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Abstract

Collagen fiber organization in the tumor microenvironment shapes disease progression, with
fiber alignment and density identified as prognostic markers. Most pathology laboratories image
collagen using picrosirius red (PSR)-stained brightfield (BF) microscopy, which reveals the
spatial distribution of collagen but not fiber-level structure. Circularly polarized light (cPOL)
microscopy addresses this through imaging collagen birefringence, but requires specialized
optical hardware and strict acquisition protocols unavailable to most laboratories. Whether cPOL
images can be synthesized computationally from routine BF acquisitions has not been
established. Here we show that they can: a model trained on paired PSR-BF and cPOL
whole-slide images reproduces dominant fiber orientation to within 2 degrees and birefringent
color composition to within 2 percentage points of ground truth.

Adversarial regularization drives this result, a model trained with pixel-wise losses alone
overestimates red-orange collagen by over 27 percentage points despite achieving the best
pixel-level scores, showing that standard image similarity metrics are actively misleading in this
setting. These results show that PSR-BF slides contain sufficient information for PSR-cPOL
synthesis, enabling for retrospective collagen fiber analysis in existing archives without
additional hardware or re-staining. Code is available at https://github.com/joelsundin/bf2cpol/.
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Chapter 1

Introduction

A tumor is best understood not only as a population of malignant epithelial cells, but
as part of a larger tissue system in which the surrounding stroma and extracellular
matrix (ECM) actively influence disease progression. Tumor development is not
driven by epithelial cancer cells alone, but also by their interactions with a dynamic
microenvironment where stromal cells and ECM components provide biochemical
and mechanical cues. When communication is disrupted, tissue architecture can
be altered in ways promoting tumor initiation and progression [1l [2]. Remodeling
and stiffening of the ECM change the mechanical environment of the tissue and
activate intracellular signaling pathways involved in cancer cell proliferation [3]).
These effects are mediated through cell-ECM interactions, where receptors such
as integrins allow cells to sense and respond to both biochemical composition and
mechanical properties of their surroundings.

Fibrillar collagen is the most abundant ECM component. In tumors, fiber align-
ment, orientation, and density are extensively reorganized, influencing both tissue
mechanics and cell signaling [[4]5]. These structural alterations have been identified
as prognostic biomarkers [[6]], highlighting the importance of accurately imaging and
quantifying collagen architecture.

Most institutions rely on standard brightfield (BF) microscopy, which when com-
bined with picrosirius red (PSR) staining, reveals the spatial distribution of collagen
within tissue sections. Since BF images optical density rather than birefringence,
structural features such as fiber orientation and alignment are not directly access-
ible, and this information is routinely lost in standard histopathological workflows.
Circularly polarized light (cPOL) imaging of PSR stained tissue has gained increasing
attention as a tool to address this limitation. By exploiting the birefringent proper-
ties of fibrillar collagen, cPOL enables consistent visualization of fiber organization
regardless of orientation, providing access to quantitative analysis of features such
as fiber alignment, density, and spatial distribution. Ideally, cPOL imaging would
be a routine part of histopathological assessment, but it requires specialized optical
hardware and strict acquisition protocols, making it inaccessible to the majority of
pathology laboratories worldwide.

This thesis investigates whether this gap can be closed computationally. The
main research question of this thesis is: can a convolutional neural network learn
a mapping from PSR-BF to PSR-cPOL images that recovers collagen structural in-
formation not directly visible in the BF input? By learning such a mapping, a con-
volutional neural network can potentially recover cPOL-specific information from
images acquired with a standard BF microscope, making cPOL analysis accessible to



any laboratory that already performs routine PSR staining. This approach also en-
ables for retrospective analysis: archives of PSR-BF slides exist for cases with known
clinical outcomes, and synthetic cPOL images could be generated from this existing
material to study collagen organization in relation to disease progression, without
new hardware or re-staining.

Evaluating generative models in this setting is not straightforward, standard
image similarity metrics do not capture whether biologically relevant information
is preserved, motivating task-specific evaluation.

This thesis makes the following contributions:

1. A paired image-to-image translation pipeline for synthesizing PSR-cPOL WSIs
from PSR-BF.

2. A preprocessing pipeline addressing modality-specific alignment errors intro-
duced during WSI stitching, using raw field-of-view tiles to ensure spatial
consistency.

3. A multi-level evaluation pipeline, combining perceptual, and distributional
metrics with collagen-specific downstream analysis using CTFIRE-based fiber
extraction and color-based birefringent collagen segmentation.

4. An empirical demonstration that pixel-wise metrics are insufficient and might
be actively misleading for evaluating cross-modality image translation.

Code for this work is publicly available on |GitHubl!


https://github.com/joelsundin/bf2cpol/

Chapter 2

Background

The methods developed in this thesis build on established imaging modalities and
deep learning architectures. The following sections introduce BF imaging, cPOL
microscopy, optical properties of collagen related to cPOL imaging, and the U-Net
architecture on which the implementations in this work are based.

2.1 Brightfield Microscopy and PSR Staining

Brightfield (BF) microscopy is a standard imaging modality in histopathology, where
thin tissue sections are placed on glass slides and transilluminated by a light source.
The tissue is commonly stained to enhance contrast and enable assessment of mor-
phology. In BF imaging, transmitted light passes through the sample, and image
contrast arises from differences in light absorption and scattering within the tissue.
As stains are applied, the recorded image also reflects variations in stain uptake, al-
lowing specific tissue components, such as collagen in picrosirius red (PSR)-stained
sections, to be highlighted.

Whole-slide images (WSIs) are typically acquired by scanning a sample in a tiled
manner, where high-resolution image patches are captured sequentially across the
slide and subsequently stitched together to form a gigapixel-scale representation,
enabling visualization of tissue structure both at cellular level, and large-scale spatial
levels.

In the context of collagen analysis, PSR staining is commonly applied due to its
selectivity for fibrillar collagen. PSR-BF images allows for assessment of the spatial
distribution of collagen within the sample, but since BF microscopy records intensity-
based contrast, structural features such as fiber orientation and alignment are not
directly accessible.

2.2 Polarized Light and cPOL Imaging

Fibrillar collagen is highly anisotropic, meaning that its interaction with light de-
pends on the orientation of the collagen fibers. As polarized light passes through an
anisotropic material, it is split into two components that propagate at different velo-
cities and are polarized orthogonally to each other; this is referred to as birefringence
(7]

Birefringence arises from differences in refractive index along different axes of
the material, resulting in a phase shift between the two orthogonal light components.
When these components are recombined at an analyzer, their interference produces



intensity variations that depend on fiber orientation, allowing for visualization of
anisotropic structure such as collagen.

PSR is an elongated dye molecule that enhances the natural birefringence of
collagen. When bound to collagen fibers, PSR aligns parallel to the fibrillar structure,
amplifying the birefringent signal. Under POL microscopy, PSR-stained collagen
appears bright and highly contrasted against the surrounding tissue, which remains
comparatively dark [7].

In linearly polarized imaging systems, the detected signal intensity depends on
the orientation of the collagen fibers relative to the polarization axis, resulting in
reduced visibility at specific angles. This directional dependence can be mitigated
by acquiring multiple images at different sample orientations and combining them,
or more effectively by imaging using circularly polarized light.

Circularly polarized microscopy employs an arrangement of polarizing elements
that allows birefringent structures to be visualized independently of their orientation,
enabling for consistent detection of collagen fibers across all angles.

2.3 Motivation for Cross-Modality Translation

Brightfield images of PSR-stained tissue are widely available, while cPOL imaging
is rarely acquired outside specialized research settings. This disparity in availability
motivates cross-modality image translation as a way to recover polarization-based
collagen information from routinely available inputs.

The central challenge is not only to generate visually plausible cPOL-like images,
but to determine, and evaluate in quantifiable terms, whether the generated repres-
entations preserve collagen features meaningful for downstream analysis, such as
fiber orientation, alignment, and birefringent color composition. Figure[2.1]illustrates
this modality gap on the same tissue section: the BF image captures the spatial distri-
bution of collagen as a uniform red signal, while the cPOL image reveals fiber-level
structure through birefringence.

PSR-cPOL

Figure 2.1: The same PSR-stained tissue section imaged in BF (left) and cPOL (right),
shown at the lowest pyramid level for overview purposes. BF reveals the spatial
distribution of collagen as a uniform red signal, while cPOL exploits collagen
birefringence to reveal fiber-level structure.



2.4 The U-net Architecture

The models implemented in this thesis are derived from the U-net architectural
family. The original U-Net is therefore briefly described before detailing the specific
modifications used in each implementation.

The U-Net is a fully convolutional encoder-decoder network, developed primarily
for biomedical image segmentation. Its architecture consists of a contracting path
leading into an expansive path. The encoder follows the typical structure of a CNN.
At each resolution level, two successive 3 x 3 unpadded convolutions are applied,
each followed by a ReLU activation, before the feature maps are downsampled using
2% 2 max-pooling with stride 2. After each downsampling step, the number of feature
channels is doubled, shifting the representation from high-resolution spatial detail
towards a lower-resolution, richer feature encoding.

The expansive path (i.e., decoder) restores the spatial resolution of the data
through a sequence of upsampling operations. At each step, the feature map is up-
sampled using a 2 X 2 up-convolution, halving the number of feature channels. The
upsampled feature map is then concatenated with the corresponding feature map
from the contracting path. This skip-connection mechanism is one of the defining
features of the U-Net architecture, as these concatenations allow for high-resolution
spatial information, that might have been lost during the contraction path, to be
reintroduced during reconstruction. After each concatenation, two additional 3 x 3
convolutions followed by ReLU activations are applied. Finally, a 1 x 1 convolution
maps the resulting feature representation to the desired number of output classes.
In the original formulation, the network contains 23 convolutional layers [8]].



Chapter 3

Related Work

Histology images acquired under different modalities often reveal complementary
aspects of the same tissue, and information present in one modality may not be dir-
ectly visible in another. This has motivated deep learning-based image-to-image
translation in computational pathology, where models are trained to synthesize
missing or alternative imaging modalities from more accessible inputs. Existing
approaches have primarily been based on convolutional encoder-decoder architec-
tures and conditional generative adversarial networks (GANs), demonstrating that
modality-specific structural information can be recovered from a range of histolo-
gical image types.

U-Net based architectures [8] has been widely adopted for cross-modality trans-
lation in biomedical imaging and histopathology [6] OHIT]]. Keikhosravi et al. [6]
demonstrated that a modified U-Net trained with a combined mean squared er-
ror (MSE) and structural similarity index measure (SSIM) objective can synthesize
second harmonic generation (SHG) images directly from hematoxylin and eosin
(H&E) brightfield inputs, enabling quantitative assessment of collagen fiber without
requiring specialized SHG imaging systems.

Rather than the standard convolutional blocks and pooling operations of the
original U-Net, Keikhosravi et al. [[€]] proposed an encoder-decoder network with
residual blocks and strided convolutions for downsampling. In the decoder, the fi-
nal upsampling stage is replaced by a pixel shuffle layer, which reconstructs the
full-resolution output from lower-resolution, higher-channel feature maps. To con-
strain the output to a fixed range ([0,1]), the reconstructed image is passed through
a sigmoid activation function.

Their implementation was trained on over one million paired BF-SHG image
patches, derived from annotated regions of 278 normal and 211 breast cancer cases,
along with 1196 pancreatic tissue microarray cores. The authors report a range of
pixel-wise evaluation metrics, including a mean squared error (MSE) of 0.002, peak
signal-to-noise ratio (PSNR) of 32.11, and structural similarity index (SSIM) of 0.66.

In addition to pixel-level evaluation, Keikhosravi et al. assessed downstream col-
lagen analysis in CurveAlign[12]. They reported no significant difference in fiber
orientations and alignment between synthesized and real SHG images on an in-
dependent pancreatic TMA slide, and further demonstrated that synthesized SHG
images could be used to identify similar TACS-3 regions and yield similar relative
angle measurements to real SHG images in a breast cancer TMA core.

While producing visually realistic images, the authors observed that the syn-
thesized SHG outputs exhibited smoother fiber structures compared to ground-truth



SHG microscopy. This effect is likely related to the use of pixel-wise and structural
similarity loss functions, which tend to prioritise overall intensity and structural
agreement while underrepresenting high-frequency details. Although smoothing
may reduce noise, it also risks suppressing fine collagen morphology, a limitation
that is central to the evaluation approach taken in this thesis.

Rivenson et al. [9] proposed a U-Net-based architecture combined with a discrim-
inator network, forming a generative adversarial network (GAN). Their implementa-
tion demonstrated strong performance in virtually staining autofluorescence images
of tissue, producing results comparable to standard histological staining. Their ap-
proach supports the generation of multiple stain types and is primarily evaluated
through blinded assessment by expert pathologists, showing no major diagnostic
discordance between virtual and real stains.

The authors note that a by-product of training on large datasets of whole-slide
images is the emergence of a consistent average stain appearance, leading not only to
virtual staining but also to implicit stain normalization. This is highly relevant also
in our work, as a model trained on paired PSR-BF and cPOL images may similarly
learn aspects of the cPOL imaging protocol, such as contrast characteristics and color
distribution, alongside the target birefringent signal.

De Haan et al. [13]] use a similar GAN-based approach for virtual staining of
label-free (unstained) autofluorescence images, generating aligned hematoxylin and
eosin (H&E) and special stains including Masson’s Trichrome, periodic acid-Schiff,
and Jones silver stain. These outputs are subsequently used to train supervised stain-
to-stain transformation networks, ensuring spatial alignment of the training data.
Performance is evaluated through a blinded study in which renal pathologists as-
sess diagnoses made using H&E alone, H&E with generated stains, and H&E with
histochemically stained sections, showing that generated stains improve diagnostic
accuracy over H&E alone, with performance comparable to real histochemical stains.
The authors further evaluate the perceptual quality of the generated stains through
expert scoring of stain quality, nuclear detail, cytoplasmic detail, and extracellular
fibrosis, showing that stain transformation outputs achieve quality ratings compar-
able to histochemically stained tissue across all evaluated metrics.

More recently, diffusion-based approaches have emerged as an alternative to
GAN-based methods for image generation and translation, and have been explored
for their potential to improve perceptual quality and controllability. Zhang et al. [14]
employ a conditional diffusion model to generate pixel super-resolved, virtually
stained images from label-free autofluorescence inputs. In this approach, low-resolution
autofluorescence images are translated into H&E-stained brightfield images using
a Brownian bridge diffusion process, with engineered sampling strategies intro-
duced to reduce variance in the model output. Their model is trained on paired
autofluorescence-H&E image patches and evaluated on held-out test images. The
implementation outperforms cGAN-based approaches in super-resolution settings
(2x-5X%), while achieving comparable performance in the 1 case, where no resolu-
tion enhancement is performed. In this setting, both models achieve similar average
SSIM values (~ 0.69), while the cGAN slightly outperforms the diffusion model in
PSNR (18.75 vs. 18.50), both methods yield comparable Learned Perceptual Image
Patch Similarity (LPIPS) values (~ 0.27).

In a broader foundation-model setting, PixCell [15] extends diffusion-based histo-
pathology generation to large-scale pretraining on 30.8 million H&E image patches
from 69,184 whole-slide images, evaluated both for synthetic H&E generation and
virtual staining. For H&E-to-IHC translation, the authors adapt the pretrained model



to HER2 stain generation and compare it to the CycleGAN-based MIST baseline. Pix-
Cell with lightweight LoRA adaptation improves perceptual image quality, reducing
Fréchet Inception Distance (FID) from 54.28 to 52.32 and Crop FID from 33.22 to
20.87, although MIST achieves a slightly higher SSIM (0.1945 vs. 0.1892). These
results suggest that diffusion-based foundation models can improve perceptual real-
ism in virtual staining, while still requiring target-domain adaptation to perform
competitively

Across the reviewed methods, evaluation is dominated by pixel-based metrics
such as MSE, PSNR, and SSIM, alongside perceptual and distributional feature-space
metrics such as FID and LPIPS [l6}[10,[16} [17]. These purely quantitative measures are
often complemented by downstream task evaluation [6}[11]] or qualitative assessment
by expert pathologists [[11] [13] [14]. For tasks where fine tissue structure must be
preserved, pixel-based metrics alone are insufficient, a consideration that directly
shapes the evaluation approach taken in this thesis.



Chapter 4

Dataset

The dataset consists of four matched WSI pairs of Picrosirius red (PSR)-stained tissue,
with each tissue section acquired in both BF and cPOL. The BF image serves as the
input modality and the corresponding cPOL image as the supervised target.

The images were acquired at Zeiss headquarters and provided by Tania Costa at
Karolinska Institutet, Huddinge, Sweden. The cPOL images exhibit strong collagen
contrast, providing a high-quality structural target signal for model training.

The dataset consist of full tissue sections rather than tissue microarray cores,
needle-biopsy cores, or pre-selected image crops. Images were acquired at 20x mag-
nification as 8-bit RGB whole-slide images with a pixel size of 0.173 pm, each span-
ning tissue regions on the order of approximately 2 cm per side and containing
approximately 18-23 gigapixels. Direct processing at full resolution is computation-
ally impractical; the WSIs are therefore divided into smaller paired patches before
model training, as described in the following sections. All images were provided as
multi-resolution pyramids with downsampling factors from 1 to 256, enabling ac-
cess to both low-resolution slide overviews and full-resolution image data for patch
extraction.

Before training, the data was partitioned at WSI level. Two WSIs were used for
training, one for validation, and one was held out as the test set. WSI-level parti-
tioning ensures that spatially correlated patches from the same tissue section do not
appear in both training and evaluation sets, commonly referred to as spatial leakage.

4.1 Data Preprocessing

Full-resolution WSIs range from approximately 128,000 x 140,000 to 134,000 x
170,000 pixels. In an uncompressed 8-bit RGB representation, a single WSI would
require approximately 54-68 GB of memory, far exceeding what can be held in GPU
memory during training or inference. Each WSI is therefore processed as a series of
smaller tiles extracted at full resolution, i.e., pyramid level 0.

WSIs are reconstructed by stitching individual field-of-view (FOV) images ac-
quired as the slide is scanned. Inspection of the available image pairs reveal that this
stitching process introduces spatially varying alignment errors between the BF and
cPOL modalities, likely caused by differences in image content, as non-birefringent
tissue structures visible in BF are not highlighted in cPOL, which may affect how
the stitching algorithm registers neighbouring tiles.

As a result, alignment quality varies across the WSI, where some regions show
near pixel-wise correspondence while others are shifted by several pixels in different



directions. A single global registration such as an affine transformation is therefore
insufficient, while more flexible non-rigid methods risk introducing interpolation
artifacts or unrealistic distortions.

To avoid these issues, tiling is performed on the raw unstitched FOV images
rather than on the reconstructed WSIs. Since each BF and cPOL pair are acquired from
the same tissue section, the FOV pairs are spatially consistent before stitching errors
are introduced. The FOV metadata contains bounding-box information mapping
each tile back to its location in the reconstructed WSI, making it possible to perform
inference at FOV level while preserving spatial context within the full tissue section.

Each WSI is reconstructed from approximately 2500-3000 FOV tiles, each with
a resolution of 2056 x 2464 pixels. Many tiles consist mostly of background and are
discarded before patch extraction to avoid redundancy in the training data. For each
FOV tile-pair, a binary tissue mask is estimated from the BF representation in HSV
color space.

The FOV tiles vary substantially in appearance, ranging from densely stained
collagen-rich regions to pale non-collagen tissue and bright background, general-
purpose foreground-background thresholding did not generalize reliably across this
range. Tissue is therefore identified using fixed thresholds in HSV space. Each BF
tile is scaled to [0, 1] and converted from RGB to HSV. A pixel is classified as tissue if
it is either sufficiently saturated, S > 75, indicating stained tissue independently of
brightness, or sufficiently dark, V' < 7, indicating non-background structure; near-
black pixels with V' < 0.05 are excluded to avoid black borders of the WSI. With
7s = 0.02 and 7, = 0.97, this retains both well stained collagen and faint tissue
while rejecting the homogeneous bright background. The mask is then refined using
connected-component analysis, removing foreground components smaller than 400
pixels as a denoising step.

The tissue fraction of a FOV tile is computed as the mean of the binary tissue
mask. Tiles with a tissue fraction below 10% are discarded. Since background regions
are highly homogeneous, a small number of low-tissue tiles are retained to ensure
the model is exposed to realistic background during training. The threshold is set to
avoid overrepresentation of uninformative regions. Figure [4.1]illustrates examples
of tiles at different tissue fractions.

& .

(a) Field-of-view tile with a computed tissue  (b) Field-of-view tile with a computed
fraction of 1%. tissue fraction of 14%.

Figure 4.1: Examples of tiles with different tissue fractions computed during tile
extraction. Tiles with insufficient tissue content were excluded to reduce the
number of background-only samples.

10



For each accepted FOV pair, corresponding tiles are extracted from the BF and
cPOL images at a size of 512 x 512 pixels. For training, a stride of 512 pixels is used,
producing non-overlapping tile pairs; since the image dimensions are not exact
multiples of the tile size, any tile that would extend beyond the image boundary
is discarded, excluding a thin border region from the training set. For the held-out
test partition, tiles are extracted at the same size with a nominal stride of 256 pixels,
producing overlapping tiles where each pixel can contribute to multiple predictions.
To preserve full coverage, the stride of the final step along each axis is reduced as
needed so the last tile sits flush with the image edge, ensuring the entire image is
tiled. The overlapping predictions are aggregated during reconstruction to reduce
boundary artifacts between neighbouring tiles, enabling for evaluation on full FOV-
level regions rather than on isolated patches. The two tiling strategies are illustrated
in Figure and the reconstruction procedure is described in Section [6.3

After patch extraction and tissue filtering, this split produced 100,835 non-overlapping
512 x 512 training tiles and 65,299 validation tiles. The held-out test partition consists
of 187,490 overlapping 512 x 512 tiles, which are reconstructed into 2604 microscopy
FOV tiles; evaluation is performed at FOV, WSI, or ROI level. The large validation
set relative to training reflects the natural variation in tissue content across WSIs.
The dataset and its partition are summarised in Table

- =

stride 512 stride 256

Figure 4.2: Patch extraction strategies for training (left) and evaluation (right).
Training tiles (512 x 512, stride 512) are non-overlapping, with each pixel included
once. Test tiles use a stride of 256 pixels, producing overlapping patches where
multiple predictions contribute to the same spatial locations, enabling for high
quality FOV-level reconstruction.

Table 4.1: Summary of the dataset and its partition. Each WSI is a PSR-stained
tissue section acquired in both BF (input) and cPOL (target), provided in Zeiss CZI
pyramid format. Tile counts are reported after tissue filtering.

Split WSIs Patch size Stride Tiles

Training 2 512 x 512 512 (non-overlapping) 100,835
Validation 1 512 x 512 512 (non-overlapping) 65,299

Test 1 512 x 512 256 (overlapping) 187,490: 2,604 (FOV-tiles)
Total 4
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Chapter 5

Baseline & Evaluation Strategy

In paired image-to-image translation, pixel-wise similarity metrics such as MSE,
PSNR, and SSIM provide standardised measures of low-level agreement and are useful
during training where reconstruction losses constrain the output to remain close
to the paired target. Their usefulness as final evaluation criteria depends on the
modality and task objective

5.1 Baseline Pix2Pix

Since PSR-BF to cPOL translation has not, to our knowledge, been previously ex-
plored, there are no task-specific methods to compare against. Pix2Pix [18] is there-
fore used as a general paired image-to-image translation baseline, allowing the
proposed models to be contextualised relative to an established method in image-
translation literature.

Pix2Pix [18] is a conditional GAN developed for paired image-to-image transla-
tion, where the generator translates the input into a synthetic target-domain image
and the discriminator learns to distinguish real from generated outputs conditioned
on the corresponding input. This conditioning encourages the generated image to
be both visually realistic and spatially consistent with the input structure.

The Pix2Pix objective combines an adversarial loss with a pixel-wise reconstruc-
tion loss, where the adversarial term encourages perceptual realism and the recon-
struction term enforces correspondence with the paired ground truth. The generator
objective is

EG = ﬁadv<G7 D) + Aﬁl(G)v (5-1)

where L.4y denotes the conditional adversarial loss, £; is the pixel-wise L
reconstruction loss between the generated image § = G(x) and the target image ,
and A controls the relative weight of the reconstruction term. The L loss is defined
as

L1(G) = Evy[lly = G(2)|], (5:2)

where the expectation over paired samples (, y) is approximated during training
by averaging the loss over each mini-batch.

The £; term penalizes pixel-wise differences linearly rather than quadratically,
making it less sensitive to large individual errors than MSE, discussed further in
Section [5.2.1] The adversarial term complements this by encouraging sharper and
more realistic outputs than a purely pixel-wise objective alone would produce.
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5.2 Evaluation Metrics

The objective of this thesis is not only to reproduce broad image features, but to gen-
erate cPOL images preserving collagen structures relevant for downstream analysis.
A prediction can obtain favourable MSE, PSNR, or SSIM values while still suppress-
ing high-frequency collagen details important for fiber-level interpretation, smooth
predictions reduce average pixel-wise error while losing the fine structural detail
that matters most.

This limitation is consistent with previous work on perceptual image similarity.
Zhang et al. [19] show that metrics such as PSNR and SSIM can disagree with human
perceptual judgments, especially for structured image outputs where small pixel-wise
differences do not correspond to perceptual or semantic similarity. Pixel-level metrics
are therefore useful for measuring low-level agreement, but insufficient as standalone
evaluation criteria when fine structure and interpretability are important. Figure
illustrates this directly: the smoother generated image obtains more favourable MSE,
PSNR, and SSIM values while visibly suppressing fine fiber detail.

For this reason, MSE and PSNR are reported but treated as low-level fidelity
metrics rather than definitive indicators of model quality. Final model assessment
combines these with perceptual, distributional, and collagen-specific evaluation, as
described in the following subsections.

Feature-space metrics such as LPIPS and FID are commonly reported in digital
pathology image generation tasks [6| [10} [16] [17]. LPIPS measures perceptual similar-
ity between generated and ground-truth images in a learned feature space, provid-
ing a measure less tied to pixel-wise agreement than MSE or PSNR. FID evaluates
whether the distribution of generated cPOL images resembles that of real cPOL
images at the dataset level. Together these metrics provide complementary informa-
tion about visual realism and perceptual agreement, but neither directly measures
whether collagen morphology is preserved

The most task-relevant evaluation is therefore collagen-specific downstream
analysis. Fiber extraction using CTFIRE and color-based segmentation of birefringent
collagen categories are used to assess whether generated images preserve structural
features relevant for fiber analysis. Model performance is interpreted based on this
combined evidence rather than any single metric.

The following subsections define the metrics and analyses discussed in the evalu-
ation, grouped by what they measure: MSE, PSNR, and SSIM for low-level pixel-wise
agreement; LPIPS and FID for perceptual and distributional similarity; and CTFIRE
and color-based collagen segmentation for collagen-specific structural assessment.

5.2.1 Mean Squared Error

Mean squared error (MSE) is a pixel-wise metric that measures the average squared
difference between a generated image and its corresponding ground truth. For an
image of size H x W x C, MSE is defined as

C H W

MSE = HWC Zgg pred (i 4, ©) = Igs (i, j, €))? (5.3)

where I;,;cq and Iy denote the predicted and ground-truth images respectively.
i, 7, and c index the spatial dimensions and image channels.

In this thesis, images have a resolution of 512 x 512 with three channels (C' = 3),
MSE is computed across all pixel values and channels. MSE provides a direct measure
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of average pixel-wise error. As a local metric, MSE is highly sensitive to small spatial
misalignments and does not account for perceptual similarity, structural coherence,
or preservation of fine collagen fiber morphology.

5.2.2 Peak Signal-to-Noise Ratio

Peak signal-to-noise ratio (PSNR) is a signal processing metric used to quantify re-
construction quality by comparing the magnitude of a signal to the error introduced
during reconstruction. It measures the ratio between the maximum possible pixel
value and the mean squared error.

PSNR is defined in terms of MSE as

MSE (5.4)

where M AX denotes the maximum possible pixel value of the image, for ex-
ample M AX = 255 for 8-bit images or M AX = 1 for images normalized to the
range [0, 1].

PSNR is expressed in decibels (dB), where higher values indicate better recon-
struction quality. Since PSNR is directly derived from MSE, it shares the same lim-
itations, including sensitivity to small spatial misalignments and limited ability to
capture perceptual or structural differences.

2
PSNR = 1010g10 <MAX > y

5.2.3 Structural Similarity Index

The structural similarity index (SSIM) [20]] is a perceptual metric designed to measure
similarity between two images based on luminance, contrast, and structural similarity.
Given an image-patch pair, SSIM can be defined as

where the luminance, contrast, and structure comparisons are given by

20,0y + Co

c(x,y) = 034—0—5—1—6’2’ s(x,y) =

Oxy + Cs
0.0y +C5’
(5.6)

Here, j1; and p, denote mean intensities, o, and o, denote standard deviations,
and o0, denotes covariance between the two image patches. The constants C', C,
and Cj are included for numerical stability.

SSIM is commonly reported in image-to-image translation and virtual staining
studies [[6 14, [21]], and is used as part of the MSE-SSIM training objective (Sec-
tion[6.4.1) to encourage similarity in local image statistics

SSIM is not used as a standalone evaluation criterion in this thesis. Zhang et
al. [19)] show that SSIM and related metrics can disagree with human perceptual
judgments for structured image outputs, where small pixel-wise differences do not
necessarily correspond to meaningful perceptual or semantic differences. During
preliminary evaluation runs, SSIM was found to continuously favour smooth predic-
tions that preserve broad luminance and contrast patterns while suppressing fine
collagen detail, a significant limitation for cPOL images where high-frequency fiber
structures are important. This limitation, shared with MSE and PSNR, is illustrated

in Figure

’ p2 + pz +Cy’
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GT Generated Image Generated Image

SSIM: 0.8279 SSIM: 0.8612
MSE: 131.33 MSE: 123.42
PSNR: 26.95 dB PSNR: 27.22 dB

Figure 5.1: A randomly sampled 500 x 500 pixel crop illustrating the limitation of
pixel-level metrics for evaluating generated cPOL images. From left to right: ground
truth, sharp prediction, and smooth prediction. Despite visibly suppressing fine,
high frequency detail, the smoother prediction obtains more favourable MSE, PSNR,
and SSIM values, demonstrating that these metrics alone are insufficient for
selecting the most structurally faithful output.

5.2.4  Fréchet Inception Distance

The Fréchet Inception Distance (FID) is a distributional metric that compares fea-
ture representations extracted from generated and real images using a pretrained
Inception-v3 network. In this thesis, FID is computed using the Clean-FID imple-
mentation [22]].

In this thesis, FID is computed at the FOV level by comparing the distribution of
predicted cPOL FOVs with that of the ground-truth cPOL FOVs. Given feature sets
f and f extracted from real and generated images respectively, with means p, /i and
covariance matrices X, f] FID is defined as

FID = ||M—/1||§+T&~<Z+§—2(Z§)1/2>. (5.7)

Here, Tr(-) denotes the trace operator. In this thesis, f corresponds to the Incep-
tion features extracted from the ground-truth cPOL FOV tiles, while f corresponds
to the features extracted from the predicted cPOL FOV tiles.

Lower FID values indicate that the generated FOV tiles are closer to the ground-
truth distribution in the Inception feature space, making it useful for assessing
whether generated cPOL images reproduce the broader appearance, texture, and
structural characteristics of real cPOL images across the held out FOV tiles.

This FOV-level evaluation is conceptually similar to crop-based FID [15], where
FID is computed on local image regions rather than complete images, though here
the FOVs are reconstructed predictions rather than randomly sampled crops.

5.2.5 Learned Perceptual Image Patch Similarity

Learned Perceptual Image Patch Similarity (LPIPS) [19] is a perceptual similarity
metric that measures the distance between individual image pairs in a learned feature
space extracted from a pretrained deep neural network. Unlike FID, that operates at
the distribution level, LPIPS provides a per-image perceptual similarity score where
lower values indicate greater perceptual similarity
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Since LPIPS operates in a learned feature space rather than pixel space, it can
capture perceptual differences not reflected by MSE, relevant here where preser-
vation of visible fiber structure and texture matters. LPIPS is a general perceptual
metric and does not explicitly measure collagen morphology or biological fidelity,
and is therefore interpreted alongside FID, visual inspection, and collagen-specific
downstream analysis.

5.2.6 CTFIRE-Based Evaluation

CTFIRE [23] is used for domain-specific evaluation of collagen fiber preservation.
CTFIRE is a curvelet transform-based tool widely used for quantitative analysis of
collagen fiber organization in microscopy images [23} 24]], originally developed for
SHG image data but applicable to other collagen imaging modalities.

CTFIRE enhances curvilinear structures and extracts individual fibers from tissue
backgrounds, outputting quantitative descriptors for fiber orientation, alignment,
length, and straightness. In this thesis, CTFIRE is applied to both generated and
ground-truth cPOL images across 12 manually selected ROIs, and three summary
measures are computed to compare the extracted orientation distributions.

First, the orientation error Agyient is the angular difference between the dominant
fiber orientations in the generated and ground-truth ROI, computed as the axial
angular difference modulo 180°.

Second, the alignment error E,j;,, measures how well the predicted fiber dir-
ections match the ground-truth distribution by comparing alignment indices of the
ROIs:

Ealign = ‘AGT - Apred’ . (5~8)

The alignment index A € [0, 1] is computed per ROI distribution, simply put, a
scalar describing how aligned the fibers are in one distribution.

1 & T 2
A= (N;sm%z) + (N;C0829i> , (5.9)

where N is the number of extracted fibers and 0; is the orientation of the i-th fiber.
Intuitively, if two distributions are identical, F;4, should remain 0.

Third, the histogram distance Dys, compares the full orientation distributions
by binning fiber orientations into normalised histograms over [0°, 180°] with bin
width Af = 5°:

Dise = =3 Iprea(b) — hs (b)) A0 (5.10)
hist 2 - pred gt . .

Lower values for all three measures indicate closer agreement with the ground-
truth cPOL image.

5.2.7 Color-Based Semantic Segmentation of Collagen

A complementary domain-specific evaluation is performed based on color-based seg-
mentation of birefringent collagen. In cPOL imaging, collagen exhibits characteristic
birefringent colors: green, yellow, and red-orange, associated with differences in fiber
organization. Preserving this color composition in generated images is therefore an
indicator of whether biologically meaningful collagen characteristics are accurately
reproduced.

16



Segmentation is performed using a pixel classifier trained interactively in QuPath [25]]
by a domain expert with expertise in cancer biology and extracellular matrix re-
search, a common workflow for collagen analysis in research settings. The classifier
is an OpenCV artificial neural network (a shallow multilayer perceptron) operating
on the RGB channels at full resolution (pixel size 0.173 pum). For each pixel, a 12-
dimensional feature vector is formed by applying four filters at a scale of ¢ = 1.0 to
each of the three color channels: Gaussian smoothing, the maximum structure-tensor
eigenvalue, structure-tensor coherence, and the maximum Hessian eigenvalue. This
combines local color with measures of local structure, orientation, and anisotropy,
allowing the classifier to separate the birefringent collagen colors both from one
another and from non-collagen tissue. The network maps the 12 features to four
classes: the three birefringent collagen categories (green, yellow, and red-orange)
and an additional non-collagen/background class that is excluded from the com-
position analysis. The classifier assigns collagen-positive regions to the three color
categories across the full held-out test WSI, processed in four parts due to memory
constraints.

The final collagen composition is computed by aggregating classified areas across
the four parts rather than averaging percentages. For a model m and collagen cat-
egory ¢, the composition percentage is defined as

4
YA
Pe= 421:1 TR % 100, (5.11)
Zi:l Zc’ Am,i,d

where A,, ; - denotes the area assigned to category ¢ in image part ¢, and ¢’ indexes

all collagen categories. Differences relative to the ground-truth cPOL image are
computed in percentage points as

Am,c = I'm,e — PGT,07 (5-12)

where positive values indicate overestimation of a given category and negative values
indicate underestimation.
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Chapter 6

Methods

Figure [6.1| provides an overview of the proposed pipeline. (a) Paired PSR-BF and
cPOL whole-slide images are first decomposed into FOV-tiles, from which 512 x 512
pixel patch pairs are extracted for training. (b) A generator network G is trained
to predict synthetic cPOL patches from BF input under two configurations: MSE-
SSIM and MSE-GAN. (c) At inference, overlapping patch predictions are combined
using Hann-window blending to reconstruct full FOV and WSI-level outputs. The
following sections describe each stage in detail.

g N\
3 WSI Decomposition
by ), ’/ Training Crops
\ Field of View Tiles 512 x 512 px
Whole Slide Image 2056 x 2464 px
L 138986 x 128867 px )
<
b) Inference
—> —>
Input Brightfield Generator G(x) Output cPOL
J
of N
WSI Reconstruction
Output cPOL Hann-Window Based
Blending of Outputs Reconstruction of WSI
\§ J

Figure 6.1: Overview of the proposed BF-to-cPOL translation pipeline. (a) Paired
WSIs are decomposed into FOV tiles and 512 x 512 training patches. (b) A
generator G maps input BF patches to synthetic cPOL patches under MSE-SSIM
and MSE-GAN training configurations. (c) Predicted patches are aggregated using
Hann-window blending to reconstruct FOV and WSI-level outputs.
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6.1 Stain Variability and Augmentation

Although stain normalization methods such as Macenko [26] and Reinhard [27] nor-
malization are implemented and experimentally evaluated in this thesis, they are not
included in the final preprocessing pipeline. These methods are designed to reduce
color variability by mapping images toward a common stain or color distribution.
Macenko normalization is developed for multi-stain images such as H&E, where the
color distribution can be decomposed into two separable stain components using
singular value decomposition in optical density space. PSR-stained images are dom-
inated by a single red/pink collagen stain, i.e., PSR, meaning the second estimated
stain direction does not correspond to a meaningful biological signal. The second
stain direction may instead reflect illumination variation, noise, or local differences
in non-collagen tissue components. Applying Macenko normalization in this setting
therefore distorts the color distribution and reduces contrast in collagen-rich regions,
producing washed-out images that suppress the collagen-related intensity needed
to predict the cPOL signal.

In preliminary experiments, Reinhard-based tile-wise normalization introduced
visible artifacts and local inconsistencies, this likely since normalization paramet-
ers are estimated independently per tile, causing the color transformation to vary
between neighbouring regions of the same slide. Slide-level or lookup-table-based
strategies present a different limitation: they assume that the color distribution of
each tile is compatible with that estimated from the full WSL This assumption does
not hold for histological WSIs, where tiles can vary substantially in tissue composi-
tion, from dense collagen-rich, red regions to areas dominated by cells, adipose tis-
sue, or background. Applying a fixed color transformation across this content risks
suppressing tissue-specific intensity patterns that are informative for BF-to-cPOL
translation.

Since the cPOL images were acquired under strict conditions using a consistent
imaging protocol, their color and intensity characteristics are highly uniform across
the dataset, making normalization of the target modality unnecessary. To expose
the model to the mild stain and illumination variability present across PSR-BF ac-
quisitions, light augmentation is applied to the input. The perturbation types and
ranges were chosen to approximate the small variations in stain intensity and col-
our observed between slides, and were calibrated qualitatively so that augmented
inputs remained visually consistent with plausible real acquisitions. The ranges were
kept deliberately narrow: stronger perturbations produced inputs that no longer re-
sembled genuine staining variation, and since the cPOL target is fixed, pushing the
input toward such out-of-distribution appearances would only degrade the learned
mapping rather than improve robustness.

Augmentation is applied to each training sample with probability 0.8. When
applied, the BF input is adjusted by a random brightness factor and a random contrast
factor, each sampled uniformly from [0.95, 1.05], after which each colour channel is
independently scaled by a factor sampled uniformly from [0.97, 1.03]. Pixel values
are finally clamped to [0, 1].

6.2 Model Architectures

Most CNN-based approaches intended for biomedical image segmentation and image-
to-image translation tasks are based on, or inspired by, the U-Net architecture pro-
posed by Ronneberger et al. [8].

19



6.2.1 Keikhosravi et al.-Derived Residual U-Net

Keikhosravi et al. [[6] demonstrated image translation from standard H&E-stained
BF images to SHG-like collagen images. Since this modality pair is closely related
to the BF-to-cPOL problem considered in this thesis, their architecture and training
objective therefore formed the basis of the models implemented in this thesis.

The architecture follows the general U-Net encoder-decoder structure with skip
connections, but replaces plain convolutional blocks with residual blocks, and uses
strided convolutions for downsampling rather than separate max-pooling operations.
Each encoder block contains a main branch consisting of a 3 x 3 convolution with
stride 2 followed by a 1 X 1 convolution with stride 1, both followed by batch normal-
ization and LeakyReLU activations. The main branch is then added to a projected
shortcut. In the released implementation [28]], used as the basis for this thesis, the
first convolution in each encoder block uses a 4 x 4 kernel with stride 2 and padding
1 rather than the 3 x 3 kernel described in the paper.

In a plain convolutional block, the stacked layers are required to learn a full
transformation H (z) directly. With residual connections, the convolutional branch
instead learns a residual correction. In the case where the shortcut branch is pro-
jected to match the output dimensions, the block output can be written as H(z) =
F(z) 4+ P(z), where P(x) denotes the projected shortcut branch and F'(x) repres-
ents the learned residual correction. This generally simplifies optimization, since
convolutional layers can focus on learning the difference between the projected
input representation and the desired output, rather than learning a full mapping.
Residual connections also improve gradient flow, since the shortcut branch provides
a more direct path through the network, reducing the risk that gradients vanish as
they are propagated through many stacked convolutional layers.

The decoder path is also modified compared with the original U-Net. The decoder
upsamples feature maps by interpolation before passing them through a residual-
style convolutional block. Keikhosravi et al. describe this upsampling as bicubic in-
terpolation; however, the released implementation uses bilinear interpolation. Since
this difference is unlikely to meaningfully affect translation quality, the released
implementation was retained without modification, as to stay consistent with the
codebase.

The corresponding encoder features are not concatenated directly, but are first
processed through separate skip-connection branches consisting of convolution,
batch normalization, and LeakyReLU operations before being concatenated with
the decoder features. The final upsampling step is replaced by a pixel shuffle layer,
which rearranges feature map channels into spatial dimensions to reconstruct the
full-resolution output.

Two adaptations were made to the released implementation. All convolutional
blocks in the encoder, decoder, and skip connections were modified to use reflection
padding instead of zero padding, avoiding tile-edge artifacts that arise from artificial
border values in fine-detail images such as cPOL. The output layer was also adapted
for three-channel RGB output rather than the original single-channel SHG output.
The final convolution produces 4 - Cyy¢ channels, which are rearranged by the pixel
shuffle layer into a full-resolution output, with Cy, = 3, this constructs a three-
channel image.

A schematic overview of the architecture is shown in Figure visualizing the
encoder blocks, processed skip connections, decoder blocks, and final pixel shuffle
reconstruction. The same generator architecture was used for the supervised MSE-
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SSIM model and the adversarial model. The distinction between these configurations
lies in the training objective rather than in the generator topology.
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Figure 6.2: Schematic overview of the implemented residual U-Net architecture.
The network consists of encoder blocks, decoder blocks, processed skip
connections, and a final pixel shuffle layer that reconstructs the full-resolution
three-channel output image.

6.2.2 Discriminator Architecture

The MSE-GAN model, presented in Section [6.4.2] uses an image-level discriminator
that maps each input to a single scalar realism score for the whole image.

The network begins with a 3 x 3 convolution, mapping the three-channel input
to 64 feature channels, followed by a LeakyReLU activation with negative slope
0.1. This is followed by five discriminator blocks. Each block consists of two 3 x 3
convolutional layers with LeakyReLU activations, where the first convolution in
each block uses stride 1 and the second uses stride 2, downsampling the feature map
by a factor of two. The number of feature channels increases across blocks: 64, 128,
256, 512, 1024, and 2048.

After the convolutional feature extractor, adaptive average pooling reduces the
feature map to a 2048 x 1 x 1 global encoding of the input. The resulting vector is
then passed through two fully connected layers: the first maps from 2048 to 2048
features with a LeakyReLU activation, while the second maps the representation to
a single output value. A sigmoid activation is applied to produce a scalar score in the
range [0, 1], representing the discriminators estimate of whether the input is real or
generated. A schematic overview of the discriminator architecture is presented in

Figure

6.3 Field-of-View and WSI Reconstruction

During test set evaluation, each FOV is divided into 512 x 512 patches with a stride
of 256. The trained generator is applied independently to each patch. Since neigh-
bouring patches overlap, multiple predictions contribute to the same pixel locations
in the reconstructed FOV. These overlapping predictions are combined using a Hann-
window weighting scheme, following Pielawski and Wahlby [29], who show that
window-based blending reduces edge effects in patch-based CNN prediction
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Figure 6.3: Schematic overview of the discriminator architecture, employed as
training objective in the MSE-GAN implementation.

Figure [6.4]illustrates the reconstruction for a simplified overlapping prediction
example. Each tile prediction is multiplied by the Hann window before being ac-
cumulated, the final reconstruction is obtained by dividing the weighted sum by
the accumulated weights at each pixel. Compared with direct addition, this effect-
ively eliminates sharp transitions between neighbouring patches by assigning lower
weight to patch borders and higher weight to patch centres.

For a patch size of 512 x 512, a one-dimensional Hann window w is first computed
and then extended to two dimensions using an outer product:

W(i,j) = max(w(i) w(j), 5), e =105, (6.1)

where W is the two-dimensional weighting window. The window is subsequently
normalized so that its maximum value is one. The floor £ = 1075 keeps all weights
strictly positive, preventing division by zero in the per-pixel normalization during
reconstruction.

For each predicted tile gy, located at position (p,py) in the FOV canvas, the
reconstruction canvas is updated by adding the weighted prediction:

and a separate weight accumulation map is updated as

After all overlapping predictions for an FOV have been accumulated, the final re-
constructed image is obtained by normalizing the weighted prediction sum by the
accumulated weights:

Reconstruction is performed at the FOV level rather than directly on the full WSI,
enabling both quantitative and qualitative evaluation at FOV level as well as in
the context of the full tissue section. Each FOV contains bounding-box metadata
indicating its position in the reconstructed WSI, preserving the spatial relationship
between predicted FOVs and the original whole-slide coordinate system.

To reconstruct a full WSI from predicted FOVs, each FOV is placed onto a canvas
at the position indicated by its bounding-box metadata. Since the full-resolution
canvas would require tens of gigabytes of memory, it is never fully loaded into RAM.
Instead, predictions are written directly to disk in a memory-mapped format, allow-
ing individual FOV predictions to be inserted sequentially without holding the entire
canvas in memory.

(6.4)
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Figure 6.4: Illustration of Hann-window reconstruction for overlapping tile
predictions, shown for a simplified example of three overlapping tiles. From left to
right: the weighted-sum canvas C' = ), W9, which accumulates each prediction
Uy, multiplied by its Hann window W}; the weight-sum canvas A = ), W}, which
accumulates the corresponding window weights; the final Hann reconstruction

Y =C /A; and, for comparison, the result of directly adding the overlapping
predictions without window weighting. The Hann reconstruction Y varies
smoothly across overlaps, whereas direct addition produces visible step artifacts at
the tile boundaries.

6.4 Model Training

Let = denote an input PSR-BF patch and y, the corresponding cPOL target. The
objective is to optimize a generator network G such that the predicted image § =
G(z) approximates the paired target y.

All models were trained on 512 x 512 patch pairs extracted from two WSIs, with
one WSI held out for validation. Training used mini-batch stochastic gradient des-
cent with a batch size of 12, limited by available GPU memory given the 512 x 512
patch size and intermediate feature representations held during backpropagation.
Augmentation was applied to the training set as described in Section 6.1} the valida-
tion set was kept deterministic. Validation was performed every 2000 global training
steps and checkpoints were saved throughout.

The model configurations differ in their training objectives. Pixel-wise recon-
struction losses provide direct supervision against the paired target, but do not neces-
sarily capture structural or perceptual similarity. Additional loss terms are therefore
introduced to encourage outputs that better match the structural appearance of real
cPOL images. All training is conducted on an NVIDIA L40 GPU on the Uppmax
high-performance computing cluster.

6.4.1 MSE-SSIM Training

The MSE-SSIM model uses the residual U-Net generator described in Section[6.2.1]
trained with a combined pixel-wise and structural similarity objective following
Keikhosravi et al. [6]]. The training configuration was adapted from their original
implementation: MSE is employed, rather than £; and the loss weighting is kept
fixed rather than ramped up during training, both of which were found to produce
more stable results in our setting. The training objective is defined as

pLyse + (1 — p)Lssi, (6.5)
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where p controls the relative weighting between pixel-wise reconstruction and struc-
tural similarity. Following Keikhosravi et al. [[6], p = 0.7 is used, giving higher weight
to the MSE term while still including SSIM as a structural similarity component. In
this implementation, the weighting is kept fixed throughout training. The SSIM loss
is implemented as

Lssim = 1 — SSIM(G(2), y). (6.6)

The model is optimized using Adam with a learning rate of 2 - 10~*. Full valida-
tion is conducted every 2000 global training steps, and the best checkpoint for this
configuration is selected according to the combined validation loss.

MSE is used as the reconstruction term since the task requires accurate recovery
of continuous image intensities from a spatially aligned target. Compared to L;,
MSE penalizes large pixel-wise deviations more strongly, encouraging the network
to correct prominent intensity errors early in training. This is well suited to the paired
supervised setting, where the objective is to approximate a specific aligned target
rather than generate one of many possible outputs. In preliminary experiments, MSE
produced more accurate reconstructions than £; and was therefore retained.

The SSIM term is included to encourage similarity in local luminance, contrast,
and structural statistics, following the original training objective of Keikhosravi et
al. [6]]. Its suitability for cPOL image translation is discussed in Section 5.2.3] Training
and validation curves are shown in Figure

MSE-SSIM: Train and validation combined loss over steps
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Figure 6.5: Training and validation combined MSE-SSIM loss. The curves follow a
similar trajectory to the MSE alone, stabilising around step 12,000 with minor
fluctuations.
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6.4.2 MSE-GAN Training

The MSE-GAN configuration uses the same residual U-Net generator (Section [6.2.1)
but adds adversarial supervision through an unconditioned discriminator and re-
moves the SSIM objective. As established in Chapter [5] pixel-wise objectives favour
over-smoothed outputs, the adversarial term counteracts this. The discriminator re-
ceives either a real cPOL image y or a generated image G(z) and predicts which
distribution it belongs to. Being unconditioned, it judges only whether the output
resembles real cPOL images, not its structural consistency with the input.

The two losses play distinct roles: the MSE term enforces pixel-wise correspond-
ence with the paired target, while the adversarial loss acts as a distribution-level
regularizer that pushes outputs toward a realistic cPOL appearance without over-
riding the reconstruction. The unconditioned design is a deliberately conservative
choice, keeping generated images grounded in the paired data, avoiding hallucinated
collagen structures that would corrupt downstream analysis, at the cost of a weaker
adversarial signal than a conditional discriminator.

The reconstruction term is defined as the MSE between the generated image
y = G(x) and the paired target y. The discriminator is trained using a least-squares
GAN objective:

Lp = E,[(1-D(y))*] + E.[D(G(x))*] , (6.7)

where F, and F, denote expectations over the target and input distributions respect-
ively, approximated in practice by averaging over each mini-batch. This objective
drives D(y) towards 1 for real images and D(G(x)) towards 0 for generated ones.

The adversarial generator loss is defined using the discriminator score for the
generated image:

Laa(G, D) = E.|(1 = D(G(x)))’] . (6.8)

To reduce isolated pixel-level noise in the generated images, total variation regular-
ization is included. This term penalizes large pixel-to-pixel intensity changes in the
generated image:

Lrv(G) = E, [(G(x)iﬂ,j — G(2)ij)? + (G(@)ij41 — G(w)z‘,jﬂ : (6.9)

where G(z); ; denotes the generated pixel value at spatial location (i, j), and the
two terms sum the squared differences between vertically and horizontally adjacent
pixels.

The final generator objective combines the three terms:

EG = ﬁMSE + ATVETV + Oéadvﬁadva (6-10)

where Lyisg is the pixel-wise reconstruction loss between y = G(z) and y, Aty
controls the strength of the total variation regularization, and a,q, controls the
contribution of the adversarial loss. In the final implementation, Aty = 1075 and
Qadv — 0.2.

For each training batch, the discriminator is updated once, followed by two gen-
erator updates with the discriminator frozen. This asymmetric schedule was found
to stabilise training in our setting, mitigating early discriminator dominance. Both
networks are optimised with Adam at a learning rate of 1 - 107°. Validation is per-
formed every 2000 steps, and checkpoints are selected by validation MSE rather than
the adversarial loss, since MSE directly measures pixel-wise correspondence with the
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paired target, whereas the adversarial loss reflects only the discriminator’s current
state rather than agreement with the target.

The training and validation MSE curves (Figure [6.6) show efficient learning over
the first 18,000 steps before plateauing. The discriminator loss (Figure remains
stable at approximately 0.5 throughout, indicating that the discriminator cannot
reliably distinguish real from generated cPOL images, the expected operating point
in adversarial training. The best checkpoint is selected at step 36,000.

MSE-GAN: Train and validation MSE over steps

—— Train MSE, rolling mean 500 steps
Validation MSE
1071 Y Best val MSE = 0.00531 at step 36000
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Figure 6.6: Training and validation MSE for the MSE-GAN configuration, declining
rapidly before plateauing around step 18,000. Best checkpoint at step 36,000.

MSE-GAN: Train and validation discriminator loss over steps

—— Train disc loss, rolling mean 500 steps
Validation discriminator loss
0.505 -
§ 0500 — P R S n
=
]
[&]
£
‘E 0.495
g
a
0.490 +
0.485 4
T T T T T T T T
0 5000 10000 15000 20000 25000 30000 35000
Global step

Figure 6.7: Discriminator loss for the MSE-GAN configuration, stable at
approximately 0.5 throughout training.
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Chapter 7

Results

All results are computed on previously unseen held-out test data at full spatial resol-
ution. Evaluation is conducted either at microscopy FOV level, on manually selected
ROIs of 5000 x 5000 pixels, or at whole-slide level, as described in Chapter

7.1 Quantitative Image Similarity Results

Quantitative image similarity metrics were computed on 2604 paired FOV tiles ex-
tracted from a held-out test WSI, not seen during training. Each FOV measured
2056 x 2464 pixels. With a pixel size of 0.173um, this corresponds to a physical area
of approximately 426 x 356.m, or 0.152mm?. All tiles contained at least 10% tissue.

Table 7.1: Quantitative image similarity results on 2604 paired FOV tiles from the
held-out test WSI. Bold indicates best performance per metric.

Model MSE| PSNR1 FID| LPIPS |

Mean Min Max
Pix2Pix 0.0030 28.9 23.36 0.182 0.076  0.547
MSE-SSIM  0.0020 31.2 28.26  0.256 0.161 0.618
MSE-GAN  0.0025 29.5 12.42 0.166 0.065 0.483

The quantitative results show that different metrics favour different model configur-
ations. The MSE-SSIM model obtains the lowest MSE and highest PSNR, indicating
the closest average pixel-wise agreement with the ground-truth cPOL images. The
MSE-GAN obtains the lowest FID and LPIPS by a substantial margin, suggesting
stronger distributional and perceptual similarity to real cPOL images.

Notably, the model with the best pixel-wise metrics performs worst on perceptual
and distributional measures, reinforcing the case for complementary evaluation.

7.2 Collagen Feature Evaluation

To assess how well collagen fibers are preserved in generated cPOL images, the
held-out WSI is reconstructed for each model and compared with the corresponding
ground-truth using CTFIRE-based collagen feature analysis [23]]

Twelve ROIs were manually selected by a domain expert with expertise in can-
cer biology and extracellular matrix research to provide representative regions for
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collagen fiber analysis. Each ROI measures 5000 x 5000 pixels, corresponding to a
physical side length of approximately 865,m and an area of approximately 0.75mm?
at a pixel size of 0.173pm.

The selected ROIs are presented in Figure[7.1] where each region is marked with
a yellow bounding box. CTFIRE was applied to both generated and ground-truth
cPOL images for each ROI, and the three measures were computed for each model.
Table 7.2l summarises the results across all 12 ROIs.

Figure 7.1: Held-out whole-slide image with the 12 selected regions of interest
marked in yellow. These ROIs are used for collagen fiber analysis of ground-truth
and generated cPOL images.

Table 7.2: CTFIRE-based collagen orientation agreement across 12 ROIs, reported as
mean =+ standard deviation. Lower values indicate closer agreement with the
ground-truth cPOL image. Best values are shown in bold.

Model Orientation error (°) | Alignment error | Histogram distance |
Pix2Pix 1.93+1.42 0.041 £ 0.029 0.063 £+ 0.039
MSE-SSIM 9.56 + 5.58 0.105 £ 0.069 0.078 £ 0.045
MSE-GAN 2.234+1.23 0.028 +0.020 0.044 £ 0.016

The MSE-GAN obtains the lowest alignment error and histogram distance, indic-
ating the closest agreement with ground-truth fiber organisation and orientation
distributions across the 12 ROIs. Pix2Pix achieves a slightly lower mean orientation
error, though the difference is small and the MSE-GAN outperforms Pix2Pix on the
remaining two measures. The MSE-SSIM model shows the largest deviation across
all three measures. Together with the quantitative image similarity results, this in-
dicates that the MSE-GAN provides the strongest overall preservation of collagen
fiber structure among the evaluated models.

7.3 Color-Based Collagen Category Evaluation

Color-based collagen composition was evaluated on the full held-out test WSI using
the method described in Section[5.2.71 The results are summarised in Table[7.3]
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Table 7.3: Color-based collagen composition for the ground-truth cPOL image and
generated model outputs. Composition is reported as the percentage of classified
collagen area assigned to each color category. Deltas are computed relative to the
ground truth in percentage points (pp). Best values shown in bold.

Collagen composition (%) A vs. Ground Truth (pp)

Model Green Yellow Red-orange Green Yellow Red-orange
GT 38.76 7.44 53.81 - - -
Pix2Pix 36.16 9.21 54.64 -2.60 +1.77 +0.83
MSE-SSIM  15.80 3.35 80.85 -22.96  -4.09 +27.04
MSE-GAN  40.55 6.41 53.03 +1.80 -1.02 -0.77

The MSE-GAN output most closely matches the ground-truth collagen composition
across all three color categories, differing by only +1.80 percentage points for green,
—1.02 percentage points for yellow, and —0.77 percentage points for red-orange
collagen. Pix2Pix also shows relatively close agreement, with larger deviations for
green and yellow.

The MSE-SSIM model exhibits a very different pattern, with substantially lower
green and yellow proportions and a much higher red-orange proportion than the
ground truth, red-orange collagen is overestimated by +27.04 percentage points.
This indicates that the predictions are strongly skewed towards red birefringent col-
lagen. The adversarial models produce a considerably more realistic color-category
distribution, with the MSE-GAN most closely matching the ground truth.

7.4 Qualitative Assessment of Generated cPOL Images

Differences between the model outputs emerge only at finer pyramidal levels, where
high-frequency detail must be preserved. At the coarsest scale (Figure[7.2), all three
models match the ground truth with no noticeable deviation.

GT cPOL

i

i

7 "(‘1

A
Pix2Pix MSE-GAN

MSE-

Figure 7.2: Top row: brightfield input (left) and ground-truth cPOL (right) for the
held-out test WSI. Bottom row: outputs from (a) MSE-SSIM, (b) Pix2Pix, and (c)
MSE-GAN. Shown at the lowest-resolution pyramidal level.
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Rendered at full resolution, a randomly sampled FOV tile, along with a zoomed-in
700 x 700 pixel region of the tile, is presented for each implementation in Figures[7.3]
and For each figure, the top row presents the ground truth FOV, and the
bottom row the prediction for the corresponding model.

The MSE-SSIM implementation, Figure produces an output visually similar
to the ground truth at the FOV level, although upon zooming in, the prediction
is clearly blurred. This blurring introduces a red-dominant appearance in regions
of mixed fiber orientation, as the finer yellow partitions of the collagen signal are
dampened. Implementations incorporating adversarial losses retain sharper birefrin-
gence gradients. The Pix2Pix output, Figure accurately captures fiber edges but
exhibits a checkerboard artefact pattern. The MSE-GAN model, Figure most
closely matches the ground truth overall, though green birefringent regions appear
slightly elevated in intensity compared to the reference image.

FOV Tile

700 x 700

GT

Pred

Figure 7.3: Ground truth FOV tile (top row) and MSE-SSIM output (bottom row).
Left column: randomly sampled tile with the zoomed region marked by a yellow
bounding box. Right column: 700 x 700 pixel crop of the indicated region. The
zoomed in view enables for visualization of the missing detail in predicted output.
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FOV Tile

700 x 700 px crop

GT

Pred

Figure 7.4: Ground truth FOV tile (top row) and Pix2Pix output (bottom row). Left
column: randomly sampled tile with the zoomed region marked by a yellow
bounding box. Right column: 700 x 700 pixel crop of the indicated region. A clear
checkerboard pattern is visible in the zoomed in view.

FOV Tile 700 x 700

GT

Pred

Figure 7.5: Ground truth FOV tile (top row) and MSE-GAN output (bottom row).
Left column: randomly sampled tile with the zoomed region marked by a yellow
bounding box. Right column: 700 x 700 pixel crop of the indicated region. The
images match closely, although green birefringent collagen appears more dominant
in the predicted image.

In a more comparative view, Figure[7.6|presents five randomly sampled 500 x 500
crops, one per column, with each row corresponding to a model or ground truth
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MSE-SSIM Pix2Pix GT

MSE-GAN

Figure 7.6: Five 500 x 500 pixel crops from five randomly sampled FOV tiles. Each
column corresponds to a single crop location. Each row corresponds to a model or
reference. (a-€) Ground truth cPOL, (f-j) Pix2Pix, (k-o) MSE-SSIM, (p-t) MSE-GAN.

reference. Pix2Pix and MSE-SSIM appears less sharp, matching the ground truth less
closely than MSE-GAN. This is most pronounced for MSE-SSIM implementation,
which exhibits a consistent blurring artefact across all crops.
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Chapter 8

Discussion

Evaluating generative models is inherently more challenging than evaluating dis-
criminative ones. A precision or F1 score computed against discrete labels directly
reflects task performance, but in image-to-image translation, different measures op-
erate at different levels of abstraction and can disagree substantially. The results
presented in this thesis make this concrete, as the three models rank differently
depending on which metric is used, and the model with the best pixel-level scores
produces the worst biological outputs.

The MSE-SSIM model’s strong pixel-wise performance is a direct consequence
of its training objective. By minimizing average squared error, the model is rewarded
for predicting smooth, spatially averaged outputs that reduce per-pixel deviation
at the cost of suppressing local structure. In practice, this collapses the output to-
ward red-dominant birefringence: fine yellow and green signals encoding distinct
collagen populations are suppressed, while the broad red signal is preserved and amp-
lified. The color-category evaluation makes this concrete, with red-orange collagen
overestimated by +27.04 percentage points.

The MSE-GAN avoids this by complementing pixel-wise supervision with an
adversarial regularization, outputs not resembling cPOL images are penalized at
distributional level. This pushes the generator away from the blurring local minimum
and toward outputs that preserve the sharp birefringence gradients characteristic of
real cPOL. The result is a model that performs worst on MSE and PSNR, yet most
faithfully reproduces the collagen structure that matters for downstream analysis.

The domain-specific evaluation confirms that the BF input contains sufficient
structural information for the learned mapping to recover broad fiber organisation:
all three models preserve primary fiber orientation to a reasonable degree. The mod-
els do diverge in how faithfully they reproduce finer aspects of fiber alignment
and birefringent color composition, where the adversarial objective provides a clear
advantage. That highly aligned collagen regions are associated with stromal remod-
elling linked to tumor progression [4H6] essentially makes accurate reproduction of
alignment a prerequisite for the generated images to be useful in practice.

The inversion between pixel-level and perceptual evaluation observed here re-
flects a fundamental property of MSE as a loss function. A blurred prediction that
spreads intensity across neighbouring pixels incurs lower squared error per pixel
than a sharp prediction that preserves structure but displaces it by even a single
pixel. This well-known local minimum results in that any model trained primarily
with MSE will tend toward over-smoothed outputs, and any evaluation that relies
primarily on MSE or its derivatives (PSNR, SSIM) will systematically favour such
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models. The practical implication is that pixel-based metrics are not only incomplete
for this task, they are actively misleading.

8.1 Limitations

The dataset consists of four WSI pairs acquired under controlled conditions at a
single imaging site, limiting the diversity of tissue appearance, staining variation, and
collagen organisation presented during training. While each WSI produces a large
number of patches, these cannot be treated as independent samples, as they originate
from neighbouring regions of the same tissue section. The generalisability of the
learned mapping to tissue from different patients, staining protocols, or imaging
systems therefore remains untested.

A deeper limitation inherent to the generative modelling approach itself: The
models have learned a mapping from observed inputs to known outputs, and when
presented with tissue patterns not well represented in the training data, they can
only extrapolate from learned relationships. Generated images should therefore be
interpreted as conditioned predictions rather than direct measurements of birefrin-
gence, a distinction that is particularly important in medical and research contexts
where outputs may be used to inform biological interpretation.

Finally, the evaluation does not include expert pathological review, which could
provide insight into whether generated images preserve biologically meaningful
morphology beyond what the quantitative measures capture.
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Chapter 9

Conclusions

This thesis demonstrated that CNN-based image-to-image translation can synthesize
picrosirius red (PSR) stained circularly polarized light (cPOL) images from routinely
available PSR-stained brightfield (BF) WSIs, and that the generated images can sup-
port downstream collagen fiber analysis with results comparable to those obtained
from real cPOL acquisitions.

Of the models evaluated, the MSE-GAN performed substantially better across
nearly all dimensions of evaluation. It achieved the lowest FID and LPIPS scores
by a wide margin, best reproduced fiber alignment and orientation distributions
across 12 expert-selected ROIs, and matched the ground-truth birefringent color
composition to within two percentage points across all three collagen categories. The
MSE-SSIM model, despite achieving the best pixel-wise scores, failed the collagen-
specific evaluation by overestimating red-orange collagen by over 27 percentage
points and producing outputs that suppress the fine birefringence structure necessary
for fiber analysis.

A central finding is that pixel-wise metrics are not only insufficient but act-
ively misleading for evaluating image-to-image translation in the current domain.
The evaluation framework introduced here, combining perceptual and distributional
metrics with CTFIRE-based fiber analysis and color-based collagen segmentation,
provides a meaningful basis for model selection and transfers naturally to related
cross-modality translation tasks in computational pathology. Code for the models
and evaluation pipeline is publicly available on GitHub,

9.1 Future Work

The most obvious extension is a larger and more diverse training dataset spanning
multiple patients, tissue types, staining conditions, and imaging systems. The current
four-WSI dataset limits generalisability, and broader validation across acquisition
sites and patient cohorts would be required before the approach could be applied in
a retrospective research or clinical setting.

A conditional discriminator, receiving both the generated image and the corres-
ponding BF input, would provide a stronger adversarial signal than the unconditioned
design used here, explicitly penalizing structural inconsistency between the input
and the generated output, though at the cost of a less interpretable training objective.
A comprehensive ablation study, evaluating the effects of the augmentation strategy
and the chosen hyperparameters, would further strengthen the findings.

Expert pathological review of generated image quality would strengthen the
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evaluation beyond what quantitative measures alone can capture, and is a natural
next step toward validating the method for exploratory use in collagen fiber analysis.
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Code Availability

Code for preprocessing, model inference, and evaluation is available at https://
github.com/joelsundin/bf2cpol/. The repository includes the residual U-Net and
discriminator implementations, model checkpoints, the field-of-view tiling and Hann-
window reconstruction pipeline, and the collagen-specific evaluation code. The re-
pository is under active development.
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Use of Generative Al

Generative Al tools (ChatGPT) were used during the preparation of this thesis. The
tools were used primarily in place of a conventional search engine. Providing descrip-
tions of technical concepts, library documentation, and background material. The
generative tools were also used for assistance with language, and ETgX formatting.

All research questions, experimental design, implementation, analysis, and con-
clusions presented in this work are the author’s own. Generative Al was not used
to generate results or data, or to formulate the scientific content of the thesis. Any
text suggested by such tools was reviewed, edited, and verified by the author, who
takes full responsibility for the final content of this work.
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