM Source), which also was used to measure the
similarity between the normalized image and the source image [65]. This method is
particularly useful for stain normalization. It estimates the perceived quality of the
images [77]. It can be calculated as shown in Equation (8)

(2papty + C1)(204y + Co)
(12 + p2 + Cr)(02 + 02 + Cy)

SSIM(z,y) = @)

where x and y are the patches from the reference and test images respectively, (i, (i,
are the mean intensity values of = and v, 0926, 03 are the variances of x and y, 0, is the
covariance between x and y, and C', C'5 are small constants to stabilize the division.

Peak Signal to Noise Ratio: PSNR is used to calculate the ratio between the maximum
possible signal power and the power of the distorting noise which affects the quality
of its representation [77]. This ratio between two images is computed in decibel form
[77]. PSNR is a traditional metric that quantifies image fidelity based on the Mean
Squared Error (MSE) between a target and test image. It can be calculated as shown
in Equation (9)

L2

where L is the maximum pixel value, x and y are the pixel value from the two images
after the mean squared error.

3.3. Image Registration Techniques
Three different registration methods were applied. A landmark-based registration
method was developed in this thesis work; the other two are prebuilt Elastix and ANTs
methods.

3.3.1. Landmark Based Registration

The registration approach employed is a non-rigid, landmark-based geometric method,
designed to align multi-stained histopathological images. The following approach
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aligns two images by allowing non-rigid deformations like stretching, bending, or
warping so that corresponding structures match between them. The method is based
on the classical TPS interpolation technique, which has been extensively used in
medical image registration due to its smooth deformation modeling and minimal
bending energy properties. The pipeline consists of five key stages: displacement
vector estimation from anatomical landmarks, TPS-based interpolation using RBF,
gaussian smoothing of the displacement field, image warping using remapping
functions, and registration accuracy evaluation using TRE. The combination of
TPS-RBF interpolation, chunk-wise processing, Gaussian regularization, and
manual landmark transformation, coupled with automated TRE-based validation and
overlay visualization, provides a flexible and interpretable framework suitable for
computational pathology research.

Landmark-Based Displacement Estimation:

For each pair of fixed (H&E) and moving (immunohistochemically stained) images,
corresponding anatomical landmarks were used to compute displacement vectors.
These coordinates were stored in csv file format. The dataset for each image pair
was split into training (70%) and validation (30%) subsets. The training landmarks
guided the construction of the registration model, while the validation subset was used
for accuracy evaluation.

Displacement Vector Estimation:

We have two images the moving image and the fixed image. By using the image
coordinates the displacement estimation can be computed as shown in Equation (10).
The following are the coordinates of the images

Coordinates of the moving image = (z!", y"*)
Coordinates of the fixed image = (a:f , ylf )

Ax; = 3:{ —a', Ay = yzf -y (10)
where Ax; and Ay; vectors represent how much each point in the moving image must
shift to align with the fixed reference image.

Thin Plate Spline Interpolation with Radial Basis Function:

To extend the displacement information from sparse landmark locations to every pixel
in the image, Radial Basis Function (RBF) interpolation using a Thin-Plate Spline
(TPS) kernel was applied. The TPS-RBF formulation minimizes bending energy while
ensuring smooth warping of the image. The displacement at any arbitrary pixel (z,y)
is computed as shown in Equation (11)
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N

D(x,y) = > wi- ®(||(z,y) — (zs, :)]) (11)

i=1

where ®(r) = r?logr is the TPS kernel function, (x;,y;) are training landmark
coordinates, w; are the interpolation weights run from training displacements. The
interpolation was applied in memory-efficient chunks to accommodate high-resolution
histopathology images, ensuring scalability of the method without significant
computational overhead.

Gaussian Smoothing of Displacement Field:
The interpolated displacement field from Equation (11), further smoothed using a

Gaussian kernel G, (z,y) to remove localized interpolation noise and ensure smooth,
anatomically plausible deformations can be seen in Equation (12)

Dsmooth(xa y) = GO’(I7 y) * D(I, y) (12)

where * denotes convolution. This step helps in reducing abrupt displacements that
may arise due to slight inconsistencies in landmark placement.

Image Warping and Registration Output:
The smoothed displacement field (dz(z,y),dy(z,y)) was applied to the moving
image using OpenCV remap () function, producing the registered image shown in

Equation (13)

(«,y) = (z + dx(z,y), y+dy(z,y)) (13)

where each pixel in the moving image is shifted according to the computed field,
resulting in a warped image aligned to the fixed image.

Evaluation Metrics:

The accuracy of the registration was evaluated using TRE, calculated on the validation
landmarks as shown in Equation (14)

1N
— f T f r
TRE = N ;:1 \/(xz —z7)? + (y; —y;)? (14)

where (27,y/) are the fixed validation landmark coordinates and (z7,y!) are the
corresponding transformed coordinates from the moving image. TRE is the average
spatial error and was reported in pixels.
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3.3.2. Intensity Based Technique Using Elastix

To perform baseline image registration between differently stained histopathology
slides, Elastix, an open-source medical image registration toolkit built upon the ITK
library was used [78]. Elastix provides modular control over each component of the
registration pipeline through parameter files, allowing for customized workflows suited
to multi-modal, high-resolution image data.

In this work, affine transformation was employed using Elastix, which models
global spatial alignment through translation, rotation, scaling, and shearing. Although
affine transformation is limited in correcting local non-linear deformations, it is
computationally efficient and effective for tissue sections with consistent orientation
and scale. The configuration details are summarized in below Table 3.

Table 3. Configuration settings used in the registration process

Component Setting

Transformation Model Affine Transform

Similarity Metric Mutual Information (MI)

Optimizer Adaptive Stochastic Gradient Descent
Multiresolution Strategy 6 pyramid levels with recursive down sampling
Sampling Strategy 4096 samples per iteration

Interpolation B-spline

Transformation Model: An affine transformation is used that enables linear
transformation in 2D space, suitable for correcting misalignments between stained
images.

Similarity Metric: Mutual information is used that captures statistical dependence
between intensities of the fixed and moving images.The 64 histogram bins were used
to compute mutual information with enhanced sensitivity.

Optimizer: Adaptive Stochastic Gradient Descent is used that is capable of handling
noisy gradients and converging effectively in high-dimensional spaces. The optimizer
was configured to perform up to 999 iterations per resolution level.

Multi-Resolution Strategy: Registration was executed across six resolution levels,
progressively refining alignment from coarse to fine scales. This hierarchical pyramid
strategy improves robustness and reduces the risk of local minimum.

Interpolator and Resampler: B-spline interpolation of order 2 was used during
registration to compute gradients smoothly, and order 3 was used in the final
resampling step to maintain spatial accuracy in the output image.

Sampling Strategy: A total of 4096 spatial samples were randomly selected per
iteration to compute the similarity metric, balancing accuracy with computational
efficiency.
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This affine configuration is well-suited for aligning histopathology images that
share similar global structures but differ in staining. However, due to its linear
nature, it may struggle in regions exhibiting local deformation or heterogeneous tissue
appearance, which are common in WSIs. Nonetheless, the affine model served as a
reliable baseline for comparative evaluation against more complex or learning-based
registration strategies. This experiment was conducted within the BIRL (Benchmark
for Image Registration Libraries) Borda environment, which facilitated reproducible
benchmarking and evaluation.

3.3.3. Intensity Based Registration Using Advanced Normalization Tools

To handle complex tissue deformations and achieve fine-grained alignment between
differently stained histopathological images, ANTs a widely recognized, high-
performance software suite for medical image registration was employed . Developed
originally for neuroimaging applications, ANTs have evolved into a general-purpose
image registration toolkit and is consistently ranked among the most accurate in
benchmark studies. Its flexible design allows users to select from a variety of
transformation models, similarity metrics, regularization strategies, and optimization
procedures, making it well-suited for histology applications involving multi-stained
slides with structural variations [79].

One of the key strengths of ANTs lies in its ability to model non-linear and large-
deformation transformations while preserving anatomical topology. This is especially
critical in histopathology, where tissue sections may undergo warping, folding, tearing,
or variability due to staining protocols. Among its various models, we chose the
Symmetric Normalization (SyN) transformation, which is a diffeomorphic registration
method that computes a smooth, invertible deformation field to align the moving image
to the fixed image. Unlike traditional forward-only methods, SyN simultaneously
optimizes both forward and inverse transformations, producing a symmetric and
topology-preserving mapping. The configuration details are summarized in below
Table 4.

Table 4. Configuration details for ANTs SyN registration

Component Setting

Transformation Model Symmetric Diffeomorphic (SyN)
Similarity Metric Cross-Correlation (CC)
Optimizer Gradient Descent
Multiresolution Strategy 4 resolution levels

Sampling Strategy Dense

Interpolation Linear interpolation

Transformation Model: SyN is used with Gaussian smoothing of the velocity field to
enforce regularization and prevent unrealistic deformations.

Similarity Metric: The cross-correlation (CC) is used as the similarity metric,
capturing local structural correspondence between images while being robust to global
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intensity differences. This is an essential property when working with images from
different staining modalities.

Optimization Strategy: Registration was carried out using a multi-resolution
approach, where image pyramids were created by progressively downsampling the
input images. Optimization was performed independently at each level using gradient
descent until convergence thresholds on metric change and parameter norm were
satisfied.

Interpolation and Resampling: Linear interpolation was used to ensure smooth
estimation of intensities during transformation. Final warped images and landmark
coordinates were resampled at full resolution for evaluation.

During execution, each moving image was registered to its corresponding fixed
image, and the computed transformation was applied to both the image and its
associated landmark annotations. ANTs exhibited strong performance in cases
with high degrees of local deformation and tissue complexity, especially in regions
like glandular structures or loosely packed tumor zones. However, due to its
intensity-driven nature, registration performance was sometimes affected when stain
normalization altered the texture or contrast patterns of the input images. Additionally,
the computational cost of ANTs was significantly higher compared to affine or linear
methods such as those used in elastix.

3.3.4. Evaluation Metrics for Intensity Based Registration

To evaluate the performance of the registration methods we used the following
geometric accuracy metrics.

Mean Target Registration Error:
The TRE measures the average Euclidean distance between corresponding landmarks

in the fixed (target) image and the registered (warped) moving image. The mean TRE
was computed as shown in Equation (15)

i (15)

N
1 .
Mean TRE = — 5 HPﬁxed — ppawed
can N " 2

where N is the total number of landmarks, P denotes the landmark, and i denotes the
index.

Relative Mean Target Registration Error:
To track the variation in image resolution and size, mean rTRE is also computed. It

normalizes the TRE by the diagonal length of the image. It was computed as shown in
Equation (16)
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where D represents the diagonal length of the image.

3.3.5. Software Tools

For the implementation in this study, Python version 3.10 was used within the Google
Colab environment. The key Python libraries included PyTorch for the implementation
of StainNet, along with Torchvision. Furthermore, the Elastix and ANTs methods
were executed within the BIRL (Benchmark for Image Registration Libraries) [74]
framework.
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4. EXPERIMENTS AND RESULTS

This section presents the experiments conducted during the research and the results
obtained. Initially, six different tissue types were selected from the ANHIR dataset.
Following the application of stain normalization, three different methods for image
registration were evaluated. These experiments were performed on both normalized
and non-normalized images to evaluate the impact of staining variability. The aim was
to assess how different registration methods, particularly intensity-based approaches,
respond to such variability, and to examine the robustness of the proposed landmark-
based method.

4.1. Dataset

In the first step, the dataset was organized according to corresponding image pairs for
registration, including the H&E-stained reference image for each specific tissue type
and the associated csv file containing landmark annotations. For stain normalization,
the csv file was not required; only the H&E-stained image of the respective tissue was
used for comparison. Table 5 outlines the selected tissues and respective images for
normalization and Figure 7 showing the proportion of each tissue category. Images
were chosen for stain normalization based on the availability of H&E-stained image.

Table 5. Summary of tissue types and corresponding image samples used in the dataset

Tissue Types Number of Samples Total Images
Lung lobes 4 16
Mammary gland 2 8
Lung lesion 3 12
Breast 5 10
Mice kidney 2 10
Kidney 5 15
Total 21 71

B Lung lobes MW Mammarygland ®Lunglesion MBreast M Mice kidney

Figure 7. Proportion of image samples per tissue type used in the dataset.
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4.1.1. Normalization Results

After organizing the dataset by tissue type, stain normalization was performed using
the StainNet architecture, whose implementation details have been previously outlined
in the methodology Section 3.2. For each tissue group, the H&E stained image was
used as the reference template during normalization. The objective was to transform
the differently stained images (e.g., HER2, PR, Ki67) into H&E-like representations to
introduce controlled variability in staining appearance. Figure 8 presents an image grid
illustrating representative results for various tissue types, including both the original
target (H&E) image and the corresponding stain-normalized outputs.

Differently Stained HE&E Target Mormalized

breast

mammary_gland = 7 ] |§ L3 ot
I

jfﬁ, ?\ , ! : .
' g, : t
L Nl

mice_kid nex;r
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Figure 8. Stain Normalization Results Across Tissue Types Using StainNet:
Comparison of Differently Stained Inputs, H&E Targets, and Normalized Outputs.

To quantitatively evaluate the visual similarity between the stain-normalized
images and their corresponding H&E reference images, we computed two of the
most commonly used image quality metrics: Structural Similarity Index Measure
(SSIM) and Peak Signal-to-Noise Ratio (PSNR). These metrics help assess how
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well the stain normalization preserved structural information while introducing visual
differences. Importantly, controlled variability was deliberately introduced during
the normalization process to mimic realistic variations in staining, ensuring that the
resulting images remain natural in appearance while challenging the robustness of
registration algorithms.

The computed SSIM and PSNR values were averaged across each tissue group
to capture the overall impact of normalization. These results are presented in
Table 6, accompanied by a Figure 9 for intuitive visualization of similarity metrics
and variability across tissue types.

Table 6. Average SSIM and PSNR values computed between stain-normalized and

H&E images across different tissue groups
Tissue Group Average SSIM  Average PSNR (dB)

Breast 0.9438 25.43
Kidney 0.9736 24.98
Lung lesion 0.9526 26.58
Lung lobes 0.9908 30.27
Mammary gland 0.9797 25.31
Mice kidney 0.9888 29.61

Figure 9 shows the average SSIM and PSNR values for each tissue group after
applying stain normalization with the StainNet architecture. These metrics were
calculated by comparing the stain-normalized images with their corresponding H&E
reference images to check how well the normalized images look and keep the same
structure. The PSNR values for lung-lobes and mice-kidney tissues turned out to be
the highest, at 30.27 dB and 29.61 dB. This indicates that stain-normalized images of
these tissue types are still quite similar in intensity to their original H&E images. Both
groups scored an SSIM of 0.99, meaning all the details of the tissue structure, edges
and fine features were kept almost perfectly.

Unlike the others, the kidney, breast and mammary gland tissues had slightly lower
PSNR values (between 24.98 dB and 25.43 dB), suggesting that the intensity variation
was greater during normalization. This variation fits with the goal of StainNet,
which is to allow for realistic changes in staining without affecting the anatomy.
Though PSNR was not very high, the SSIM values for these tissues stayed at 0.94 or
higher, proving that the main features were still preserved in all cases. Overall, using
StainNet for normalization shows that it can deliver a wide variety of realistic stains
without affecting the structure. It allows us to test the main goal of the performance
study, which is to compare how different registration algorithms handle the same, but
naturally changing, data structures.
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Heatmap of Average 55IM and PSNR per Tissue Group
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Figure 9. Stain normalization results across tissue types using StainNet: comparison
of differently stained inputs, H&E targets, and normalized outputs.

4.1.2. Registration Results

Following stain normalization, a number of comprehensive sets of image registration
experiments were conducted to evaluate the alignment performance under controlled
stain variability. The first approach involved a landmark-based registration method,
which was designed using pre-annotated anatomical landmarks provided by the
ANHIR dataset. This method served as a structurally guided baseline, relying solely
on spatial correspondence rather than pixel intensities.

After establishing the baseline with the landmark-based method, the evaluation was
extended to include two widely used intensity-based registration techniques, Elastix
and ANTs. These methods were chosen to assess the performance of automated
registration algorithms that operate directly on image intensity patterns, which are
more likely to be affected by staining variability. By applying all three techniques,
landmark-based, Elastix, and ANTs on both original stain pairs and stain-normalized
pairs, the aim was to systematically compare their robustness and sensitivity to color
variation in histopathological image registration.

Landmark Based Registration Results:

For the first phase of registration evaluation, landmark-based registration technique
was employed. This method leverages spatial alignment between predefined landmark
points on the moving and fixed images to compute a non-rigid transformation using
TPS interpolation. The goal was to establish a structurally informed baseline that
is independent of intensity information and thus potentially more robust to staining
variability.
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Representative subset of image pairs was selected from the ANHIR dataset
presented in Table 7, which provides a diverse collection of multi-stained
histopathological images across various tissue types. The dataset includes pre-
annotated landmark pairs for each image, allowing precise and reproducible evaluation
of geometric registration performance. For the experiments, six tissue types were
used, each comprising several image pairs with associated landmark annotations.
Registration was performed under two conditions: using the original stained moving
images and the stain-normalized versions, both aligned to their corresponding H&E-
stained fixed images.

To quantitatively assess the effectiveness of the landmark-based registration, the
mean TRE was computed for each image pair. This metric calculates the average
Euclidean distance between each corresponding landmark in the fixed and registered
moving images. A lower TRE indicates a higher degree of alignment and better
registration accuracy. Comparing the mean TRE values obtained from the original
and stain-normalized conditions across all tissue types, enabled to directly quantify
the impact of stain normalization on landmark-based registration performance. These
results from the baseline were used for the subsequent comparison with fully
automated intensity-based registration techniques, such as Elastix and ANTs.

The dataset includes tissue samples from lung lobes, where markers such as ProSpc,
Ki67, Cc10, and Cd31 were used to stain different cell types. These are registered to
HE-stained references to assess structural consistency. The mammary gland samples
include stains like CNEU, ER (Estrogen Receptor), and PR (Progesterone Receptor),
commonly used in breast cancer diagnostics, registered to HE variants (HE37 and
HE39). Similarly, lung lesion tissues (pathological lung samples) include diverse
staining such as ProSpc, Ki67, Cc10, and Cd31 to capture inflammation or abnormal
growth, challenging registration accuracy due to structural distortions. The full form
of stains can be found in the following Table 1.

Additionally, the dataset includes breast tissue samples stained with HER2, a
key biomarker in breast cancer, all aligned to HE. Mice kidney samples stained
with Pycytokeratin and CD31 and registered to either HE or PAS serve to test the
generalization of the registration approach across samples. Finally, human kidney
samples stained with MAS and registered to PAS offer complex internal structures
like glomeruli and tubules that pose challenges for non-rigid alignment.
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Table 7. Mapping of tissue types, sample identifiers, and corresponding stain pairs
used for registration

Tissue Type Sample Number = Moving Image Fixed Image
lung lobes_1 ProSpc HE
Ki67 HE
Ccl0 HE
lung lobes_2 Cd31 HE
ProSpc HE
Ccl0 HE
Lung lobes lung_lobes_3 Cd31 HE
ProSpc HE
Ki67 HE
lung_lobes_4 Cd31 HE
Ccl0 HE
Ki67 HE
Mammary gland_1 CNEU HE39
ER HE39
PR HE39
Mammary gland PR HE37
ER HE37
CNEU HE37
lung_lesion_1 Ccl0 HE
Ki67 HE
ProSpc HE
lung_lesion_2 Cd31 HE
Lung lesion Ccl0 HE
ProSpc HE
lung_lesion_3 Ccl0 HE
Ki67 HE
ProSpc HE
Breast_1 HER2 HE
Breast Breast_2 HER2 HE
Breast_3 HER2 HE
Breast_4 HER?2 HE
. . Mice kidney_1 Pycytokeratin HE
Mice kidney Mice kidnez_Z c§1y)3y 1 PAS
. Kidney_1 MAS PAS
Kidney MAS PAS

The results in Table 8 and Table 9 demonstrate that the mean TRE values remain
consistent across both the original and stain-normalized image pairs for all tissue types.
This indicates that stain normalization had no significant impact on the registration
performance when using the landmark-based method. The reason for this invariance
lies in the fundamental nature of the technique itself: Landmark-based registration
relies solely on spatial correspondences between anatomical structures, rather than on
pixel intensity values or color distributions. Since the landmarks used were pre-defined
and anatomically grounded, changes in stain appearance introduced by normalization
did not affect the geometric alignment process. These findings confirm that landmark-
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based registration provides a robust structure baseline that is inherently resistant to
staining variability, making it a valuable reference for comparison with intensity-driven

registration methods in the subsequent sections.

Table 8. Mean(TRE) before and after stain normalization across different sample pairs

Sample Number Moving Image Fixed Image (mean)TRE (TRE)After
(px) Normalization
(px)
ProSpc HE 1.73 1.73
Lung lobes_1 Ki67 HE 3.50 3.50
Ccl0 HE 2.50 2.50
Cd31 HE 1.95 1.95
Lung lobes_2 ProSpc HE 2.39 2.39
Ccl0 HE 2.80 2.80
Cd31 HE 1.03 1.03
Lung_lobes_3 ProSpc HE 1.42 1.42
Ki67 HE 2.36 2.36
Cd31 HE 1.67 1.67
Lung_lobes_4 Ccl0 HE 1.82 1.82
Ki67 HE 2.60 2.60
CNEU HE39 3.77 3.77
ER HE39 1.36 1.36
Mammary Gland._1 PR HE39 4.02 4.02
PR HE37 4.95 4.95
ER HE37 2.35 2.35
CNEU HE37 1.49 1.49
Ccl0 HE 8.14 8.14
Lung_lesion_1 Ki67 HE 9.47 9.47
ProSpc HE 9.06 9.06
Cd3l1 HE 9.35 9.35
Lung_lesion_2 Ccl0 HE 10.75 10.75
ProSpc HE 12.10 12.10
Ccl0 HE 9.56 9.56
Lung_lesion_3 Ki67 HE 11.50 11.50
ProSpc HE 9.42 9.42
Breast_1 HER2 HE 6.06 6.04
Breast_2 HER2 HE 14.94 14.94
Breast_3 HER2 HE 18.82 18.82
Breast_4 HER2 HE 15.64 15.64
Mice kidney_1 Pycytokeratin HE 5.87 5.87
Mice kidney_2 PAS Cd31 4.34 4.34
Kidney_1 MAS PAS 15.95 15.95
MAS PAS 9.20 9.20
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Table 9. Average mean TRE before and after stain normalization across tissue groups
Tissue Group (mean)TRE (px) (mean)TRE after Normalization (px)

Lung lobes 2.145 2.145
Mammary gland 2.99 2.99
Lung lesion 9.92 9.92
Breast 13.86 13.86
Mice kidney 5.10 5.10
Kidney 12.57 12.57

The qualitative assesment of the registration method is done by comparing visuals
and evaluating landmarks. Figure 10 displays the fixed H&E image, the corresponding
moving stained image, and the warped image that is obtained after registration for two
types of tissue. They demonstrate how similar the structures are after the registration
process. To further support the analysis, Figure 11 demonstrates a landmark-based
evaluation by overlaying annotated landmarks on source, target, and warped images.
The true shift, estimated (warped) shift, and TRE vectors are visualized to show the
geometric accuracy of registration.

Fixed Image Moving Image Warped Image

breast

Figure 10. Visual comparison of registration results. Each row shows a tissue case
(breast and lung lesion) with its fixed H&E image, the moving immunostained image,
and the warped output after registration.
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Figure 11. Landmark-based visualization of registration performance. The figure
shows original (green), target (magenta), and estimated (blue) landmark positions for
two tissue samples. The lines represent true shift (green), warped shift (blue), and TRE
(red) vectors to visually compare registration accuracy.

Performance Results of Elastix Method:

After completing the landmark-based registration experiments, the intensity-
based registration method was evaluated to further assess the impact of stain
normalization. Unlike the landmark-based approach, which relies on spatial landmark
correspondences, intensity-based methods align images by comparing pixel intensities.
These methods are more susceptible to staining variations, making them ideal for
testing how stain normalization affects registration accuracy.

For the intensity-based registration experiments, a subset of diverse image pairs
was selected from the dataset shown in Table 10, ensuring a balanced representation
of tissue types. These pairs were tested under two conditions: original stain and
stain-normalized versions. The inclusion of both original and normalized images
allowed us to directly compare the robustness of Elastix and ANTs in handling staining
variability. By drawing these diverse pairs, the aim was to evaluate the generalizability
and performance of both methods across a diverse range of tissue types and staining
conditions.
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Table 10. List of tissue group samples with corresponding moving and fixed stain
image pairs used in the registration process

Tissue Group Moving Image Fixed Image
Lung_lobes_1 ProSPC H&E
Lung_lobes_1 Ccl0 H&E
Lung_lobes_2 cd31 H&E
Lung_lobes_2 ProSPC H&E
Lung_lobes_3 ProSPC H&E
Lung_lobes_4 Ccl0 H&E
Lung_lobes_4 ki67 H&E
Mammary_gland_1 PR H&E
Lung_lesion_1 Ccl0 H&E
Lung_lesion_3 Ccl0 H&E
Lung_lesion_3 Ki67 H&E
Breast 2 HER2 H&E
Mice_kidney_1 PanCytokeratin H&E
Mice_kidney_2 CD31 PAS
Kidney_1 MAS PAS

The Elastix registration toolkit is used first to perform the registration and is
evaluated with several metrics such as mean TRE, maximum TRE, median TRE and
mean rTRE. To evaluate the effect of stain normalization on registration accuracy,
these metrics were calculated separately for raw (non-normalized) images and for
stain normalized images. The configuration setting that was used for the procedure
is described in Table 3 in the methodology Section 3.3.2. We find that registration
accuracy varies widely across tissue types and stain combinations.

In general, samples with moderate tissue deformation and consistent staining, such
as mice_kidney_2 and mice_kidney_1—had low TRE and rTRE values, with rTRE
mean as low as 0.001 and 0.006, respectively, implying accurate alignment. On the
other hand, difficult cases such as kidney_1 and lung_lesion_3 resulted in much greater
errors, with TRE mean values of 31.145 and 31.515, respectively, and a TRE max of
86.73, indicating that Elastix was not successful in aligning images with substantial
stain variability or significant morphological differences.

Furthermore, lung_lobes_2 showed the highest registration error among the lung
lobe samples, with a TRE mean of 27.254 and rTRE mean of 0.039. This is likely
due to the use of Cd31 staining, which targets endothelial structures, resulting in
sparse or non-overlapping features relative to its H&E counterpart. In addition,
mammary_gland_1 had a high TRE max of 44.256, suggesting the presence of
localized mismatches, even though the overall alignment appeared acceptable with
a TRE mean of 15.934. The results can be seen in Table 11.

The normalized images of several tissue samples, particularly mice_kidney_1,
lung_lobes_2, and lung_lobes_3, resulted in notably high TRE mean and rTRE
mean values. For instance, lung_lobes_3 exhibited a TRE mean of 300.950 and an
TRE mean of 0.487. In contrast, some tissues such as breast_2 and mice_kidney_2
demonstrated relatively small registration errors even after stain normalization. This
suggests that normalization may still be beneficial in cases where stain differences
are minimal or where anatomical structures are well-preserved. Nonetheless, the
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overall trend underscores that staining variability significantly affects registration
performance. The post normalization results can be seen in the Table 12.

Table 11. Elastix registration performance without stain normalization. TRE and rTRE
statistics are computed per tissue case

Tissue Moving Fixed TRE TRE TRE rTRE
Image Image Mean Max Median Mean
Lung_lobes_1 ProSPC H&E 13.898 20.65 14.616 0.024
Lung_lobes_1 ccl0 H&E 15.024 21.347 15.170 0.026
Lung_lobes_2 cd31 H&E 27.254 39.416 26.826 0.039
Lung_lobes_2 ProSPC H&E 15.236 33.168 13.227 0.022
Lung_lobes_3 ProSPC H&E 9.627 15.530 9.169 0.015
Lung_lobes_4 ccl0 H&E 14.701 18.075 15.106 0.023
Lung_lobes_4 ki67 H&E 19.503 28.250 19.283 0.030
Mammary_gland_1 PR H&E 15.934 44.256 15.832 0.008
Lung_lesion_1 Ccl0-5 H&E 11.567 29.100 10.820 0.010
Lung_lesion_3 Ccl0-5 H&E 18.490 54.575 16.987 0.016
Lung_lesion_3 Ki67 H&E 31.515 86.730 29.128 0.028
Breast_2 HER2 H&E 20.763 64.179 17.973 0.012
Mice_kidney_1 PanCytokeratin H&E 8.563 22.866 8.278 0.006
Mice_kidney_2 CD31 PAS 3.502 18.512 2.641 0.001
Kidney_1 MAS PAS 31.145 53.004 32.896 0.010

Table 12. Registration results using Elastix with stain-normalized moving images

Tissue Moving Fixed TRE TRE TRE rTRE
Image Image Mean Max Median Mean
Lung_lobes_1 ProSPC H&E 41,670 125,270 24,111 0,011
Lung_lobes_1 cclO H&E 40,027 129,502 26,816 0,072
Lung_lobes_2 cd31 H&E 102,179 141,223 102,580 0,149
Lung_lobes_2 ProSPC H&E 102,027 138,245 101,631 0,149
Lung_lobes_3 ProSPC H&E 300,950 441,688 294,429 0,487
Lung_lobes_4 cclO H&E 20,174 254,369 88,870 0,540
Lung_lobes_4 ki67 H&E 100,495 133,078 99,955 0,158
Mammary_gland_1 PR H&E 57,419 89,222 55,283 0,031
Lung_lesion_1 Ccl10-5 H&E 60,650 148,049 56,543 0,053
Lung_lesion_3 Ccl10-5 H&E 34,798 71,902 31,555 0,031
Lung_lesion_3 Ki67 H&E 103,237 226,427 95,913 0,093
Breast_2 HER2 H&E 19,411 71,119 18,018 0,011
Mice_kidney_1 PanCytokeratin H&E 142,887 163,634 144,053 0,102
Mice_kidney_2 CD31 PAS 3,545 19,795 2,703 0,002
Kidney_1 MAS PAS 128,009 191,228 124,201 0,045

It was shown that staining variability can have a profound effect on intensity-based
registration accuracy, as demonstrated by comparing the registration performance of
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raw versus stain-normalized images using Elastix can be seen in Figure 12. In the
experiments involving raw images, several tissue pairs such as mice_kidney_2 and
mice_kidney_1 exhibited low TRE mean values of 3.502 and 8.563, respectively, along
with low rTRE mean values, indicating good structural alignment. Conversely, other
raw samples such as kidney_1 and lung_lesion_3 showed relatively higher error values,
though still within an acceptable range for medical image registration.

However, the registration accuracy degraded significantly after applying stain
normalization in most cases. Tissue pairs that initially demonstrated good alignment,
such as lung_lobes_3 and mice_kidney_1, showed dramatic increases in TRE mean
(300.950 and 142.887, respectively) and elevated rTRE mean values, reflecting poor
spatial correspondence post-normalization. Only a few tissue pairs, notably breast_2
and mice_kidney_2, maintained or slightly improved their registration performance
following normalization, suggesting that its effectiveness may depend on stain
similarity and preservation of anatomical features.

meanTRE of raw and stain-normalized images
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Figure 12. Comparison of mean TRE values between raw and stain-normalized images
across different tissue samples. Stain normalization led to an increase in mean TRE for
several cases such as lung_lobes_3 and mice_kidney_1, indicating potential challenges
in handling significant stain variability.

For the qualitative assessment of Elastix. Several important features are included
in the landmark overlays can be seen in Figure 13: green marks the original position
in the source image, magenta shows the corresponding position in the fixed image,
and blue marks the position found after registration. The green lines mark the true
difference between the old and new points, and the blue lines mark the differences
caused by the transformation. Red lines point out the TRE, which show the difference
between the warped and real target locations. With no stain normalization, the top
image suggests that the landmarks are well-aligned and the TRE vectors are not very
long, which means the registration is accurate. On the other hand, the bottom image
with stain normalization reveals that the red TRE vectors are longer and more frequent,
which indicates that the registration did not perform well.
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Figure 13. Visualization of registration accuracy for lung lesion tissue. The top
image shows the warped landmark alignments without stain normalization, whereas
the bottom image displays the alignment after applying stain normalization. Note that
the red lines in the bottom image indicate increased TRE values, reflecting degraded
spatial correspondence following normalization.

Performance Results of ANTs Method:

After evaluating the performance of Elastix, the analysis was further extended using
ANTs, a widely used intensity-based image registration framework known for its
high accuracy in medical image alignment. ANTs utilize a Symmetric Normalization
(SyN) transformation model combined with mutual information or cross-correlation
as similarity metrics, making it particularly suitable for non-linear and deformable
registration tasks. The configuration setting that was used is described in the Table 4.
In this study, ANTs was applied to the same subset of tissue image pairs used in the
Elastix experiments can be seen in the Table 10, both with original stained images and
their stain-normalized counterparts. This allowed for a direct comparison between the
two intensity-based methods and provided further insight into how staining variability
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affects the performance of automated registration pipelines. The goal was to assess
whether ANTs can offer improved robustness and alignment accuracy under variable
staining conditions introduced through normalization.

The registration performance for ANTs was robust and consistent across most
tissue types. Table 13 presents the results for ANTs registration method without
stain normalization. Especially good results were obtained for the lung_lobes_2 and
lung_lobes_3 achieved low TRE mean of 3.908 and 3.347, respectively and rTRE
below 0.006. In mice_kidney_2 and mice_kidney_1, the TREs were also good,
with values of 4.852 and 5.625 and r'TRE as low as 0.002 and 0.004. A particular
exception was a mammary_gland_1 with a very high TRE mean of 182.709 and
rTRE mean of 0.098. This indicates that ANTs had a very hard time with this
specific stain combination which may be due to poor structural overlap or large stain
dependent contrast differences. Lung_lesion_3 exhibited relatively high registration
errors with the TRE mean of 27.905, probably because of complex pathological
structures and different staining characteristics. To further investigate the influence
of stain normalization on registration accuracy, the ANTs framework was applied to
the stain-normalized moving images, using the same parameter configuration as in the
raw image experiments.

Table 13. Registration results using ANTs without stain normalization

Tissue Moving Fixed TRE TRE TRE rTRE
Image Image Mean Max Median Mean
Lung_lobes_1 ProSPC H&E 4,315 16,838 2,864 0,008
Lung_lobes_1 ccl0 H&E 7,883 34,748 5,166 0,014
Lung_lobes_2 cd31 H&E 3,694 19,720 2,253 0,005
Lung_lobes_2 ProSPC H&E 3,908 23,798 1,607 0,006
Lung_lobes_3 ProSPC H&E 3,347 13,153 2,137 0,005
Lung_lobes_4 cclO H&E 3,404 10,363 2,775 0,005
Lung_lobes_4 ki67 H&E 4,092 12,338 3,252 0,006
Mammary_gland_1 PR H&E 182,709 240,223 182,879 0,098
Lung_lesion_1 Ccl0-5 H&E 8,355 25415 6,767 0,007
Lung_lesion_3 Ccl0-5 H&E 12,437 50,005 8,552 0,011
Lung_lesion_3 Ki67 H&E 27,905 78,367 24,967 0,025
Breast_2 HER?2 H&E 18,566 65,489 15,412 0,011
Mice_kidney_1 PanCytokeratin H&E 5,625 22,927 4,817 0,004
Mice_kidney_2 CD31 PAS 4,852 25,843 3,556 0,002
Kidney_1 MAS PAS 16,082 34,348 15,152 0,006

In general, ANTSs showed stable and often improved performance Table 14, presents
the results after stain normalization, especially for tissue samples that had moderate
errors in the raw image condition. For example, the previously challenging case
mammary_gland_1 had an extremely large TRE mean of 182.709 on raw images
and after normalization this error was dramatically reduced to a TRE mean of 5.181
and rTRE mean of 0.003, suggesting that normalization effectively synchronized
appearance and structural correspondence in this case. Likewise, lung lobe samples
like lung_lobes_3 and lung_lobes_2 also gave further improvements or maintained
already low TRE values of 2.535 and 3.540, respectively with rTRE values below
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0.006 which indicates good and consistent alignment. The results of this study
indicate that ANTS, because of their robust transformation model and its metric based
on mutual information, can utilize the advantages of stain normalization in many
circumstances. Some exceptions however remained, mainly in lung_lesion_3 and
kidney_1. The former had a TRE mean of 42.507 and the latter had an extremely
high TRE mean of 219.149 with an rTRE of 0.077, indicating that in some stain
tissue combinations normalization may have introduced artifacts or distortions which
deceived the registration algorithm.

Table 14. Registration results using ANTs with stain-normalized moving images

Tissue Moving Fixed TRE TRE TRE rTRE
Image Image Mean Max Median Mean
Lung_lobes_1 ProSPC H&E 4,676 21,713 2,848 0,008
Lung_lobes_1 Ccl0 H&E 8,263 33,509 6,128 0,015
Lung_lobes_2 Cd31 H&E 3,540 21,236 2,165 0,005
Lung_lobes_2 ProSPC H&E 3,997 21,696 1,535 0,006
Lung_lobes_3 ProSPC H&E 2,535 10,273 1,417 0,004
Lung_lobes_4 Ccl0 H&E 3,240 10,965 2,977 0,005
Lung_lobes_4 Ki67 H&E 4,873 14,224 3,764 0,008
Mammary_gland_1 PR H&E 5,181 40,563 3,362 0,003
Lung_lesion_1 Ccl10-5 H&E 8,042 29,123 6,708 0,007
Lung_lesion_3 Ccl0-5 H&E 12,833 47,828 9,519 0,012
Lung_lesion_3 Ki67 H&E 42,507 78,612 41,702 0,038
Breast_2 HER2 H&E 18,712 67,312 15,779 0,011
Mice_kidney_1 PanCytokeratin H&E 6,790 25,499 6,124 0,005
Mice_kidney_2 CD31 PAS 4,847 20,079 3,558 0,002
Kidney_1 MAS PAS 219,149 270,360 242,952 0,077

Figure 14 illustrates the mean TRE for each tissue sample using the ANTSs
registration pipeline on both raw and stain-normalized images. Overall, the
comparison shows that ANTs maintained robust performance across both conditions,
with stain normalization leading to mixed results depending on the tissue type.
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Figure 14. Heatmap comparison of mean Target Registration Error (TRE) between raw
and stain-normalized images across various tissue samples using the ANTSs registration
framework. Darker shades indicate higher TRE values, highlighting significant error
reduction in mammary_gland_1 post-normalization, and error increase in kidney_1.

Figure 15 and Figure 16 give examples of the warped mammary_gland_1 sample
tissue before and after stain normalization. These findings highlight that while ANTs
generally perform well even without normalization, their performance can benefit
from stain normalization when there is severe staining inconsistency, as seen in
mammary_gland_1.
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Figure 15. The warped tissue (mammary_gland_1) with transformation landmarks
before normalization.
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Figure 16. The warped tissue (mammary_gland_1) with transformation landmarks
after normalization.

4.1.3. Comparative Study

This study further comprehensively analyzed histopathological image registration
algorithms to check how well they align raw histological images from various
tissue types and how stain normalization impacts their performance. In previous
Section 4.1.2 all three methods result well-presented and discussed separately for both
conditions i.e. raw images as well as normalized images. The registration methods
were Elastix, ANTs and a developed Landmark-based technique. Using all these
techniques allowed us to see how various methods behave in different situations. This
study explored how changes in stain color can be a problem for registration, since
there is often a big difference in the intensity of staining in histopathological images.
So, the tissue samples were also processed by stain normalization to see how this step
changes the accuracy of each registration algorithm. The main goal was to check if
each method deals with issues caused by different stains and the complexity of tissues.
This work finds out how various registration methods behave with staining changes,
and which one works the best in such conditions. The outcomes of this comparison
will show the best registration approaches for analyzing histological images, especially
when stain normalization is applied beforehand. The next part reports on the results of
the comparison by studying the mean TRE, the amount of variability between methods
and how well each method handles staining differences after normalization.

It can be seen in Figure 17 that on raw images, landmark-based methods performed
best in terms of mean TRE, having a median value below 5 and a narrow range
between the highest and lowest values, showing they were both accurate and consistent
for all tissue types. ANTs performed well, with a median TRE almost the same as
Landmark’s based, but its results were less consistent overall and often showed a higher
upper quartile, indicating that ANTs results can vary with the type and complexity of
the data used. When compared to Elastix, it was consistently better at performing its
tasks. Unlike the others, Elastix had the highest overall TRE values, with a wider
interquartile range and several outliers extending beyond 30 TRE units. Thus, it
becomes clear that Elastix may not perform as well in registration when the data has
different stains or structures and this is made worse if the data is not preprocessed
or the stains not normalized. All in all, landmark-based registration delivers the best
alignment and ANTs comes next, since it is both flexible and strong. Elastix, despite
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being efficient in some cases, does not handle the natural variation in histological
images well, which makes it important to choose a method that fits the data and the
goal.

Comparison of registration methods on raw images
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Figure 17. Comparison of registration methods on raw images using box plots of
mean TRE values. Landmark-based registration achieved the lowest variation and
mean error, while Elastix exhibited higher variance and ANTs showed balanced
performance.

Further, the comparison aims to find out how much stain normalization influence the
ability of each registration method to handle variations in staining and the alignment
precision. After normalizing data with staining, the performance of each group is quite
different. The ANTs method has the lowest mean TRE, which is close to zero, with
a narrow interquartile range and little variability, suggesting it was very effective at
aligning the images. The landmark-based method also gave satisfying results, having
close to the same mean TRE as ANTs, but with a bit more variation, which shows
it is a dependable method, although differences in tissue structures and landmark
spotting can make it less precise. Elastix had considerably higher average TRE values
than ANTs and the Landmark-based approach. The wider interquartile range and
presence of outliers suggest that Elastix is more sensitive to staining differences, which
can affect its performance when applied to tissues with higher collection in staining
patterns.

In addition, the top quarter of Elastix scores is much higher and a few extreme
values are present, pointing to situations where the approach struggled to normalize
stains, probably due to its sensitivity to stain intensity differences. After stain
normalization, ANTs appear to be both the most reliable and accurate method,
dealing with different staining levels and maintaining accurate alignment of structures.
Landmark-based methods are similarly successful in competitions, but their results
depend on the quality of the landmarks, while Elastix is less affected by stain
normalization and might require more advanced preparations to work well with
different staining methods.
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Figure 18. Comparison across registration methods on stain-normalized images. The
box plot shows that Landmark-based registration maintains the lowest mean TRE and
smallest variance, while Elastix exhibits the highest error spread. ANTSs provides a
balance with moderate error and variation.

meanTRE comparison across registration methods before and after normalization
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Figure 19. Mean TRE comparison across registration methods before and after
stain normalization. While Landmark-based registration shows consistently low error
under both conditions, Elastix demonstrates a significant increase in mean TRE after
normalization. ANTSs performance remains relatively stable.

Figure 19 shows collectively the outcomes of all three registration methods (Elastix,
Landmark-based and ANTSs) for both kinds of images: raw and stain-normalized. It
shows how the methods perform differently, so we can clearly see how each one
handles different types of stains. Using the mean TRE for all methods in both
conditions, the plot clearly illustrates how stain normalization affects registration
accuracy.
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5. DISCUSSION
5.1. Summary of Key Findings

The goal of this study was to evaluate the accuracy of a newly developed landmark-
based registration method, as well as two intensity-based methods, Elastix and ANTs,
in registering histopathology images that have been stained differently. The primary
objective was to determine how stain normalization affects the accuracy and robustness
of these registration approaches.

The study found that the developed landmark-based registration method, utilizing
pre-set anatomical landmarks, was not significantly influenced by the different
stains used. The TRE value showed negligible little change before and after stain
normalization, indicating that this method is not sensitive to variations in staining. In
contrast, Elastix and ANTs, both of which rely on intensity, were affected differently
by stain normalization. Specifically, Elastix performed less effectively than ANTs after
normalization, particularly in tissues with significant staining differences.

Overall, the landmark-based registration method demonstrated superior accuracy,
especially in cases with considerable variation in staining. This robustness to staining
differences makes the landmark-based approach a strong option for histopathology
image registration, which is particularly important given the common occurrence of
staining variability. By comparing the landmark-based method with existing intensity-
based methods, the landmark-based approach is better suited to handle these staining
differences, making it an excellent choice for histopathology image registration.

5.2. Comparison with Existing Literature

The findings of this study align with existing literature that emphasizes the impact
of stain variability on image registration. Previous studies, such as those by Kang et
al. (2019) and Xu et al. (2021), have explored the challenges of cross-stain image
registration, highlighting how staining differences complicate the alignment process
for intensity-based methods [65, 68], like Elastix and ANTs. In contrast, landmark-
based methods, which focus on aligning anatomical structures rather than relying
on pixel intensities, have shown greater resilience to staining variations. Further,
normalizing stains with StainNet highly impacted on these intensity-based methods,
though the improvement is more obvious in ANTs and Elastix struggles. This means
that ANTs which uses mutual information and can handle various deformations,
is more flexible in processing-stained images than Elastix which depends on pixel
intensity.

By applying stain normalization, the study was able to assess how the registration
methods handle differences in staining. It was expected that landmark-based
registration would not change its accuracy when using stained or unstained images.
Because it depends on set anatomical points, the method is not as influenced by
changes in staining. On the other hand, both Elastix and ANTs saw a rise in
registration errors after stain normalization, mainly in areas with big structural and
staining differences (e.g., mammary gland, lung lesion). This points to the fact that
stain normalization can change the way intensities are seen in images, which may
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disrupt registration methods that depend on matching pixels. Even though ANTSs
performed better than Elastix, it experienced performance issues when handling tough
tissue transformations or major inconsistencies in staining. This result agrees with
previous studies by Bejnordi et al. (2017) [80], and Zheng et al. (2019) [68], which
stated that stain normalization can improve registration but should be used cautiously
to avoid artifacts and ensure accuracy.

Landmark-based registration is especially strong because it handles variations
in staining well. It makes use of TPS interpolation to match images according
to anatomical landmarks, which are not affected by the intensity changes caused
by various stains. According to the study, using landmarks for registration gives
predictable and accurate results, with very little difference in mean TRE values for
various tissues. Even so, this method is limited because it depends on predetermined
anatomical points that need to be figured out in the images. Even though the ANHIR
dataset includes landmark annotations, this process may take a lot of time and can
have multiple errors. This type of registration also assumes that tissue deformations
are smooth, which might not fit images with very complex or distorted areas. For such
cases, ANTs and Elastix can be more flexible in dealing with local changes in tissue.

5.3. Future Directions

The results of this study suggest that image registration is valuable in DP. Landmark-
based registration is both very accurate and computationally efficient, making it
suitable for uses such as tumor detection and the study of biomarker expression
together.  Since landmark-based registration is not affected much by staining
differences, it is especially valuable in cases where images from several stains
are studied together, such as in multi-modal tumor microenvironment analysis.
Meanwhile, intensity-based methods are sensitive to different staining patterns
and their performance may decline a lot when dealing with challenging stains.
Stain normalization reduces some of the sensitivity, yet it cannot fully correct the
misalignment caused by big differences in staining between samples. Thus, clinicians
ought to pick the best registration method, depending on what they are analyzing in
the tissue samples.

Future studies could work on improving the landmark-based registration method
in a way to automate the process of annotating landmarks with DL. The spotting
landmarks in images is slow and requires a lot of effort which makes it hard to
use landmark-based methods on large sets of data. If CNNs or transformer-based
architectures are trained on large, labeled datasets, they can be used to automate the
identification of landmarks which would save a lot of time and effort. Adding DL-
based landmark detection would allow the method to be used on many tissue types,
staining methods and image types. This may result in a more automated, reliable
and scalable process in hospitals, mainly for tasks that require multi-modal image
registration and annotations are not abundant.

As well as automating landmark annotation, looking into combining stain
normalization with hybrid registration techniques opens a promising direction for
future research. Using both landmark-based and intensity-based methods (such as
ANTs or Elastix) might create hybrid models that make use of the best features
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of each approach. The landmark-based technique is strong because it focuses on
anatomical points and is not affected by staining differences, but intensity-based
methods are flexible and can handle small changes in tissue images. Combining
these techniques can improve how accurately registration is performed, mainly in
challenging conditions with both uneven staining and flexible tissue movements. Using
hybrid methods, first the landmarks are used to roughly align the images and then more
details are added with intensity-based methods. Using these hybrid models may be
very helpful for analyzing complex medical data that uses several stains and needs
precise alignment.

Also, adding generative models like CycleGANs or Stable Diffusion to the
registration process can greatly strengthen the method when there are big differences
in staining. It has been shown in recent studies that CycleGANs are very good at
changing images from one form to another and they can create images that look like
the target stain even if the images were stained differently. Stain normalization is
one of the complex tasks that Stable Diffusion can handle by repeatedly improving
the image during a denoising process. The use of generative models in registration
would lead to improved stain normalization which would result in more consistent
and accurate cross-stain registration. Because these models are data-driven, they can
figure out complex links between stains, so staining differences have less effect on
registration. But since generative models take a lot of computing resources, more work
could be done to enhance their performance and make them more real-time applicable,
especially in medical settings.

Lastly, future studies should concentrate on using deep learning for landmark
annotation, using different registration methods together to enhance results with
different stains, including generative models to make stain normalization more reliable
and developing more advanced multi-resolution techniques for working with high-
resolution images. As a result, registration will be more automated, more accurate
and scalable which will help digital pathology workflows in both research and clinical
areas.
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6. SUMMARY

This thesis focused on solving problems in histopathology image registration by
designing a landmark-based method and comparing it with two state-of-the-art
intensity-based techniques, Elastix and ANTs. In medical diagnostics, particularly
for cancer, histopathological images, which are often stained in various ways, are
crucial. Still, it is not easy to align these images because different stains and techniques
can result in significant variation in tissue samples. The study aimed to investigate
the performance of different registration methods when the images being aligned
have been stained differently. The purpose of this research was to examine if the
landmark-based method, developed in this study, could provide a better and more
efficient approach to image registration than existing intensity-based methods, mainly
when dealing with complicated and different staining standards. It was found that the
landmark-based method provided better registration accuracy than Elastix and ANTs,
mainly when the staining was highly variable.

Additionally, it was examined whether stain normalization affected the accuracy of
registration. Before registering the histopathology images, StainNet was used for stain
normalization. The tests showed that the landmark-based registration did not depend
on stain normalization since it performed equally well on both types of images. Due
to its strength, landmark-based registration is a suitable choice for cases where high
accuracy is required for various types of tissue and staining methods. The findings of
this study are significant for the use of image registration in digital pathology (DP).
Landmark-based registration is highly accurate, efficient, and reliable, making it a
suitable choice for clinical work that requires precise image alignment, such as tumor
detection, studying different biomarkers, and assessing tumor microenvironments. The
landmark-based method is well-suited for situations that involve comparing stains, as
it is not affected by differences in staining and can process data from multiple stains.
This is particularly important in clinics, where various staining methods are used to
examine tissue samples and multiple biomarkers must be checked simultaneously.

In summary, the study demonstrates that the landmark-based registration method is
highly effective in histopathology image registration because it is not easily affected
by different stains and dashes. This method is a good choice for comparing slides
stained differently in digital pathology. Although ANTSs and Elastix provide important
alternatives, their sensitivity to different staining methods shows that it is essential to
select the correct registration method for each type of tissue. It provides a starting point
for further research, such as automating landmark annotation, integrating different
registration strategies, and utilizing generative models to enhance the accuracy of stain
normalization and registration. These advances enable the registration process to be
more scalable, efficient, and robust, thus improving digital pathology and improving
the way diagnoses are made in clinics.
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