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Abstract

Deep learning has revolutionized medical imaging by providing state-of-the-art solutions for a
wide range of tasks. However, the use of deep learning in medical imaging also comes with its
own set of challenges, three of which are addressed in the projects presented in this cumulative
thesis.

The first project focuses on the fair evaluation of deep learning-based low-dose computed
tomography (LDCT) image denoising algorithms by introducing a novel benchmark framework.
The second project addresses the interpretability and robustness of deep learning algorithms for
LDCT image denoising by investigating their invariances (i.e., which features in the images they
learned to represent and which to ignore). The third project tackles the scarcity of data for deep
learning-based digital subtraction angiography (DSA) by simulating paired training data.

The proposed methods are capable of overcoming the respective challenges associated with
deep learning in medical imaging and through this could enable the development of better and

safer algorithms for clinical practice.

OO0

Zusammenfassung

Deep Learning revolutionierte die medizinische Bildgebung, da es modernste Lésungen fiir eine
breite Palette von Aufgaben bietet. Der Einsatz von Deep Learning in der medizinischen Bildge-
bung bringt jedoch auch eine Reihe von Herausforderungen mit sich. Drei dieser Herausforderun-
gen widmen sich die in dieser kumulativen Arbeit vorgestellten Projekte.

Das erste Projekt konzentriert sich auf die faire Evaluation von Deep-Learning-basierten Al-
gorithmen zur Entrauschung von Niedrigdosis-CT-Bildern durch die Entwicklung eines neuen
Benchmarks. Das zweite Projekt befasst sich mit der Interpretierbarkeit und Robustheit von
Deep-Learning-Algorithmen fiir die Entrauschung von Niedrigdosis-CT-Bildern durch die Un-
tersuchung ihrer Invarianzen (d.h. welche Merkmale in den Bildern sie ignorieren und welche
nicht). Das dritte Projekt adressiert die Limitiertheit von Daten fiir die Deep Learning-basierte
digitale Subtraktionsangiographie (DSA), indem gepaarte Daten fiir das Training von Deep-
Learning-Algorithmen simuliert werden.

Die vorgeschlagenen Methoden sind in der Lage, die jeweiligen Herausforderungen zu {iber-
winden, die mit Deep Learning in der medizinischen Bildgebung verbunden sind, und kon-
nten dadurch die Entwicklung besserer und sichererer Algorithmen fiir die klinische Praxis er-

moglichen.
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Chapter 1

Introduction

OMPUTED tomography (CT) is widely regarded as the workhorse of modern radiology [1]
with indispensable applications in a wide range of clinical scenarios. Its origins trace
back to the discovery of X-rays by Wilhelm Conrad Rontgen in 1895, who was also the

first one to realize their potential for medical imaging [2]. Only months after Rontgen acquired
the famous first medical X-ray image of his wife’s hand, X-rays were used for diagnostic and
interventional purposes in clinical settings. Six years later, in 1901, Rontgen was awarded the
first Nobel Prize in Physics for his discovery. Today, X-ray images —and continuous acquisitions
thereof, referred to as X-ray fluoroscopy— remain one of the most frequently used medical imaging
modalities [3, 4].

However, in many applications, the diagnostic value of X-ray images is limited by the fact that
they only provide two-dimensional projections of the three-dimensional anatomy. This limitation
was overcome in 1972 with the development of the first CT scanner by Sir Godfrey Hounsfield
which enabled the acquisition of cross-sectional images of the human body [5, 6]. Since then,
numerous technological advancements have been made to improve the speed, resolution, and
image quality of CT scanners. Today, CT is used for diagnostic imaging of innumerable diseases
covering all parts of the body, including diagnosis of cancer [7, 8], cardiovascular diseases [9],
and trauma [10]. Beyond diagnostics, flat-panel cone-beam computed tomography (CBCT) is
also used for planning and guiding surgical and minimally-invasive procedures such as vascular
stenting, chemo- and radioembolization [11, 12, 13, 14, 15], as well as for image guidance in

radiation therapy [16].

Despite their widespread use, X-ray imaging and CT have a major drawback, the use of
ionizing radiation which can have deleterious effects in humans, including the induction of cancer.
Although, risks associated with very low doses (i.e., < 10mSv) of radiation remain a topic of
debate [17, 18, 19, 20, 21], it is generally accepted that the risk of radiation-induced cancer
increases with the dose of radiation, and thus clinical CT scans must follow the ALARA (as
low as reasonably achievable) principle [22, 23], making dose reduction one of the primary
research areas in the field. Two of the (conceptually) most straightforward approaches to low-

dose computed tomography (LDCT) are by means of lowering the tube current or by reducing
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Standard-dose acquisition Sparse-view acquisition Low tube current acquisition
Aa AB > Aa Aa
High
Low

Tube current

A Figure 1.1. Illustration of two conceptually straightforward approaches to low-dose CT. In sparse-view CT
(center) the number of angular positions from which X-ray projections are acquired is reduced (hence increasing
the angular increment between two neighboring projections). Alternatively, one may decrease the tube current
while still acquiring the full set of projections (right). Compared to a standard-dose acquisition (left), both
approaches lead to artifacts in the reconstructed images (bottom row) which can impair their diagnostic value.
C = —-300HU, W = 1500 HU.

the number of angular positions from which X-ray projections are acquired, referred to as sparse-
view CT! (Fig. 1.1). However, both approaches lead to artifacts in the reconstructed images,

which can impair their diagnostic value in many clinical settings [24, 25].

To mitigate these and other artifacts (e.g., caused by metal or scatter) in CT a variety of
classical algorithms have been developed. Most notable among these are iterative reconstruction
(IR) algorithms, which outperform analytical filtered backprojection (FBP) by incorporating
prior knowledge into an iterative reconstruction loop. This prior knowledge can be about e.g., the
acquisition process [26, 27, 28, 29, 30] or the object that is being imaged [31, 32]. However, these
algorithms are often computationally expensive, and require careful hyperparameter selection,

limiting their use in clinical practice.

With the advent of deep learning, a new class of algorithms for CT image reconstruction has
emerged that revolutionized the field. These algorithms can broadly be categorized into three
groups: The first two groups consist of algorithms that perform some pre- or post-processing
using deep neural networks (DNNs) to reduce artifacts in raw-data (sinogram) domain or image
domain, while still relying on classical algorithms for the main reconstruction task [33, 34, 35, 36,

37, 38, 39, 40]. The third group consists of algorithms that perform the main reconstruction task

1 Note that sparse-view acquisitions are not straightforward to implement in practice and are not yet available

in commercial CT scanners.
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entirely using some DNN [41, 42, 43]. Besides these, DNNs have been used to optimize multiple
other aspects of the imaging pipeline such as image registration [44], dose estimation [45, 46,
47], or tube current modulation [48, 49]. However, the use of DNNs in medical imaging also
comes with its own set of challenges, three of which will be discussed in the following.

Scarcity of data: Due to their large number of parameters, modern DNNs require large
amounts of (usually paired) data to be trained effectively. However, in the medical domain,
such data are often scarce due to privacy concerns, the rarity of certain conditions, or the high
cost of annotations [50]. In medical imaging, this problem is further exacerbated, as paired data,
with and without artifacts, are rarely available at all. E.g., in LDCT, patients are typically not
allowed to undergo multiple scans at different dose levels, and thus for the training of LDCT
denoising networks on paired data, low-dose acquisitions must be simulated from standard-dose
scans instead [51, 52] (as done for the LDCT reconstructions shown in Fig. 1.1). Similarly, for
the task of metal artifact reduction (MAR), metal and corresponding artifacts must be added
to scans without metal implants via simulation to create paired datasets for training [53, 54].

Interpretability and robustness: Predictions made by DNNs are notoriously difficult to inter-
pret due to their complexity and thus lack of decomposability into intuitively understandable
components [55]. This can clearly be problematic when employed in clinical settings but also
hinder research, where identification of potential failure modes is crucial for the development
of better algorithms [56]. Interpretability can also be seen as a prerequisite for trust in an al-
gorithm’s ability to generalize to real-world data, a property particularly relevant for medical
imaging, where the use of simulated data is common due to the scarcity of (paired) clinical data
(see previous paragraph).

Fair evaluation of models: Another challenge lies in the fair and meaningful evaluation of
DNNs for medical imaging, which is a threefold problem. Firstly, the lack of ground truth for
many clinical tasks makes quantitative evaluation difficult or impossible, forcing researchers to
rely on qualitative assessment instead. Secondly, many existing quantitative measures for image
quality assessment (IQA) are not in agreement with human readers, which are considered the
gold standard for IQA of medical images [57, 58, 59, 60]. However, conducting such reader
studies is expensive and time-consuming, and thus often not feasible [61]. Even if feasible,
it remains subjective and prevents the comparison of algorithms across different studies [62].
Thirdly, the lack of standardized openly available data for many tasks due to privacy concerns
or proprietary interests makes it often difficult to reproduce results and compare algorithms
across different studies even if open-source code is available.

The three projects presented in this thesis address each of the previously described chal-
lenges. The first project (Chapter 2) focuses on the fair evaluation of DNN-based LDCT image
denoising algorithms by introducing a novel benchmark framework. The second project (Chap-
ter 3) addresses the interpretability and robustness of DNNs for LDCT image denoising by
investigating their invariances (i.e., what they learned to represent and what to ignore). The
third project (Chapter 4) tackles the scarcity of data for deep learning-based digital subtraction
angiography (DSA) by simulating paired training data.
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The structure of this cumulative thesis is as follows: In the following chapters, the three
projects are presented (Chapters 2 to 4). For each project we first provide a brief summary
of the work, followed by the respective paper for the interested reader. We then discuss our
projects and how they addressed the aforementioned challenges with DNNs for medical imaging
in Chapter 5 and conclude with a summary in Chapter 6. In Appendix A to C, we also provide

the supplementary materials of each of the papers.



Chapter 2

Benchmarking Low-Dose CT

Denoising Networks

E. Eulig, B. Ommer, and M. Kachelrie}. “Benchmarking Deep Learning-Based Low-
Dose CT Image Denoising Algorithms”. In: Medical Physics 51.12 (2024), pp. 8776—
8788

N this chapter our work on benchmarking deep learning-based LDCT image denoising al-
gorithms is presented. We begin with a brief summary of our work in Sec. 2.1. The full

paper [63] is then presented in Sec. 2.2.

2.1 Summary

2.1.1 Introduction

Reducing the dose and thus potential radiation risk associated with a CT exam is one of the pri-
mary research areas in the field (c.f. Chapter 1). While there exist many different hardware- and
software-based approaches to this (e.g., automatic exposure control, tube current modulation,
bowtie filters [64]), LDCT by means of reducing the tube current is probably the most straight-
forward approach. However, the variance of the noise in the reconstructed image is inversely
proportional to the tube current (which in turn is proportional to the number of X-ray quanta
measured at the detector) [65], thus potentially impairing the diagnostic value of the image. In
recent years, deep learning-based algorithms to reduce the noise in such LDCT images showed
great potential over classical algorithms due to superior image quality [24, 66] and possibly re-
duced computational burden. This led to a plethora of new algorithms being proposed, many
of which claim to outperform the previous state-of-the-art.

In this work, we identified four main flaws in the experimental setup of many of these studies
that limit the comparability and reproducibility of the results and their claimed improvements
(Fig. 2.1):
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Figure taken from [63].

1. Different datasets: The lack of unified benchmark datasets (including unified training, val-
idation, and test sets) makes it difficult to compare the performance of different algorithms.
This also means that results presented in papers are often not reproducible as the training data

(splits) remain unknown, even if the underlying dataset is publicly available.

2. Unfair hyperparameters: Most studies do not perform a rigorous hyperparameter' optimiza-
tion, leading to possibly suboptimal performance of the comparison methods as well as of the
proposed method. This is particularly problematic given the use of different datasets (see pre-

vious point), as the optimal hyperparameters of a method may vary between datasets.

3. Missing open-source implementations: The absence of open-source implementations for many
algorithms often forces researchers to implement and validate the comparison methods them-

selves. This can lead to errors and biases, compromising the validity of experimental results.

4. Inadequate evaluation metrics: The performance of DNNs for LDCT image denoising is
commonly evaluated using full-reference (objective) IQA metrics such as root mean squared
error (RMSE), peak signal-to-noise ratio (PSNR), or structural similarity index measure (SSIM).
However, these metrics typically do not correlate well with human readers, thus limiting their
clinical relevance [58, 60, 59]. Very few studies include metrics that have been shown to better
correlate with human readers, such as visual information fidelity (VIF) [67, 60, 59], or conduct

reader studies to verify the results.

2.1.2 Methods

To overcome the aforementioned flaws, we proposed a benchmark framework for assessing deep

learning-based LDCT denoising algorithms in a fair and reproducible manner. Our framework

! Hyperparameters typically refer to parameters of the training process (e.g., learning rate or mini-batch size)
that are not learned during the training phase of the algorithm. Note that architectural choices (e.g., number

of layers of a network) are also sometimes considered hyperparameters.
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consists of the following components:

1. Unified dataset: For evaluation, we use the Low Dose CT and Projection Dataset [68], which
includes 150 routine-dose scans of the head, chest, and abdomen. For each scan, the authors
provide simulated low-dose scans by means of noise insertion in the projection domain. We split
the dataset into training, validation, and test sets, and released code to download, preprocess,
and split the data as part of our benchmark suite. This allows for a fair comparison of different

algorithms on the same data.

2. LDCT denoising algorithms: In our benchmark we consider eight popular deep learning-
based LDCT denoising algorithms that have been previously proposed. When open-source
implementations were not available, we implemented and validated the algorithms ourselves and

made the code publicly available.

3. Hyperparameter optimization: To ensure a fair comparison between the different algorithms
we performed a rigorous hyperparameter optimization using sequential model-based optimiza-
tion. In particular, for each algorithm, we first identified hyperparameters and suitable ranges

and then performed a Bayesian optimization to maximize the SSIM on the validation set.

4. FEwvaluation metrics: We evaluated all algorithms using PSNR,, SSIM, and VIF. Additionally,
we introduced a novel metric to evaluate the preservation of radiomic features in the denoised
images by measuring the similarity of radiomic features extracted from the denoised images
to those extracted from the routine-dose scans. We also computed physical metrics such as
contrast-to-noise ratio (CNR) and CT number accuracy to quantify the technical performance

of the algorithms and evaluated the algorithms’ ability to reconstruct lesions.

2.1.3 Results

Using our benchmark suite we evaluated the performance of the eight deep learning-based LDCT
denoising algorithms. We found that most algorithms showed only marginal improvements over
the past six years, with many algorithms performing similarly to RED-CNN [37], one of the
earliest approaches. GAN-based models showed some superiority in preserving radiomic features,
particularly in high-noise settings. However, the newer methods did not consistently outperform
older techniques. The findings suggest a need for more rigorous validation and evaluation in
LDCT denoising research, with the proposed benchmark providing a crucial foundation for

future developments.

2.2 Paper: Benchmarking Deep Learning-Based Low-Dose CT

Image Denoising Algorithms

The following pages contain the full paper [63]. To improve readability, the supplementary

material is provided in Appendix A.
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1 | INTRODUCTION

Bjérn Ommer® |

Marc KachelrieR"*

Abstract

Background: Long-lasting efforts have been made to reduce radiation dose
and thus the potential radiation risk to the patient for computed tomography (CT)
acquisitions without severe deterioration of image quality. To this end, various
techniques have been employed over the years including iterative reconstruction
methods and noise reduction algorithms.

Purpose: Recently, deep learning-based methods for noise reduction became
increasingly popular and a multitude of papers claim ever improving perfor-
mance both quantitatively and qualitatively. However, the lack of a standardized
benchmark setup and inconsistencies in experimental design across studies
hinder the verifiability and reproducibility of reported results.

Methods: In this study, we propose a benchmark setup to overcome those flaws
and improve reproducibility and verifiability of experimental results in the field.
We perform a comprehensive and fair evaluation of several state-of-the-art
methods using this standardized setup.

Results: Our evaluation reveals that most deep learning-based methods show
statistically similar performance, and improvements over the past years have
been marginal at best.

Conclusions: This study highlights the need for a more rigorous and fair evalu-
ation of novel deep learning-based methods for low-dose CT image denoising.
Our benchmark setup is a first and important step towards this direction and
can be used by future researchers to evaluate their algorithms.

KEYWORDS
benchmarking, computed tomography, deep learning, denoising, low-dose

A straightforward approach to reduce dose is by low-
ering the tube current (i.e., reducing the x-ray intensity).

Computed tomography (CT) is an important imaging
modality, with numerous applications including biology,
medicine, and nondestructive testing. However, the use
of ionizing radiation remains a key concern and thus
clinical CT scans must follow the ALARA (as low as rea-
sonably achievable) principle.!2 Therefore, reducing the
dose and thus radiation risk is of utmost importance and
one of the primary research areas in the field.

However, this comes at the cost of deteriorated image
quality due to increased image noise and thus poten-
tially reduced diagnostic value. To alleviate this draw-
back,numerous algorithms have been proposed to solve
the task of low-dose CT (LDCT) denoising, that is, reduc-
ing image noise in the reconstructed image (or volume).

Iterative reconstruction (IR) techniques incorporate
prior knowledge in the reconstruction process and

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.

© 2024 The Author(s). Medical Physics published by Wiley Periodicals LLC on behalf of American Association of Physicists in Medicine.
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then update the reconstructed image iteratively. The
prior knowledge may model statistical properties of the
noise® properties of the object to be reconstructed;*
or parameters of the CT system. While IR techniques
can be used to reduce numerous other artifacts com-
pared to conventional filtered back projection (FBP),
they are computationally expensive, which limits their
clinical applicability. On the other hand, filtering tech-
niques to reduce noise are fast and easy to implement
into various reconstruction frameworks. The filtering
may either be performed in projection domain, image
domain, or both, and using a wide range of algorithms>-°
Recently deep learning-based filtering, particularly in
the image domain, became increasingly popular!'0-22
The majority of the proposed methods learn a map-
ping from low-dose images to high-dose images in a
supervised fashion using a deep neural network (DNN).
Of the numerous proposed methods, most sugges-
tions for improvement alter the network structure, loss
function, or training strategy. Publications often claim
ever improving performance which is commonly demon-
strated by improved image quality metrics (e.g., peak
signal-to-noise ratio, structural similarity) in experiments
on simulated or clinical data.

In this work, we identify several flaws in the experi-
mental setup of such methods which limit the verifiability
of the claimed improvements. These include the lack
of a common benchmark dataset, the use of inade-
quate metrics with little relation to diagnostic value, and
unfair choice of hyperparameters for reference meth-
ods. Reproducibility and verifiability of scientific results,
however, are paramount to scientific advancements of
a field, and thus efforts towards fair benchmarking of
existing and future algorithms are of utmost importance.
To this end, we make the following contributions:

1. We identify multiple flaws in the experimental setup
of previously proposed methods which hinder the
verifiability of their claimed improvements.

2. We propose a benchmark setup' for deep learning-
based LDCT denoising methods, which aims to
overcome those flaws and allows for a fair evaluation
of existing algorithms and those yet to come.

3. In a comprehensive and fair evaluation of several
existing algorithms we find that there has been lit-
tle progress over the past six years and many of the
newer methods perform statistically similar or worse
compared to older ones.

2 | RELATED WORK

In this section, we review existing works on deep
learning-based LDCT denoising and image quality
assessment (IQA) of medical images.

" https://github.com/eeulig/ldct-benchmark

21 | Deep learning-based LDCT
denoising

CT image reconstruction aims at solving the linear
system Rx = p, with p € RM denoting the measure-
ments in projection domain, x € RV being the volume
to be reconstructed, and R € RM*N the Radon trans-
form. LDCT generally aims at reconstructing x using
less dose, which can be for example, accomplished by
lowering the tube current, thus increasing the noise
in p and x, or by lowering the number of measure-
ments M, leading to sparse-view artifacts in x. Since
previous studies indicate that DNN-based correction
of the former can be superior, we here consider the
task of LDCT denoising.2® Based on the domain (p, x,
or both) in which they operate, deep learning-based
methods for LDCT image denoising can be divided into
three categories: projection-domain, image-domain, and
dual-domain.

Projection-domain methods aim to learn a mapping
fy : p’ — p from low-dose projections p’ to high-dose
projections p, where fy- is realized by a DNN, parame-
terized by weights 6. These weights are either optimized
in a supervised setting via

6* = argemin Ep p~prainllfa(p’) = pII , (1

with |- || being some norm?2%2% or unsupervised,
exploiting structural similarities between adjacent
projections?%?7 The denoised projections can then
be reconstructed using either of the standard
reconstruction techniques28-30

Image-domain methods aim to directly learn a map-
ping g4 : X' — x from low-dose images x’ (i.e., images
reconstructed from low-dose projections p’ using FBP)
to high-dose images x. Similar to Equation (1), weights
are typically optimized in a supervised setting, where
the mean-squared error (MSE), or some other pixel- or
feature-based loss between prediction and high-dose
image x is minimized,'0-14.17.1921.22.31 or g is trained
together with a discriminator as a generative adversarial
network (GAN).'>18.20 Notable other works investigate
unsupervised- or self-supervised training strategies, or
leverage the intrinsic image prior of DNNs.32

Lastly, dual-domain methods operate in both domains
x and p simultaneously, by employing two separate net-
works f and g, respectively. Networks are trained either
separately using aforementioned loss functions®3:34 or
in an end-to-end fashion using a differentiable analytical
reconstruction layer3%-37

In this work we focus on image-domain methods
which dominate the research field. This is mainly due to
the abundance of open source datasets, where paired
high- and low-dose images are readily available 3839 In
contrast, projection data are generally proprietary and
thus difficult to access*? The few datasets that provide
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them usually do so only for a (vendor-specific) subset of
the data and handling of them can be cumbersome due
to (hidden) preprocessing steps in the reconstruction
pipeline of the vendor3%4! Many of the principles in the
design of our benchmark setup, however, can be applied
to the evaluation of projection-domain or dual-domain
methods as well.

2.2 | Medical image quality assessment
Common full-reference quantitative measures for nat-
ural image quality assessment include the structural
similarity index measure (SSIM)*2 and peak signal-
to-noise ratio (PSNR). However, these metrics are
usually not in agreement with human readers, which are
considered the gold standard for image quality assess-
ment of medical images 35 These are conducted by
measuring the accuracy of multiple radiologists when
performing some task (e.g., lesion detection or segmen-
tation) using certain images. However, this metric relies,
and is dependent on the definition of a suitable task.
Therefore, the subjective assessment of overall diag-
nostic quality by radiologists is a common alternative
measure*® Nonetheless, since conducting multiple-
reader studies is time-consuming and expensive, most
algorithms for enhancement of medical images are still
evaluated using quantitative metrics such as SSIM or
PSNR.

In refs. [45, 46], the authors find that multiple other
metrics, including the visual information fidelity (VIF)*”
have higher correlation with human reader ratings com-
pared to SSIM and PSNR for both CT and magnetic
resonance (MR) images. Furthermore, notable recent
works investigate the use of radiomic features to pro-
vide a clinically meaningful measure for the quality of
medical images without the drawbacks of human reader
studies*8-50

Moreover, many physical image quality metrics for
evaluating different aspects of the technical perfor-
mance of CT equipment exist such as the modulation
transfer function (MTF), contrast-to-noise ratio (CNR),
noise power spectrum (NPS), and CT number accuracy.
However, these quantities often rest on strong assump-
tions about the imaging system and reconstruction
algorithm such as linearity, shift-invariance, or station-
arity of the noise, many of which are violated for IR
or deep learning-based reconstruction methods>'-54
Another drawback is that these metrics are com-
monly evaluated using phantom measurements, thus
posing an out-of-distribution problem for deep learning-
based methods which are trained exclusively on clinical
data. Even for methods that are trained on a mixture
of phantom and patient data (e.g., GE Healthcare’s
TrueFidelity™?®°), results from phantom measurements
may not be representative of the performance on clinical
data.

3 | FLAWS OF CURRENT EVALUATION
PROTOCOLS

In this section we will outline the main problems with
current evaluation protocols for deep learning-based
image-domain LDCT denoising (see Figure 1 for an
overview).

3.1 | Different datasets

Unlike in many other disciplines of computer vision, par-
ticularly image denoising of natural images,>6-5° there
exist no consensus regarding benchmark datasets for
LDCT denoising. While most methods are trained and
evaluated on the dataset provided as part of the 2016
NIHAAPM-Mayo Clinic LDCT Grand Challenge® or
the subsequently released (significantly larger both in
number of images and anatomical sites) LDCT and Pro-
jection data,®° authors of each method employ their own
training, validation, and test split. Therefore, reported
metrics across publications are not comparable. This
is further exacerbated by the fact that performance of
individual methods differs significantly between different
anatomical sites and images (i.e., axial slices), as shown
by our experiments.

3.2 | Unfair choice of hyperparameters

Very few publications on LDCT denoising meth-
ods report the application of hyperparameter
optimization®'-62 for their own or the considered com-
parison methods. In none of the respective publications
of the algorithms considered in this study, exhaustive
hyperparameter optimization is performed. The 3/s
algorithms that report some form of hyperparameter
optimization limit it to a grid search with few points over

Different Datasets Wrong Implementations
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FIGURE 1 Overview of flaws in the experimental setup of many
deep learning-based LDCT denoising methods, that limit their
verifiability.

Inadequate Metrics
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a single parameter (learning rate),'>'° a subset of the
comparison methods,'® or their own method.'> Often,
authors simply use the hyperparameters reported in
the reference publications.'?31% This is particularly
problematic given the choice of different datasets
(cf. Section 3.1), where hyperparameters optimized
by authors of method A on dataset D, may not be
optimal for the dataset Dg employed by authors B in
their experiments.

3.3 | Missing open source
implementations

With many authors not providing open source imple-
mentations of their algorithms, researchers are often
left to implement comparison methods themselves.
This increases the chances of errors®* Additionally,
changing other aspects (such as the architecture of
comparison methods'®) can further bias experimen-
tal results.

3.4 | Inadequate metrics

Most LDCT denoising methods are evaluated using
SSIM/*2 PSNR, or root-mean-square error (RMSE).
While these are common metrics to quantify perfor-
mance for natural image denoising, they are usually not
in agreement with human readers for medical images
(cf. Section 2.2), making it difficult to assess the extent
to which the reported improvements actually translate
into clinical benefits. This could be improved by the
use of quantitative measures that are more suited for
medical images (e.g., VIF), or experiments using human
reader studies. In the respective publications of the eight
algorithms considered in this study, however, most are
evaluated using SSIM, RMSE, and PSNR only. Better
metrics such as VIF or reader studies are employed in
three publications only.

4 | BENCHMARK SETUP

In the following we present a benchmark setup to
overcome the flaws of current evaluation protocols, as
outlined in Section 3 that allows for a fair and clinically
meaningful evaluation of DNNs for LDCT denoising.

4.1 | Dataset

For our benchmark setup we utilize the publicly avail-
able Low dose CT and Projection Dataset*® comprising
a total of 150 scans of abdomen, head, and chest,
(50 scans for each exam type) at routine dose lev-
els. For each scan, simulated low-dose reconstructions

(by means of noise insertion in the projection domain)
at 25% dose for abdomen/head and 10% dose for
chest, are available. For each exam type separately,
data are split in 70%/20%/10% training/validation/test
set and then linearly normalized to have zero mean, unit
variance. Future studies might consider treating data
normalization as an additional hyperparameter®® Dur-
ing training, we employ a weighted sampling scheme
such that slices from each exam type and patient are
sampled with equal probability. During testing, we reduce
each scan to axial regions where the brain is present
(for head scans), the lung is present (for chest scans),
or the lung is not present (abdomen). We did not apply
any data augmentation to the training data as we did
not observe overfitting in our experiments for any of the
methods. The code to reproduce exact dataset splits and
all preprocessing is included in our benchmark suite.

4.2 | LDCT denoising algorithms
We consider eight DNN-based LDCT denoising algo-
rithms proposed in the literature over the past six years.
In the following we briefly describe each of the meth-
ods and refer the reader to the respective publications
for more details. CNN-10" is a simple three layer CNN,
trained to minimize the MSE between network output
and high-dose targets. RED-CNN'2 and ResNet®' are
trained in the same fashion but employ deeper net-
work architectures with residual connections compared
to CNN-10. WGAN-VGG?° and DU-GAN'® are trained
in an adversarial fashion %667 where DU-GAN utilizes a
U-net based discriminator®® QAE'® is based on RED-
CNN in both network architecture and training scheme,
but employs quadratic convolutions. TransCT?2 is based
on transformer blocks and also trained with an MSE loss.
Bilateral'® uses a trainable bilateral filter instead of a
DNN, and thus substantially reduces the amount of free
model parameters.

In Appendix A, we provide details on our implementa-
tion and verification of each of the algorithms.

4.3 | Hyperparameter optimization

As discussed in Section 3.2, for none of the methods
a rigorous hyperparameter optimization was employed
in the original publications. To ensure a fair comparison
between different algorithms we optimize hyperparame-
ters as follows. For each method we first identify hyper-
parameters and their suitable ranges. This includes gen-
eral parameters such as learning rate, mini-batch size,
patchsize and number of iterations, but also weighting
factors in the loss functions (e.g., to balance adversarial
and pixelwise loss in a GAN setting). Suitable ranges
were determined from the respective papers (with
sufficient margin) and whenever two methods had the
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TABLE 1 Hyperparameters for all deep-learning based LDCT
denoising methods considered in this study.

Parameter Prior

log V(1 x 105, 0.01)
V(1 x 108, 1 x 105)

All algorithms Learning rate

Maximum iterations

Mini-batch size U'(2,128)
CNN-10"° Patchsize (32, 128)
RED-CNN'2 Patchsize (32, 128)
WGAN-VGG?° B4 of Adam 17(0.3,0.9)
Loss weight: Aperceptual v(0,1)
Critic updates v(1,5)
Patchsize U'(32,128)
ResNet3! Patchsize (32, 128)
QAE™ Patchsize (32, 128)
DU-GAN'® B4 of Adam 17(0.3,0.9)
Cutmix warmup (0,1 10%)
Loss weight: 2,4y v(0,1)
Loss weight: Acm (0, 10)
Loss weight: Apx grad (0, 40)
Critic updates v(1,5)
Patchsize (32, 128)
TransCT?? — —
Bilateral? Learning rate for o, log /(1 x 107°,0.01)
Patchsize U°(32,128)
Initalization for o, v(0,1)
Initalization for o, , U(0,1)

Note: The first three parameters are optimized for all algorithms (separately).
Abbreviations: U': uniform distribution; log 7/: log-uniform distribution.

same hyperparameter (e.g., learning rate or patchsize),
we kept the prior distribution over the search space the
same. All hyperparameters and their respective prior
distributions are reported in Table 1. For each method,
we then performed a black box hyperparameter tuning
using sequential-model based optimization (SMBO).
Such an automatic approach is preferred over manual
(human) optimization as it avoids any potential bias by
the practitioner, thus ensuring fair comparison of dif-
ferent models. Furthermore, SMBO has been shown to
outperform both human optimization and non-sequential
optimization schemes like grid search or random search
on a variety of DNN and dataset combinations 5163

Let t; :{f,, D" 1} - 6* denote the outcome of
some training run of network f on training data D"
using hyperparameters 1. The aim of hyperparameter
optimization is to find an optimial set of hyperparame-
ters 1%, that is,

A= arg;nax Eyy~pva [M(y, i, (x))]

=argmax ¥Y(1), (2)
2

where M is some metric and D@ the validation dataset
(not used during t;). Since evaluating ¥(1) is expensive,
requiring a full training run f;, one uses a probabilis-
tic model py, here constructed via Gaussian processes,
as a surrogate for W. For each iteration in the optimiza-
tion process, we then find the most promising next point
A, to run the costly evaluation ¥(1) for, by maximizing
some acquisition function. In our experiments we used
the expected improvement (EI)®" as acquisition function:

EI(A, ") = / max(z — ¥*, 0) py(zlA)dz,  (3)

where ¥* refers to the expectation of M on the valida-
tion data for the best set of hyperparameters found so
far (i.e., the one that maximizes the rh.s. of Equation 2
up to now). As metric M that is optimized by the hyperpa-
rameter optimization, we used the SSIM for all networks.
Optimizing the SSIM is favorable over other measures,
since it is fast to compute, unlike for example, VIF, and not
directly involved in the training process t; of any of the
methods considered in this study (unlike e.g., RMSE).
Further, note that for methods using a vanilla GAN loss,
for example, ref. [15], simply minimizing the validation
loss would not be suitable as it is not directly related to
training progress. For each method, we perform 50 iter-
ations of SMBO, sufficient to ensure convergence for all
algorithms, as verified by our experiments.

After an optimal set of hyperparameters 1* was found,
we retrained a method using 1* 10 times with different
random seeds. If not stated otherwise, all reported stan-
dard deviations and significance tests (to compare two
methods) are computed over those 10 training runs.

44 | Metrics
We evaluate all methods on the same test set compris-
ing a total of 15 scans (5 head/chest/abdomen) using
three common full-reference measures of image quality:
SSIM, PSNR?, and VIF As described in Section 3.4, both
SSIM and PSNR are common metrics to evaluate DNNs
for LDCT denoising. We include VIF, since it has been
shown to have higher correlation with human readers
for medical images.*>46

Conducting human reader studies is time-consuming
and expensive and would render the application of the
proposed benchmark setup to future algorithms impos-
sible. To nevertheless evaluate the algorithms in terms
of clinically relevant image properties, we include an
analysis of radiomic features. To this end, we com-
pare the similarity of radiomic features extracted on the
denoised images to those extracted on the high-dose
image.

2 We here omit evaluation of RMSE since it is related to the PSNR via PSNR =
20109 (Imax/RMSE), with /,a, being the maximum pixel value.
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FIGURE 2 Evolution of relative deviation from best setting over
the 50 iterations of Bayesian hyperparameter optimization. For each
iteration i we show the relative deviation of the best network up to i
from the final best configuration of hyperparameters (over all 50
iterations).

Definition 1 (Radiomic feature similarity). Let
cos(x, y) be the cosine similarity between two vectors
xandy:

X-y

Cos(X Y) = iyl ° “)

Further, let A= {0, 1, 2, ..., n}, with n being the number
of algorithms considered, and index 0 being associ-

ated with the high-dose image. We denote with RE?

the radiomic feature j € {1, 2, ..., J} extracted on scan s
associated with algorithm i € A. In order to get a task-
agnostic metric, we assign an equal a-priori importance
to each feature by normalizing

R — maxR®

(s) _ ixj keA kxj (5)
ij (s) o(s)

maxR;”; — minR”;

keA ki keA ki

The radiomic feature similarity RFSES) of algorithm i =
1, ..., n on some scan s is then given as

RFS =cos (r%,i), 1 = (RS, .RY). ©

Radiomic features are commonly extracted on seg-
mentations of tumors or entire organs. On the high-
dose scans of the test data, we therefore segment
the following organs using the TotalSegmentator®®:
lung on chest scans, liver on abdomen scans, and
brain on head scans. This segmentation mask is
then used for subsequent extraction of 91 radiomic
features® using PyRadiomics./? Note, that because
the same segmentation (on high-dose scans) is
used for all algorithms, shape-based features (e.g.,
voxel volume) were excluded for computation of
the RFS.

3 This includes features from the following classes (# of features): first order
statistics (18), gray level co-occurrence matrix (24), gray level run length matrix
(16), gray level size zone matrix (16), neighboring gray tone difference matrix (4),
and gray level dependence matrix (13).

Furthermore, we evaluate the algorithms in terms of
their ability to reconstruct lesions and using classical
image quality metrics for CT (Sections 5.5 and 5.6).

4.5 | LDCT-hard benchmark dataset

In our experiments we find that the performance of all
algorithms varies greatly, both between different exam
types and images of the same exam type. The latter
observation motivates us to derive a novel collection
of test datasets, each of which being a subset of the
Low-dose CT and Projection Dataset3° We refer to
LDCT-hard-q%, as the subset containing the g% slices
with lowest average SSIM across all evaluated methods.
To not underrepresent anatomies for which methods
achieve generally higher SSIMs (e.g., head), this subset
is collected for each exam type separately.

5 | RESULTS

5.1 | Hyperparameter optimization

We first verify that all methods converged within the
50 iterations of Bayesian hyperparameter optimization
(Figure 2). To this end, we evaluate for each method and
iteration i the relative deviation RelDev; from the best
setting w.r.t. the SSIM on the validation set

manS,' SS'MJ

RelDev; = 1 — .
e max; SSIM;

()

We find that hyperparameter optimization for most of
the methods converged within the first 40 iterations and
none of the methods improved in the last five iterations
(cf. intercept with x-axis in Figure 2). For all methods
RelDev;>30 < 0.5%.

5.2 | Evaluation using standard image
quality metrics

We then evaluate all algorithms using the following
image quality metrics: SSIM, PSNR, and VIF (Table 2).
For each method, we test if it performs significantly bet-
ter or worse than the previously published best method,
using the nonparametric Mann-Whitney U test’! with
significance level « = 5%. While we find that ResNet sig-
nificantly outperforms previous methods on the chest
data, none of the newer methods consistently outper-
forms RED-CNN, one of the earliest deep learning-
based methods for LDCT denoising (cf. bold numbers in
Table 2). On the contrary, for many configurations newer
methods perform significantly worse than RED-CNN (cf.
italic numbers in Table 2). In particular, we find that the
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TABLE 2 Quantitative evaluation using the metrics SSIM, PSNR, and VIF.

Chest (10% dose) Abdomen (25% dose) Head (25% dose)

SSIM PSNR(dB)  VIF SSIM PSNR (dB)  VIF SSIM PSNR (dB)  VIF Rank
LD 0.34 18.77 0.09 0.84 28.67 0.34 0.88 26.4 0.55 9
CNN-10 0.5867 + 0.0006 27.71 + 0.02 0.1915 + 0.0008  0.896 + 0.001 324 + 01  0.449 + 0.003 0.896 + 0.004 289 + 0.6 0.620 + 0.006 3
RED-CNN 0.609 + 0.002 28.36 + 0.03  0.221 + 0.003  0.9028 + 0.0007 33.22 + 0.07 0.491 + 0.008 0.904 + 0.001  30.4 + 0.2  0.69 + 0.01 1
WGAN-VGG 0.51 + 0.03 255+ 0.2 0.148 + 0.004 0.882 + 0.002 305+ 0.9 0.38 + 0.01 0.88 + 0.02 25+ 3 053+ 002 6F
ResNet 0.610 + 0.001  28.42 + 0.03  0.224 + 0.002 0.901 + 0.002 3315+ 0.08 0.487 + 0.006 0.9017 + 0.005  29.6 + 0.8  0.67 + 0.02 2
QAE 0.584 + 0.003  27.62 + 0.09  0.186 + 0.003 0.894 + 0.002 320+ 02 0418 + 0.007 0.899 + 0.001 285+ 0.3 0594 + 0.008 5
DU-GAN 0.565 + 0.004 26.7 + 0.1 0.168 + 0.002 0.894 + 0.002 321+ 03 0427 + 0.005 0.903 + 0.003 29+ 1 0.622 + 0.005 4
TransCT 0.563 + 0.002  26.99 + 0.05  0.167 + 0.002 0.877 + 0.003 305+ 02 0372+ 0007 0849 + 0.005 24.7 + 0.4 0.44 + 0.01 6"
Bilateral 0.555 + 0.001 2559 + 0.04  0.159 + 0.002 0.859 + 0.003 271+ 01 03671+ 0003 0873+ 0.002 266+ 01 0500+ 0.004 8

Note: We highlighted a metric in bold, if it is significantly better than the previously published best method on that anatomy. Likewise, we highlighted a metric in italics, if it is significantly worse

than the previously published best method on that anatomy. The rank column (last column) is the competition ranking over all anatomies and metrics. We indicate a tie with .

Lung

FIGURE 3 Contour plots of automatic segmentations for three
high-dose scans of the test set of lung, liver, and brain. Radiomic
features were extracted within these segmentations for low- and
high-dose as well as all denoised volumes.

two newest methods considered in this study (TransCT
and Bilateral) perform significantly worse w.r.t. all metrics
and exam types compared to RED-CNN. Remarkably,
they even perform significantly worse compared to the
low-dose scan on few metric and exam type combi-
nations (e.g., TransCT on head scans for all metrics;
Bilateral on abdomen scans for PSNR).

5.3 | Evaluation using radiomic feature
similarity

We further evaluate all algorithms using the radiomic
feature similarity in order to better assess whether the
differences observed in the previous section translate
to clinical features.

In Figure 3 we show contour plots of the automatic
segmentations of the brain, lung, and liver for three
high-dose scans of the test set. We visually verify that
segmentations are reasonably good for all 15 scans in
the test set. Those segmentation masks are then used
to extract radiomic features for all low- and high-dose,
as well as all denoised volumes of the test set. Using
the same segmentation mask for subsequent radiomic
feature extraction of all algorithms ensures a fair com-
parison, despite possible small errors produced by the
automatic segmentation pipeline.

X Low Dose Il WGAN-VGG (2017) E=3 DU-GAN (2021)
3 CNN-10 (2017) = ResNet (2018) [ TransCT (2021)
Il RED-CNN (2017) EEE QAE (2019) 3 Bilateral (2022)
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FIGURE 4 Radiomic feature similarity for different exam types
and methods. Individual samples correspond to mean RFS over all
scans of an anatomy for a single trained network. Box plots were
then drawn over the 10 training runs with different random seeds (cf.
Section 4.3.).

Upon evaluation of the radiomic feature similarity
(Table 3 and Figure 4), we find that radiomic features
extracted for all denoising methods are significantly
more similar to those extracted on the high-dose scan,
compared to features extracted on the low-dose scan,
with Bilateral on lung data being the only exception.
We also find that contrary to our findings using stan-
dard image quality metrics, RED-CNN is outperformed
by numerous other algorithms, including the (older)
CNN-10, and newer algorithms such as WGAN-VGG
and QAE. Remarkably, the two GAN-based algorithms
WGAN-VGG and DUGAN outperform all other algo-
rithms on the lung data by a large margin. We hypothe-
size that this is due to the lower dose (10% vs. 25% for all
other anatomies) on that data and the ability of GANs to
produce more realistic noise textures in high-ambiguity
settings compared to methods trained with standard
pixelwise loss functions.”? Nonetheless, we do not find
newer algorithms to consistently outperform older ones,
and particularly the two newest algorithms considered
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TABLE 3 Quantitative evaluation using the radiomic feature similarity.

Lung Liver Brain Rank
LD 0.7 0.75 0.71 9
CNN-10 (2017) 0.800 + 0.009 0.88 + 0.02 0.94 + 0.02 4f
RED-CNN (2017) 0.76 + 0.02 0.80 + 0.04 0.95 + 0.02 6
WGAN-VGG (2017) 0.98 + 0.01 0.92 + 0.05 0.86 + 0.07 4f
ResNet (2018) 0.75 + 0.02 0.79 + 0.06 0.91 + 0.05 7
QAE (2019) 0.83 + 0.02 0.96 + 0.01 0.95 + 0.02 2
DU-GAN (2021) 0.965 + 0.007 0.967 + 0.008 0.94 + 0.08 1
TransCT (2021) 0.83 + 0.01 0.92 + 0.01 0.88 + 0.04 3
Bilateral (2022) 0.64 + 0.01 0.87 + 0.02 0.873 + 0.006 8

Note: Bold numbers indicate that a method is significantly better than the previously published best method on that anatomy. Likewise, italics indicate that it is
significantly worse. The rank column (last column) is the competition ranking over all anatomies and metrics. We indicate a tie with 7.

in our study (TransCT and Bilateral) perform signifi-
cantly worse w.r.t.radiomic feature similarity of all organs
compared to older methods. Figure 5 shows qualitative
results for the slices from the test dataset for which the
average SSIM over all methods is lowest (—) and highest
(+), respectively. As can be seen, for each anatomy, the
slice maximizing the average SSIM is the one where the
cross sectional area of the patient is small, thus reducing
the noise in the low-dose image.

5.4 | Evaluation on LDCT-hard datasets
Figure 6 shows the performance of individual methods
for increasingly hard subsets of the training data (i.e.,
smaller g). We find a strong correlation between metrics
for each method and the low-dose scan. Although not
surprising, this indicates that methods perform increas-
ingly worse for increasing deviations of the low-dose
scan from the high-dose scan. Additionally, the ranking
among methods remains mostly invariant to g, and thus
we conclude that all methods are similar in terms of
their robustness to different amounts of deterioration of
the low-dose scan. Remarkably, WGAN-VGG, having a
lower VIF and PSNR compared to the low-dose scan
on head exams for the regular test set (corresponding
to g = 100%), has a higher VIF and PSNR compared
to the low-dose scan for more difficult slices (g < 16%
for VIF, g < 40% for PSNR). This may be explained by
the aforementioned ability of GANs to produce more
realistic results in high-ambiguity settings compared to
networks trained in a pixelwise fashion.

5.5 | Evaluation on lesions

The main downstream task for clinical low-dose CT is
the detection and diagnosis of lesions. To better assess
whether the denoising algorithms improve performance
on this downstream task compared to low-dose recon-

structions we utilize the lesion annotations provided with
the LDCT Image and Projection dataset° For our test
set there exist a total of eleven annotations covering
all three exam types and six different diagnosis. For
each of these lesions we compute the RMSE and PSNR
compared to the high-dose reconstruction within the
bounding-box surrounding the lesion (Table 4).

Here, we find that all methods have lower devia-
tions from the ground truth compared to the low-dose
reconstruction. We also find that the ranking mostly
agrees with the ranking based on standard image qual-
ity metrics (cf. Table 2) and in particular w.rt. the three
best performing methods (RED-CNN > ResNet > CNN-
10) both rankings agree. We provide reconstruction
results for all lesions and algorithms in the Appendix,
Figures C.4 to C.6.

5.6 | Evaluation using physical CT IQA
metrics

We also analyzed the algorithms using physical image
quality metrics, a common way to evaluate the technical
performance of CT systems. A discussion on the lim-
itations of these metrics is provided in Section 2.2. In
particular, we perform all evaluations using patient scans
of the test set instead of phantom measurements to
avoid an out-of-distribution setting. In the following, we
provide the main results of this evaluation and refer to
Appendix D for additional results.

Contrast-to-noise ratio for liver lesion:

To evaluate the algorithms’ capability to recover low-
contrast structures, we compute the CNR for one liver
lesion of the test set (cf. Section 5.5 and Figure C.5,
lesion #5). To this end, we place one circular region of
interest (ROI) in the lesion and one in the surrounding
homogeneous liver tissue. Here we find that all methods
improve the CNR compared to the low-dose reconstruc-
tion (Table 5). Remarkably, most methods improve the
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Chest Abdomen Head
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Dose

Low
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CNN-10
(2017)
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WGAN-VGG
(2017)
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(2018)

QAE
(2019)

DU-GAN
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TransCT
(2021)
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(2022)

FIGURE 5 Bestviewed zoomed in. Slices from the test dataset, for which the average SSIM over all methods is lowest (—) and highest (+).
For each method, we show results for the best performing network (over the 10 random trials), that is, network having the highest SSIM on the

validation data.
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TABLE 4 Quantitative evaluation of the algorithms ability to reconstruct lesions for the three anatomies, averaged over lesions.

Chest (10% dose)

Abdomen (25% dose)

Head (25% dose)

PSNR (dB) RMSE (HU) PSNR (dB) RMSE (HU) PSNR (dB) RMSE (HU) Rank
LD 9.67 169.21 12.39 23.68 9.76 8.43 9
CNN-10 (2017) 132 73.24 14.59 14.23 11.89 5.15 3
RED-CNN (2017) 13.36 71.98 14.87 13.39 12.28 4.74 1
WGAN-VGG (2017) 12.11 94.79 14.02 16.41 10.65 6.85 8
ResNet (2018) 13.28 73.15 14.82 13.53 12.1 4.92 2
QAE (2019) 12.94 77.93 14.2 15.54 11.28 5.93 6
DU-GAN (2021) 13.04 76.27 14.46 14.73 11.06 6.23 5
TransCT (2021) 13.04 82.57 14.41 14.94 11.12 6.12 6
Bilateral (2022) 12.6 84.53 14.72 13.92 12.05 4.98 4

Note: We indicate the best performing method for an anatomy and metric in bold. The rank column (last column) is the competition ranking over all anatomies and

metrics. We indicate a tie with'.
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TABLE 5 Quantitative evaluation of the CNR for one liver
metastasis (#5 in Figure C.5).
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FIGURE 6 Evaluation of all methods for LDCT-hard-q% for

different values of q (right is smaller). For some settings and
anatomies, methods perform up to 50% worse for small q. The
regular test set corresponds to g = 100%. Errorbars were omitted to
improve visibility.

CNR even compared to the high-dose reconstruction
which is likely due to the pixelwise loss, which smooths
the image and thus reduces noise.

CT number accuracies:

We also evaluate the algorithms’ ability to recover the
CT numbers of the high-dose reconstruction. To this
end, we place five ROIs each for three of the chest
exams in muscle tissue and compute the mean CT
number for each reconstruction and ROI. We then com-
pute the absolute deviation from the mean CT number
of the high-dose reconstruction and show the results
in Figure 7. The mean CT number over all ROIs of

12.5 o
10.0

7.5 o

2 ] = Bl =

Absolute CT number deviation

FIGURE 7 CT number accuracy over 15 ROls in muscle tissue
of chest exams. Statistical significance is indicated with
s p < 0.05, sx: p < 0.01, =sx: p < 0.001.

the high-dose scans is 49.76 + 6.30 HU. We find that
three of the eight algorithms (RED-CNN, ResNet, and
Bilateral) perform significantly better than the low-dose
reconstruction in recovering the CT numbers of the
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high-dose reconstruction with RED-CNN achieving the
lowest mean deviation with 1.58 + 1.19 HU. Significance
was tested using a Wilcoxon signed-rank test. The two
GAN-based methods (WGAN-VGG and DU-GAN) per-
form worst in this regard, which can be attributed to
the fact that they are not trained exclusively using a
pixelwise loss and adversarial losses do not directly
enforce gray value consistency.

Line profile analysis:

The spatial resolution of an imaging system is com-
monly evaluated using the MTFE. However, since the
MTF is not well-defined for nonlinear algorithms and the
task transfer function (TTF) requires phantom measure-
ments, we perform an assessment of the algorithms’
ability to recover sharp edges in the image using line
profiles. Here we find that while all algorithms reduce
the noise compared to the LD reconstruction and stay
closer to the high-dose reconstruction, some algorithms
fail to recover sharp edges in the line profile. We pro-
vide the line profiles and additional details in Figure D.7
and Appendix D.

6 | DISCUSSION
In this study, we revisited some of the numerous pro-
posed deep learning-based algorithms for low-dose
CT image denoising. We discovered several limitations
in the experimental setups of these methods that
hinder the verifiability of their claimed improvements.
To overcome these challenges, we proposed a novel
benchmark setup that promotes fair and reproducible
evaluations. The setup comprises a unified data pre-
processing, rigorous hyperparameter optimization, and
evaluation using various metrics, including a novel
metric that measures the similarity of radiomic features
between the denoised volume and the high-dose scan.
Upon evaluation of eight deep learning-based denois-
ing algorithms proposed over the past six years, we find
that there has been little progress. Particularly, when
evaluated using standard image quality measures such
as SSIM and PSNR, we find that no method consistently
outperforms one of the earliest methods, RED-CNN.
When evaluated using the radiomic feature similar-
ity, we find that algorithms trained with an adversarial
loss significantly outperform methods trained with pixel-
wise losses on some data, indicating that the radiomic
feature similarity provides useful information beyond
standard, nonclinical image quality metrics. Nonethe-
less, the newest algorithms considered in our study fail
to consistently outperform older ones. An evaluation
on lesion annotations and using physical image qual-
ity assessment metrics leads to the same conclusion.
We also evaluated all methods on subsets of the test
data consisting of increasingly difficult slices and find

that methods are similarly robust to different amounts
of deterioration of the low-dose scan.

We note that our evaluation mainly focused on distor-
tion (full-reference) measures’® and that the hyperpa-
rameter optimization is limited to a single such distortion
measure, the SSIM. Future work should consider includ-
ing more perceptual measures (e.g., based on feature
maps of DNNSs) both for hyperparameter optimization
and subsequent evaluation of the algorithms. This is par-
ticularly important, given the recent shift towards using
more perceptual loss functions in the field. Other pos-
sible extensions include evaluation of more algorithms
including score-based methods’*"® and methods that
leverage multiple axial slices’*"” as well as training
and/or evaluation on more datasets, particularly those
that contain lesion annotations.

Similar to “reality checks” in related fields,’"° our
study highlights the need for a more rigorous and
fair evaluation of novel deep learning-based denoising
methods for low-dose CT image denoising. We believe
that our benchmark setup is a first and important step
towards this direction and will help to develop novel and
better algorithms.
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Chapter 3

Invariances of Low-Dose CT

Denoising Networks

E. Eulig, F. Jager, J. Maier, B. Ommer, and M. Kachelriefl. “Reconstructing and
Analyzing the Invariances of Low-Dose CT Image Denoising Networks”. In: Medical
Physics 52.1 (2025), pp. 188-200

HIS chapter presents our work on reconstructing and analyzing the invariances of LDCT
image denoising networks. We first summarize it in Sec. 3.1 and provide the full paper
[69] in the subsequent Sec. 3.2.

3.1 Summary

3.1.1 Introduction

Similar to the project discussed in the previous chapter (Chapter 2), this project is concerned
with evaluating deep learning-based LDCT image denoising algorithms. However, instead of
focusing on the performance (in terms of quantitative image measures) of these algorithms,
we here aim to analyze the invariances that these algorithms have. Invariances are a crucial
property of any machine learning (ML) model and are defined as transformations of the input
data that do not change the prediction of the model.

In most cases, such invariances are a desired property of a model, allowing them to model
non-injective functions. E.g., for most applications, an object classifier should be invariant to
translations of this object within the input image as this does not change the object’s identity.
For the task of LDCT image denoising, such desired invariances would be the invariance to noise,
or streak artifacts in the image. Besides desired invariances, models can also have undesired
invariances, which can lead to biases in the model predictions. An undesired invariance of a
LDCT image denoising network could be the invariance to specific anatomical structures, which

could lead to the removal or hallucination of diagnostic features in the image.
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A Figure 3.1. Pipeline to reconstruct invariances of LDCT image denoising networks. We first train (a)
the denoising network fy to map low-dose images = to high-dose images y @, (b) a variational autoencoder
(VAE) to learn a complete representation of a low-dose image x(i), conditional on the denoised image gj(i), and
(c) a conditional invertible neural network (cINN) to disentangle the invariances of the denoising network fo.
To generate invariance images we sample from the invariance distribution p(v) and first apply the inverse of
the cINN and then the decoder of the VAE. Solid arrows represent inputs/outputs to modules, dotted arrows
represent conditional inputs to a module. We indicate points where loss functions £ are calculated using @ L .
Figure taken from [69].

Identifying and analyzing the invariances of a model can provide insights into the model’s
behavior and can help to identify potential biases or limitations of the model or the training
data. This is important to improve the interpretability and robustness of deep learning-based
methods for medical imaging in general and LDCT image denoising, a prevalent application of
DNNs for medical imaging, in particular.

Our method to reconstruct the invariances is based on previous work by Rombach et al. [70],
who reconstructed the invariances of image classification networks. In this work, we adapted
their method to the task of LDCT image denoising, developed suitable methods to analyze the
reconstructed invariances, and used the resulting framework to evaluate four popular LDCT

image denoising networks in terms of their invariances.

3.1.2 Methods

Our pipeline to reconstruct invariances of LDCT image denoising networks comprises a training
and inference phase. An overview is provided in Fig. 3.1.

In the training phase, we first train some DNN fy, with 6 being its parameters, to denoise
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A Figure 3.2. Proposed methods to analyze sampled invariances. (a) based on the embedding of an unconditional

VAE, and (b) based on an embedding learned via deep metric learning. Figure from [69].

LDCT images = (Fig. 3.1, (a)). Typically, these networks are trained by minimizing some
pixelwise or adversarial loss £ipcr between network predictions (9 = fy (IL‘(i)) and ground
truth high-dose images y. We then use the predictions from this network as conditional input
to a VAE Dy, o E,, that is trained to reconstruct low-dose images (Fig. 3.1, (b)). As any VAE,
this network is trained by minimizing a combination of a reconstruction loss Lrec in image
space and a Kullback-Leibler (KL) divergence Lxi, in latent space 29 = E,(2|§()). The
conditional input from the denoising network allows the VAE to focus on information in the
input image that are not contained in the denoised image §(* already. In our experiments, we
find that this improves the data representation compared to an unconditional VAE [71]. Finally,
we train a cINN f¢ to disentangle the information about the input image @ in the latent
space 29, to which fp is invariant to from the one it is not invariant to by learning a mapping
te : p(29[§®) — p(v) with p(v) being the distribution of invariances.

To then reconstruct invariances of fy for a given low-dose image z(?), we first denoise the
image using f to obtain §(?). We then sample an invariance realization v(*) ~ p(v) and apply the
inverse of the cINN tgl to obtain a latent representation z (%) given . Applying the pretrained
decoder Dy, to this latent representation then yields the reconstructed invariance image AL
(Fig. 3.1, bottom right). We can repeat this process for multiple samples v®) to obtain a

distribution of invariance images, i.e., images that only differ in the invariance realization.

To better assess whether the networks are invariant to anatomical structures or other image
content, we further developed two methods to analyze sampled invariances (Fig. 3.2). The first
method measures the similarity between input images z(¥ and sampled invariances (%) in the
latent space of a separate unconditional VAE (Fig. 3.2, (a)). The second method uses a deep
metric learning (DML) approach to learn a metric space in which an invariance image 20k ig
closer to the input image (Y than to invariance images ZU), j # i of other input images z(/)
(Fig. 3.2, (b)).
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3.1.3 Results

We evaluated four popular LDCT image denoising networks using our proposed framework by
generating and analyzing their invariances for random crops of a held-out test set. Here, we
found that all networks are predominantly invariant to the noise level and noise realization of
the input images. As discussed above, this is an expected and desired property of any denoising
algorithm.

Evaluating whether the networks are invariant to anatomical structures or other content
directly in the image space is difficult as differences in content can easily be overshadowed by
differences in noise. We therefore used the two proposed similarity measures to find samples
for which networks show content-related invariances. Using these, we found that indeed the
networks are invariant to anatomical structures to some extent and that the two proposed
similarity measures are suitable to quantify the amount of content-related invariances. We also
performed a quantitative analysis of the invariances and found that most networks, despite
showing significantly different denoising capabilities, have similar amounts of content-related

invariances.

3.2 Paper: Reconstructing and Analyzing the Invariances of

Low-Dose CT Image Denoising Networks

The following pages contain the full paper [69]. To improve readability, the supplementary
material of this paper is provided in Appendix B.
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1 | INTRODUCTION

Deep learning-based methods have revolutionized the
field of medical image formation in general and
computed tomography (CT) in particular by deliv-
ering cutting-edge solutions to a wide range of

Fabian Jager'? |

Joscha Maier' | Bjoérn Ommer® |

Abstract

Background: Deep learning-based methods led to significant advancements
in many areas of medical imaging, most of which are concerned with the
reduction of artifacts caused by motion, scatter, or noise. However, with most
neural networks being black boxes, they remain notoriously difficult to interpret,
hindering their clinical implementation. In particular, it has been shown that net-
works exhibit invariances w.r.t. input features, that is, they learn to ignore certain
information in the input data.

Purpose: To improve the interpretability of deep learning-based low-dose CT
image denoising networks.

Methods: We learn a complete data representation of low-dose input images
using a conditional variational autoencoder (cVAE). In this representation,
invariances of any given denoising network are then disentangled from the infor-
mation it is not invariant to using a conditional invertible neural network (cINN).
At test time, image-space invariances are generated by applying the inverse of
the cINN and subsequent decoding using the cVAE. We propose two methods
to analyze sampled invariances and to find those that correspond to alterations
of anatomical structures.

Results: The proposed method is applied to four popular deep learning-based
low-dose CT image denoising networks. We find that the networks are not only
invariant to noise amplitude and realizations, but also to anatomical structures.
Conclusions: The proposed method is capable of reconstructing and analyzing
invariances of deep learning-based low-dose CT image denoising networks.
This is an important step toward interpreting deep learning-based methods for
medical imaging, which is essential for their clinical implementation.

KEYWORDS
computed tomography, deep learning, explainability, invariances, low-dose, robustness

problems. These include noise reduction,'”®> image
reconstruction®® scatter estimation®'" and artifact
reduction.'?'3® Most of these problems, however, are
not injective, meaning that a single target-domain
(e.g., artifact-free) image can be derived from differ-
ent source-domain (e.g., artifact-deteriorated) images.
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the original work is properly cited.
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Therefore, a good network for these tasks must be invari-
ant to some input features (e.g., image noise for low-
dose reconstruction) to some extent.'* From a network
architecture perspective, invariances can be realized by
certain noninjective layers such as max-pooling layers
or convolutions with certain weight configurations.

In this study, we aim to investigate and interpret these
invariances in low-dose computed tomography (LDCT)
image denoising networks — a prevalent application of
deep learning in CT image formation. Such an analysis
can provide valuable insights into the networks behavior
and help in identifying potential biases or shortcomings
of the networks and their training data. This is important
in order to improve the interpretability and robustness
of deep learning-based methods for medical imaging,
which is an essential step toward bridging the implemen-
tation gap of deep learning-based methods in medical
imaging.'®16

1.1 | Deep learning-based low-dose CT
image denoising

While our method for reconstructing and analyzing
invariances of image-to-image translation networks is
applicable to a wide range of deep learning-based appli-
cations for CT and other modalities, we here focus on the
task of LDCT due to the abundance of publications in
the field” and the availability of open-source datasets.

LDCT aims at providing an image x with a lower
dose than conventional CT acquisitions, which is typ-
ically accomplished by decreasing the tube current
and consequently reducing the x-ray flux. However, this
approach increases noise in the projection data due to
photon starvation. As a result, when these images are
reconstructed using standard filtered back projection
(FBP), they exhibit unwanted noise and streak artifacts,
potentially reducing diagnostic value.

To mitigate these artifacts, advanced reconstruction
techniques such as iterative reconstruction can be
employed. These methods effectively suppress the arti-
facts but are computationally expensive, often limiting
their clinical applicability in time-critical scenarios, such
as emergency rooms. On the other hand, denoising
methods present a computationally efficient solution
and can be integrated seamlessly into any exist-
ing reconstruction pipeline. These algorithms may be
conventional,' 20 or data-driven'22'-23 and can be
applied in either projection domain, image domain, or
both. Particularly, deep learning-based methods applied
to reconstructed images are prevalent in the litera-
ture since they do not require access to the (often
proprietary) projection data.

" For example, PubMed (http://pubmed.ncbi.nim.nih.gov) lists 56 publications in
2023 for the query: (low dose OR low-dose) AND (Computed Tomography OR
CT) AND deep learning AND denoising.

Deep learning-based image domain denoising meth-
ods usually learn a mapping f, : x) — y{) from low-dose
images x() (i.e., images reconstructed from low-dose
projections via FBP) to high-dose images y{), where f,
is a deep neural network (DNN) with parameters 6. Most
methods optimize the parameters in a supervised fash-
ion by minimizing some (typically pixel-wise) loss L over
the training set {(x?, yM)}¥

N
. .1 ; ;
* = — 0y /()
0 argemlnN ,-:21 L(fo(xD), yD). (1)

Numerous other works train fy unsupervised or self-
supervised. These include methods leveraging the
image prior of convolutional neural networks (CNNs)2
intrinsic similarities within the training data (e.g., across
views or patches)>2427 or methods from deep met-
ric learning (DML)2® We refer the reader to Lei et al.,
20242° for a comprehensive review of these methods.

For a fair comparison between denoising algorithms,
we henceforth focus on methods trained using Equa-
tion 1 that vary in their architectural design of fy and the
choice of £ used for learning the parameters 6.

1.2 |
DNNs

Reconstructing invariances of

Previously, Rombach et al.'* presented a method to
reconstruct the invariances of some image classification
network f : R™M — {0, 1}¢, with n x m being the image
size and c¢ the number of classes, using conditional
invertible neural networks (cINNs). Let z € RY denote
any internal latent representation (e.g.,if d = n x m x 64
this could be the output of a zero-padded convolutional
layer with 64 filters) that we can get by decomposing f
into f(x) = ¥(2) = W(d(x)),where ® : R™™ - RYand ¥ :
R - {0, 1}°. To then find out which information about x
is captured in z and which is missing (i.e., the invariances
of @), we need a compact data representation of x. The
authors propose to learn such a data representation z
by training a variational autoencoder (VAE) comprised
of an encoder E and decoder D. Since z = E(x) now not
only contains the information of x that is captured in z,
but also ¢’s invariances v, we need to disentangle these
two components. This is achieved by training a normal-
izing flow {(-|2) : z — v that maps between those two
domains, conditioned on the network representation z.
Since t is invertible, we can then sample from p(v) (here
assumed to be normal) and apply ¢~ to obtain samples
from p(z). Finally, we can reconstruct the invariances of
@ in image space by applying the pretrained decoder D
to the samples z.

This method has later been adapted to reconstruct the
invariances of CT image denoising networks3? How-
ever, due to the fact that LDCT denoising networks
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exhibit fewer and more subtle invariances than image
classification networks, some reconstructed invariances
may be attributed to the VAE rather than the denoising
networks. This is further exacerbated by the diversity of
medical image data, which makes it difficult for the VAE
to learn an almost complete data representation of the
input data. In this work, we propose to reconstruct the
invariances of LDCT denoising networks by training a
conditional VAE, therefore improving its data represen-
tation compared to previous works. We also investigate
the invariances of more recent and advanced denoising
networks and introduce methods to analyze the sampled
invariances.’

2 | METHODS

In the following we will present a method to sample and
analyze the invariances of LDCT denoising networks.
Note that the method presented herein is network and
application-agnostic and therefore potentially applicable
to many other image-to-image translation tasks in med-
ical imaging such as metal artifact correction or sparse
view CT.

2.1 | Dataset

For all our experiments, we use the 50 chest exams
provided in the open-source Low-dose CT Image and
Projection Dataset>" For each scan in the dataset, the
authors simulated low-dose reconstructions by inserting
noise in the projection domain. These reconstructions
correspond to a dose level of 10%.

We randomly split the respective acquisitions (on a
patient level) into 70% training (35 patients), 20%valida-
tion (10 patients), and 10% (5 patients) test data. During
training and validation, we employ a weighted sampling
scheme, ensuring that every acquisition has an equal
probability of being selected, regardless of the varying
number of slices per acquisition. All data are normalized
to have zero-mean, unit-variance before feeding them to
the networks.

2.2 | Denoising methods

We reconstruct the invariances of four different deep
learning-based image denoising algorithms, which are
summarized in the following. We refer the reader to the
respective publications for more details.

CNN-10" One of the earliest deep learning-based
methods for LDCT image denoising. The authors pro-
pose a simple three-layer CNN which receives low-dose
images as input and is trained using Equation 1 with the
mean-squared-error loss.

 Code available at https:/github.com/eeulig/ldct-invariances.

RED-CNN? This method builds upon CNN-10 by
incorporating a deeper residual encoder-decoder archi-
tecture but keeps the overall training procedure identical.
In previous works? it has been shown that this method
outperforms many other (and notably newer) deep
learning-based denoising methods.

WGAN-VGG?® The authors improve on CNN-10 by
using a deeper network architecture and by training
it together with a convolutional critic as Wasserstein-
GAN 32 Furthermore, they added a perceptual loss®*
derived from a pretrained VGG to the overall genera-
tor loss. In comparison with traditional pixel-wise loss
functions, this approach leads to denoised samples that
exhibit more refined details and authentic noise textures.

DU-GAN?? Similar to WGAN-VGG, the authors
employ an adversarial training scheme, but use a U-
Net-based discriminator®® which allows for per-pixel
feedback to the generator network, for which they use
the same structure as RED-CNN.

All four methods are trained using the data as
described in Section 2.1 and we use the best performing
network on the validation data for subsequentinvariance
reconstruction. Additional training specifics for each
method are provided in Supplementary Materials A.1.

2.3 | Reconstructing invariances
Our pipeline to reconstruct invariances (Figure 1) com-
prises three components:

(a) The LDCT denoising network fy, that receives low-
dose images x) as input and predicts high-dose
images y\) = f, (x) (Section 2.2).

(b) A conditional VAE DyoE, that is trained to learn a
complete data representation z € RM of the low-
dose images. We condition both encoder E, and
decoder D, on predictions of the denoising network
§, thereby improving their encoding/reconstruction
capabilities (Section 2.3.1).

(c) A cINN that disentangles the information in z that
the denoising network f; is invariant to from the
one it is not invariant to. To reconstruct invariances,
we then sample from the Gaussian distribution of
invariances, apply the inverse cINN, and decode the
samples using the (fixed) conditional decoder.

2.3.1 | Training of the conditional VAE

In order to reconstruct which information of low-dose
images a given denoising network f; has learned to
represent and which to ignore (i.e., its invariances),
we first need to learn an (almost) complete represen-
tation of low-dose images x{). We do so by training
a conditional variational autoencoder comprised of a
conditional probabilistic encoder E,, defining the distri-
bution g,(z|x, §) and conditional probabilistic decoder
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Overview of our method to reconstruct invariances of LDCT image denoising networks. Solid arrows represent inputs/outputs to

modules, dotted arrows represent conditional inputs to a module We indicate points where loss functions E are calculated using e— L. Training:
(a) training of the denoising network fy using low-dose images x and corresponding high-dose images £|_DCT can be some pixel-wise or
adversarial loss, or a combination of both (Equation 1); (b) training of the conditional VAE with encoder E, and decoder D,, conditioned on the
denoised images y) = fg(x(f)). Ly and Lgec are the Kullback—-Leibler divergence and reconstruction Ioss, respectively (Equation 4); and (c)
training of the conditional INN ¢ to disentangle the invariances of the denoising network f; from the latent representation z1) learned by the
VAE. L nn is the loss function of the cINN (Equation 6). Inference: We sample new invariances v(¥) from the Gaussian distribution of
invariances and apply the inverse cINN to obtain samples z("¥). We then decode the samples using the conditional decoder Dy to obtain the

invariance reconstructions %% (Section 2.3).

Dy defining py(x|z, ). We assume a Gaussian prior
p(z|y) on latent variables z and approximate the poste-
rior with a Gaussian g,(z|x, §) with diagonal covariance.
Let 4, o) € RM denote the mean and standard devia-
tion predicted by the encoder E,, for the i-th sample x(,
conditioned on its respective denoised image §(. Then,

Ing, (zIx?, ) = In N (z; u?), diag(c?)). ()

As for any variational autoencoder?® both encoder
and decoder are trained to maximize the expecta-
tion E; [ELBO(x(), §)] with the evidence lower bound
(ELBO) being

ELBO(X(i), }7(/)) = [Ez~q¢(z|x(i),y(f)) [ln Py (X(i) |z, Y(i))]

—Dit (9,(zIxD, §0)|Ipy(219D)) , (3)
where Dy, (q]|p) denotes the Kullback—-Leibler (KL)
divergence between distributions g, p. Using the fact

that the KL divergence between two Gaussians can be
computed analytically, we derive the loss function

Lype(p, ¥) = -E; |:Inp¢(x(i)lz(i)ly(i))

+
N =
M=

(1+In(a)? - ()2 - (ii?)z)]

1

3
I

1 M
2 <1 +|n@(’) ( (’))2

m:

= —E} IX0 -
_,_/
LRec

)|,

Lk

(4)

where M =dim(z), £ =
N(O, /).

Conditioning the VAE on auxiliary information®” eases
the task for both encoder and decoder, as they can focus
on the information about the input image that is not con-
tained in the auxiliary information (here: the denoised
image y) already®.

In our experiments, both £, and Dy are parameter-
ized by DNNs, with E, belng an ImageNet-pretrained
ResNet-50°% and D, based on BigGAN3° To improve
reconstruction quallty we use a perceptual loss®* and
adversarial loss in addition to the pixel-wise loss in
Equation 4. We refer the reader to Supplementary
Material A.2 for more details on the training procedure.
For comparison, we also train a VAE without the con-
ditioning on ¥

D¢( )+ ole|p) with €~

§ (as explored in previous works!430),

# Note, that this has the interesting side-effect that the latent space is already
mostly comprised of the invariances of the denoising network as this is exactly
the information missing in y.
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but otherwise identical architecture and training
procedure.
2.3.2 | Training of the conditional invertible

neural network

The latent representation z does not only contain invari-
ances of the denoised image §) but also information
about the input image x. Therefore, we need to disentan-
gle these two components, that is, extract the invariances
v of the denoising networks’ prediction ) from the
other information in z. Thus, we need to learn a map-
ping t; from z to some space of invariances, given
a denoised image §). Let this space of invariances
p(v) be a standard Gaussian distribution, that is, p(v) ~
N(0,1). Then, t: : p(z|y) — p(v) allows us to generate
vi) = t,(z0199) for any given sample i. In our experi-
ments, t; is realized by a conditional invertible neural
network with parameters &, that is, a normalizing flow
conditioned on () 4043

As for any cINN*® we can find optimal param-
eters & via standard maximum likelihood training.
Using the change-of-variables formula gives us the
likelihood

q(20159, &) = p(te(2015)) s

, ®)

oty (20194

with J@ = det < 0 >.The loss function over train-

ing samples i then reads as

Lonn = Ei[-Ingz?190, £)]

=Ej| - Inp(t:(z"19)) —In )J("))
—_—
£(t(20190):0,1)

1 o .
S LRI V| FC

where in the last step we used the log-likelihood over
samples x = {4, Xo, ..., Xy} of a standard Gaussian dis-
tribution  £(x; 4, 02) = =NIno — 2 In(27) — = I — ull2
and the assumption that p(v) is a normal distribution
with zero mean and unit variance. The first line in
Equation 6 is the log-likelihood of observing some
representation z() given the corresponding denoised
image § under parameters ¢. After optimization of
parameters &, we can sample from p(v) and apply
the inverse t; to map invariances to the input data

representation, conditioned on the denoised image §(.
We refer the reader to Supplementary Material A.3 for
more details on the architecture and training of ;.

2.3.3 | Sampling invariances

Once conditional VAE and cINN are trained, we can gen-
erate invariance samples %(*X) for a given sample x)
from the test set and a (trained) denoising network f;
as follows:

1. Denoise the image using the pretrained denoising
network fy: 9 = £,(x().

2. Sample vi¥) ~ A7(0, /) from the space of invariances.

3. Apply the inverse of the cINN tg_1 to the sampled

invariance: (k) = t§‘1(v(k)|y(’)).

4. Decode the samples using the (fixed) conditional
decoder Dy to obtain the invariance reconstructions
XK = D (200)| g ).

Every %9 is then a sample from the distribution of
invariances of the denoising network f, for the i low-
dose image x{) and two images (%), (/) differ only in
their realization of invariances.

2.4 | Analyzing invariances

In our experiments, we find that the most prominent
invariances of LDCT denoising networks are related
to the noise level and noise realization of the input
images. While this is expected and a desirable prop-
erty of any denoising algorithm, this does not answer
our initial question of whether LDCT denoising networks
are invariant to anatomical structures or other image
content. Finding such differences in the pixel space
is challenging, as differences in noise realizations can
easily overshadow differences in content. We therefore
propose to analyze the invariances in an embedding
space instead and compare two different methods to
do so (Figure 2). The first is based on an embed-
ding learned by an unconditional VAE (Sections 2.4.1,
and Figure 2a). The second is based on a learned
embedding of the invariances using a DML approach
(Sections 2.4.2, and Figure 2b).

241 | Using an unconditional VAE

The conditional VAE is trained to learn a complete
representation of the low-dose images, which includes
both their noise level and noise realization as well
as the anatomical structures and other image con-
tent. However, since for the conditional VAE, the latent
space follows the distribution p(z|y), we cannot com-
pare different samples i with another. Instead, we
use an unconditional VAE for which p(z) is standard
Gaussian distributed but which is otherwise identi-
cal to the conditional one. Since noise is generally
harder to model than content, we expect the learned
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FIGURE 2

Overview of our methods to analyze sampled invariances. (a) based on the embedding of an unconditional VAE, with encoder

E;, whose latent space is dominated by content-related information. Applying the same encoder to the input image x{) and sampled invariance

%K) we can measure the content similarity between the two and (b) based on a learned embedding which is trained with a triplet loss
(Equation 8) to map low-dose images x( closer to invariance samples x(:¥) corresponding to the same sample i than to invariance samples

XU, j .

representation E’(x")) to be dominated by content-
related information.

We can then use differences in the latent space as
a proxy for differences in anatomical content between
invariance samples %(-*) and low-dose inputs x%). To this
end we compute the cosine similarity between the latent
representations of the low-dose input and invariance
samples z{) = E;(x(")), 20k = E;()?(’?k)) as

20) . k)

() Aik))y = £ <
08 (21, 2) = omizomy

(7)

2.4.2 | Using a learned embedding

We can also learn an embedding of the invariances
using a DML approach. Metric learning generally seeks
to learn a metric function h such that semantic relations
between datapoints x), x/) € X are depicted by met-
ric distances dj,(x), x0)) := d(h(x"), h(x?)), with d(-, -)
being some distance, in the embedding h(-). In DML, h is
typically parameterized by a deep neural network h, =
h with weights v being learned by minimizing a loss func-
tion that encourages the network to map similar (w.r.t.
some semantic relation) samples closer together than
dissimilar ones. To do so, many different loss functions
have been proposed, most popularly ranking-based loss
functions.#446 We refer the reader to Roth et al., 2020%7
for a nice overview of training strategies in DML.

In our experiments, we use the triplet loss*® to learn
an embedding in which low-dose inputs x{) are closer
to invariance samples %K) vk corresponding to the
same sample i (with same anatomy) than to invariances
samples xU), vl j + i corresponding to different samples
(with different anatomy). The loss function for h, then
reads as

Lriipiet = Ejj [dh(x(i)' xR — dy (x, %G1 + Of] )

+

with a being some prespecified margin. In our exper-
iments, we use a pretrained ResNet-50%¢ as h, and
select triplets (a, p, n) := (x, (k) %UN) using the semi-
hard triplet mining strategy*® We refer the reader to
Supplementary Material A.4 for more details on the
training procedure.

3 | RESULTS

3.1 | Denoising of LDCT images

We first verify qualitatively that the denoising methods
(compare Section 2.2) perform as expected and are able
to denoise LDCT images similarly as reported in their
respective publications. To this end, we show results for
random axial slices of all five test patients in Figure 3.
For each patient of the test set, we show the high-dose
image, the low-dose image, and the respective denoised
images. While all methods are able to reduce noise and
streak artifacts compared to the low-dose image, the
results of WGAN-VGG® and DU-GAN?? show more real-
istic noise structures and exhibit finer details compared
to the two methods trained using a pixel-wise loss exclu-
sively. This is in line with the findings of Yang et al® and
Huang et al 22 and can be attributed to the additional per-
ceptual loss (for WGAN-VGG) and adversarial loss (for
both WGAN-VGG and DU-GAN).

Upon quantitative evaluation (Table 1), we find that
RED-CNN performs best in terms of the structural
similarity index measure (SSIM), peak signal-to-noise
ratio (PSNR), and root-mean-square error (RMSE).
However, it is important to note that these metrics do
not correlate well with human reader ratings (the gold
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FIGURE 3

High-dose, low-dose, and denoising results for the four methods described in Section 2.2. We show results for random axial

slices and crops of size 128 x 128 px for all five patients from the test set. Center (C) and width (W) are C = —600 HU, W = 1500 HU.

TABLE 1 Quantitative evaluation of the denoising methods
described in Section 2.2.
SSIM PSNR (dB) RMSE (HU)

LD 0.312 + 0.072 181+ 25 236 + 86
CNN-10 0.56 + 0.10 273 + 2.1 72 + 19
RED-CNN 0.58 + 0.10 28.0 + 2.2 66 + 18
WGAN-VGG 0.505 + 0.099 253 + 2.2 91 + 26
DU-GAN 0.544 + 0.096 263 + 2.2 80 + 22

Note:We report the mean and standard deviation of the SSIM,PSNR,and RMSE
over all axial slices of the test set. Bold values highlight the best performing
method for each metric.

standard in terms of medical image quality assessment)
for computed tomography*8-%0 Since this work is not
concerned with the evaluation of the denoising meth-
ods themselves, but rather with their invariances, we do
not further investigate the performance of the denoising
methods and leave the development of better metrics
for future work.

3.2 | VAE reconstructions

Next, we evaluate the reconstruction capabilities of
the conditional VAE (Section 2.3.1) for random axial
slices of all patients of the test set in Figure 4.
We find that reconstructions of the conditional VAE
(Figure 4; third row) are very similar to the input
low-dose images (Figure 4; second row) for all exam
types. Additionally, we show the reconstructions of an
unconditional VAE (Figure 4; last row) as it was used
in previous work to reconstruct invariances of LDCT
denoising networks®° for comparison. While the uncon-
ditional VAE is able to generate realistic low-dose
images that reflect, to some extent, the anatomical
structures of the low-dose input images, it fails to cap-
ture fine details and removes or hallucinates many
of the anatomical structures in the reconstructions
(compare red arrows in Figure 4). We show recon-
struction results for all conditional VAEs (conditioned
on different denoising networks) in Supplementary
Material B.
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High dose

Low dose

Conditional §

VAE

VAE

FIGURE 4 High-dose, low-dose, and VAE reconstructions for the conditional VAE (here conditioned on RED-CNN) described in
Section 2.3.1. Patients, axial slices and crops correspond to those shown in Figure 3. Additionally, we show the reconstructions of an
unconditional VAE (as used in previous work®®) for comparison. C = —600 HU, W = 1500 HU.

3.3 | Invariance reconstruction

Given the procedure described in Section 2.3.3 and
shown in Figure 1, we sample 100 invariances for each
of the four denoising networks on 1000 random crops
of the test set. In Figure 5 we show three invariances for
one of those random crops. We find that for all denoising
networks sampled invariances mainly differ in terms of
noise amplitude and realization. This is expected as the
networks see many noise realizations as well as patients
of different thickness (influencing the noise level) dur-
ing the training. These differences in noise structure and
amplitude overshadow possible differences in anatom-
ical content between samples. We provide additional
results in Supplementary Material B.

3.4 | Analyzing invariances

In the VAE latent space

Next, we analyze sampled invariances in the latent
space of the unconditional VAE. To this end we compute
for each network and sampled crop i the mean cosine
similarity over sampled invariances k = 1,2, ..., K

K
; 1 .
SO = X kz; cos (21, 2K . )

In Figure 6 we show four crops, corresponding to the

{0, 1/3,2/3, 1} quantiles of the mean similarity S&LE over

all test samples, for each network. Here we find that

for samples with lower S@\E (left), most differences

between x() and x¢X) are in terms of anatomical con-
tent (red arrows). In contrast, for samples with higher
S% (right) anatomical content is similar between x() and
%K) and differences are mainly in terms of noise ampli-
tude and realization. This indicates that the latent space
of the VAE is indeed dominated by anatomy-related
information and disentangling sampled invariances. We
provide further analysis of the VAE latent space in
Supplementary Material B.

In the DML latent space

Next, we analyze sampled invariances using the DML-
based embedding. Similar as for the VAE, we measure
similarity between x) and %) using the mean cosine
similarity over sampled invariances k = 1,2, ..., K

K
Sg)ML _ % Z cos (h(X(i)), h(;((i,k))) (10)
k=1

and show four samples with increasing mean similarity
Sg)ML, again corresponding to the {0, 1/3, 2/3, 1} quantiles
of the empirical distribution, in Figure 7. For aII.denois-
ing networks, we find that samples with lower Sg)ML (left)
exhibit differences in terms of anatomical content (red
arrows) while samples with higher Sg)ML (right) mainly
differ in terms of noise amplitude and realization.
Lastly, we compare the invariances of different
denoising networks quantitatively using the pixel-wise
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FIGURE 5

Invariances for a random crop i from the test set. Shown are low-dose image x, high dose image y!) and three reconstructed

invariances x(**) for each of the four denoising methods. We also show standard deviations o ({x“}% ) over K = 100 invariances. For CT
Images: C = -600 HU, W = 1500 HU, for standard deviations: C = 0 HU, W = 400 HU.

TABLE 2 Quantitative evaluation of invariances using the mean
absolute difference (MD), mean cosine similarity in the VAE latent
space (Syag), and mean cosine similarity in the learned embedding
space (Spm)-

MD 1 Svae | Spm |
Invariances noise + content content content
CNN-10 182 + 67" 0.978 + 0.020**  0.997 + 0.004***
RED-CNN 191 + 67 0.976 + 0.022 0.996 + 0.007
WGAN-VGG 158 + 64*** 0.979 + 0.021*** 0.996 + 0.006
DU-GAN 178 + 70" 0.979 +0.013 0.997 + 0.004

Note: For MD, higher values imply more noise and content-related invariances
(due to MD being pixel-wise), for Syag and Spy. lower (1) values imply more
anatomical invariances (since they measure similarity of anatomical content
between sampled invariances and input images). Bold values indicate the
denoising method with the highest amount of invariances (1 MD, | Syag,} SpmL)-
We indicate statistical significance of this finding with *(p < 0.05), **(p < 0.01),
and ***(p < 0.001).

mean absolute difference (MD) between x() and x(:k)

as well as S&\E and S([’)),vIL (Table 2). Note that, opposed
to Syag and Spy, the MD acts in the pixel space
and is therefore both a measure of content-related
and noise-related invariances. We find that quantita-
tively, the invariances of the denoising networks are very
similar, with RED-CNN showing the highest amount of
invariances (higher MD, lower Syag and Spy ). Upon
a statistical analysis using a one-sided Mann—Whitney

U test with Benjamini—-Hochberg correction for multiple
comparisons, we examine that this finding is significant
for most invariance metrics and denoising methods (In
Table 2, stars for some method indicate significance
levels of the pairwise test that RED-CNN has more
invariances compared to this method).

4 | DISCUSSION

In this work, we presented a method for reconstruct-
ing the invariances of deep learning-based low-dose
CT image denoising algorithms. Upon reconstructing
the invariances of four common denoising networks we
found that the sampled invariances mainly differ in terms
of noise amplitude and realization, while the anatomical
contentis largely preserved. This is expected and can be
explained by the training procedure of these networks.
To answer our initial question of whether LDCT denois-
ing networks are invariant to anatomical structures or
other image content, we further proposed two meth-
ods to analyze the sampled invariances. Both methods
are based on measuring distances between sampled
invariances and input images in a lower-dimensional
latent space. Using these methods, we found that all
denoising networks are also invariant to anatomical
structures to some extent. Quantitatively, the amount of
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2] O: Prediction errors

Invariances with increasing Syag (left to right), that is, decreasing amount of content-related invariances as measured in the

VAE latent space, for each of the four denoising methods. C = -600 HU, W = 1500 HU.

invariances (both noise-related and content-related) of
different denoising networks are very similar, with RED-
CNN showing the highest amount of invariances both
in terms of noise and anatomical structures. In Sup-
plementary Material B we provide additional results for
an algorithm that has, by design, more invariances to
anatomical structures.

Our method is similar to uncertainty quantification
methods such as Monte-Carlo dropout or moment
propagation®'52 in that it can improve the interpretabil-
ity of deep learning-based methods for medical imaging.
However, both approaches provide orthogonal views of
the network’s behavior. While uncertainty quantification
methods provide a measure of the network’s confidence
in its predictions, our method provides a measure of
the network’s invariances to the input features. There
are many scenarios in which an algorithm can be

confident in its prediction but still exhibit invariances
to certain input features (e.g., the algorithm analyzed
in Supplementary Material B; Case study: Algorithm
with strong invariances by design). In such cases, our
method can provide additional insights into the net-
work’s behavior. Lastly, our proposed approaches for
analyzing the sampled invariances could also be help-
fulin analyzing systematic uncertainties quantified using
the aforementioned methods, an interesting direction for
future work.

5 | CONCLUSIONS

Our work shows that common LDCT image denoising
networks are invariant to certain input features. While
these invariances are mostly dominated by noise, all
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Invariances with increasing Spy (left to right), that is, decreasing amount of content-related invariances as measured in the

DML embedding space, for each of the four denoising methods. C = —600 HU, W = 1500 HU.

networks investigated in this study are also invariant
to anatomical structures to some extent. We believe
that developing methods to reconstruct and analyze
these invariances is an important step toward inter-
preting deep learning-based methods for medical
image formation.

Since the presented method is architecture agnostic,
several natural extensions of our work come to mind:
Promising research directions include (a) evaluating the
impact of training data distribution on the invariances of
LDCT denoising networks; (b) investigating invariances
of other networks for medical imaging including other
modalities such as PET and MR; and (c) relating invari-
ances to the similar concept of hallucinations in medical
imaging. Lastly, while the sampling of invariances using
our method is very fast (~ 23 ms), future work should

reduce the computational complexity of training the two
networks, for example by disentangling the invariances
in the VAE latent space directly, thus eliminating the
need for training of a cINN.

ACKNOWLEDGMENTS

This work was supported in part by the Helmholtz
International Graduate School for Cancer Research,
Heidelberg, Germany.

CONFLICT OF INTEREST STATEMENT
The authors declare no conflicts of interest.

REFERENCES

1. Chen H,Zhang Y, Zhang W, et al. Low-dose CT via convolutional
neural network. Biomed Opt Express. 2017;8:679-694.



36

Chapter 3. Invariances of Low-Dose CT Denoising Networks

20.

. Chen H, Zhang Y, Kalra MK, et al. Low-dose CT with a residual

encoder-decoder convolutional neural network. IEEE Trans Med
Imaging. 2017;36:2524-2535.

. Yang Q, Yan P, Zhang Y, et al. Low-dose CT image denoising

using a generative adversarial network with Wasserstein distance
and perceptual loss. IEEE Trans Med Imaging. 2018;37:1348-
1357.

. Wu D, Gong K, Kim K, Li Q. Consensus neural network for med-

ical imaging denoising with only noisy training samples. Medical
Image Computing and Computer Assisted Intervention (MICCAI);
2019:741-749. doi:10.1007/978-3-030-32251-9_81

. Wang S,Yang Y, Yin Z, Wang AS. Noise2Noise for denoising pho-

ton counting CT images: generating training data from existing
scans. In: Medical Imaging 2023: Physics of Medical Imaging. Vol
12463. SPIE; 2023:15-19.

. Wirfl T, Hoffmann M, Christlein V, et al. Deep learning computed

tomography: learning projection-domain weights from image
domain in limited angle problems. IEEE Trans Med Imaging.
2018;37:1454-1463.

. Huang Y, Preuhs A, Lauritsch G, Manhart M, Huang X, Maier A.

Data consistent artifact reduction for limited angle tomography
with deep learning prior. In: Machine Learning for Medical Image
Reconstruction: Second International Workshop, MLMIR 2019,
Held in Conjunction with MICCAI 2019, Shenzhen, China, Octo-
ber 17, 2019, Proceedings, Berlin, Heidelberg, Springer-Verlag;
2019:101-112.

. Baguer DO, Leuschner J, Schmidt M. Computed tomography

reconstruction using deep image prior and learned reconstruc-
tion methods. Inverse Prob. 2020;36:094004.

. Maier J, Eulig E, V6th T, et al. Real-time scatter estimation

for medical CT using the deep scatter estimation: method
and robustness analysis with respect to different anatomies,
dose levels, tube voltages, and data truncation. Med Phys.
2019:46:238-249.

. Hansen DC, Landry G, Kamp F, et al. ScatterNet: A convolutional

neural network for cone-beam CT intensity correction. Med Phys.
2018:45:4916-4926.

. Roser P,Birkhold A, Preuhs A, et al. X-ray scatter estimation using

deep splines. IEEE Trans Med Imaging. 2021;40:22272-2283.

. Lin W-A, Liao H, Peng C, et al. DuDoNet: dual domain net-

work for CT metal artifact reduction. In: IEEE Conference
on Computer Vision and Pattern Recognition (CVPR). IEEE;
2019:10512-10521.

. Ghani MU, Karl WC. Fast enhanced CT metal artifact reduction

using data domain deep learning. IEEE Trans Comput Imaging.
2020;6:181-193.

. Rombach R, Esser P, Ommer B. Making sense of CNNs: inter-

preting deep representations & their invariances with INNs.
In: European Conference on Computer Vision (ECCV). |EEE;
2020:18.

. Cabitza F, Campagner A, Balsano C. Bridging the “last mile” gap

between Al implementation and operation: “data awareness” that
matters. Ann Transl Med. 2020;8:501.

. Chen H, Gomez C, Huang C-M, Unberath M. Explainable med-

ical imaging Al needs human-centered design: guidelines and
evidence from a systematic review. npj Digital Med. 2022;5:1-15.

. Manduca A, Yu L, Trzasko JD, et al. Projection space denoising

with bilateral filtering and CT noise modeling for dose reduction
in CT. Med Phys. 2009;36:4911-4919.

. Balda M, Hornegger J, Heismann B. Ray contribution masks for

structure adaptive sinogram filtering. IEEE Trans Med Imaging.
2012;31:1228-1239.

. Feruglio PF, Vinegoni C, Gros J, Sbarbati A, Weissleder R.

Block matching 3D random noise filtering for absorption optical
projection tomography. Phys Med Biol. 2010;55:5401-5415.

Li Z, Yu L, Trzasko JD, et al. Adaptive nonlocal means filter-
ing based on local noise level for CT denoising. Med Phys.
2014:41:011908.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Heinrich MP, Stille M, Buzug TM. Residual U-net convolutional
neural network architecture for low-dose CT denoising. Curr Dir
Biomed Eng. 2018;4:297-300.

Huang Z, Zhang J, Zhang Y, Shan H. DU-GAN: generative adver-
sarial networks with dual-domain U-Net-based discriminators for
low-dose CT denoising. IEEE Trans Instrum Meas. 2022;71:1-12.
Shan H, Padole A, Homayounieh F, et al. Competitive perfor-
mance of a modularized deep neural network compared to
commercial algorithms for low-dose CT image reconstruction.
Nat Mach Intell. 2019;1:269-276.

Yuan N, Zhou J, Qi J. Half2Half: deep neural network based CT
image ddenoising without independent reference data. Phys Med
Biol. 2020;65:215020.

Zainulina E, Chernyavskiy A, Dylov DV. No-reference denois-
ing of low-dose CT projections. In: 2021 IEEE 18th International
Symposium on Biomedical Imaging (ISBI). |IEEE; 2021:77-81.
Hong Z, Zeng D, Tao X, Ma J. Learning CT projection denoising
from adjacent views. Med Phys. 2023;50:1367-1377.

Niu C,Li M, Fan F, Wu W, Guo X, Lyu Q, Wang G. Noise suppres-
sion with similarity-based self-supervised deep learning. I[EEE
Trans Med Imaging. 2023:42:1590-1602.

Jung C, Lee J, You S, Ye JC. Patch-wise deep metric learning
for unsupervised low-dose CT denoising. In: Wang L, Dou Q,
Fletcher PT, Speidel S, Li S, eds. International Conference on
Medical Image Computing and Computer Assisted Intervention
(MICCAI). Lecture Notes in Computer Science, Cham, Springer
Nature Switzerland; 2022:634-643.

Lei Y, Niu C, Zhang J, Wang G, Shan H. CT image denoising and
deblurring with deep learning: current status and perspectives.
IEEE Trans Radliat Plasma Med Sci. 2024;8:153-172.

Eulig E, Ommer B, Kachelrie® M. Reconstructing invariances
of CT image denoising networks using invertible neural net-
works. In: International Conference on Image Formation in X-Ray
Computed Tomography. Vol 12304. SPIE; 2022:169-173.
McCollough C, Chen B, Holmes Ill DR, et al. Low dose CT image
and projection data (data set). The Cancer Imaging Archive;2020.
doi:10.7937/9NPB-2637

Eulig E, Ommer B, Kachelrie® M. Benchmarking deep learning-
based low-dose CT image denoising algorithms. arXiv preprint.
2024.10.1002/mp.17379

Arjovsky M, Chintala S, Bottou L. Wasserstein generative
adversarial networks. In: International Conference on Machine
Learning (ICML). PMLR; 2017:214-223.

Johnson J, Alahi A, Fei-Fei L. Perceptual losses for real-time
style transfer and super-resolution. In: Leibe B, Matas J, Sebe
N, Welling M, eds. European Conference on Computer Vision
(ECCV). Lecture Notes in Computer Science, Cham, Springer
International Publishing; 2016:694-711.

Schonfeld E, Schiele B, Khoreva A. A U-Net based discrimina-
tor for generative adversarial networks. In: IEEE Conference on
Computer Vision and Pattern Recognition (CVPR).|EEE, Seattle,
WA, USA; 2020:8204-8213.

Kingma DP, Welling M. Auto-encoding variational Bayes. In:
International Conference on Learning Representations (ICLR).
2014.

Sohn K, Lee H, Yan X. Learning structured output representation
using deep conditional generative models. In: Advances in Neural
Information Processing Systems. Vol 28. Curran Associates, Inc.;
2015.

He K, Zhang X, Ren S, Sun J. Deep residual learning for image
recognition. In: IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). |IEEE, Las Vegas, NV, USA; 2016:770-778.
Brock A, Donahue J, Simonyan K. Large scale GAN training for
high fidelity natural image synthesis. In: International Conference
on Learning Representations (ICLR).2018.

Dinh L, Krueger D, Bengio Y. NICE: Non-linear independent com-
ponents estimation. In: International Conference on Learning
Representations (ICLR), Workshop Track.2015.



Chapter 3. Invariances of Low-Dose CT Denoising Networks 37

41.

42.

43.

44.

45.

46.

47.

48.

49.

Dinh L, Sohl-Dickstein J, Bengio S. Density estimation using real
NVP. In: International Conference on Learning Representations
(ICLR).2017.

Rezende DJ, Mohamed S. Variational inference with normalizing
flows. In: International Conference on Machine Learning (ICML).
ICML’15, Lille, France; 2015:1530-1538. JMLR.org.

Ardizzone L, Kruse J, Lith C, Bracher N, Rother C, Kéthe U.
Conditional invertible neural networks for diverse image-to-image
translation. In: Akata Z, Geiger A, Sattler T, eds. Pattern Recogni-
tion, Lecture Notes in Computer Science, Springer International
Publishing, Cham; 2021:373-387.

Hadsell R, Chopra S, LeCun Y. Dimensionality reduction by
learning an invariant mapping. In: [EEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). Vol 2. |IEEE;
2006:1735-1742.

Schroff F, Kalenichenko D, Philbin J. FaceNet: A unified embed-
ding for face recognition and clustering. In: [IEEE Conference on
Computer Vision and Pattern Recognition (CVPR).|EEE, Boston,
MA, USA; 2015:815-823.

Sohn K. Improved deep metric learning with multi-class N-pair
loss objective. In: Advances in Neural Information Processing
Systems (NeurlPS). Vol 29. Curran Associates, Inc.; 2016.

Roth K, Milbich T, Sinha S, Gupta P, Ommer B, Cohen JP. Revis-
iting training strategies and generalization performance in deep
metric learning. In: International Conference on Machine Learning
(ICML). PMLR; 2020:8242-8252.

Verdun FR, Racine D, Oft JG, et al. Image quality in CT:
from physical measurements to model observers. Physica Med.
2015;31:823-843.

Renieblas GP, Nogués AT, Md AMG, Ledén NG, del Castillo EG.
Structural similarity index family for image quality assessment in
radiological images. J Med Imaging. 2017:4:035501.

50. Ohashi K, Nagatani Y, Yoshigoe M, et al. Applicability evalu-
ation of full-reference image quality assessment methods for
computed tomography images. J Digit Imaging. 2023;36:2623-
2634.

51. GalY,Ghahramani Z. Dropout as a Bayesian approximation: rep-
resenting model uncertainty in deep learning. In: Proceedings of
The 33rd International Conference on Machine Learning. PMLR;
2016:1050-1059.

52. Liu SZ, Vagdargi P, Jones CK, et al. One-shot estimation of
epistemic uncertainty in deep learning image formation with
application to high-quality cone-beam CT reconstruction. In: Med-
ical Imaging 2024: Physics of Medical Imaging.Vol. 12925. SPIE;
2024:223-228.

SUPPORTING INFORMATION

Additional supporting information can be found online
in the Supporting Information section at the end of this
article.

How to cite this article: Eulig E, Jager F, Maier
J, Ommer B, Kachelrie® M. Reconstructing and
analyzing the invariances of low-dose CT image
denoising networks. Med Phys. 2024;1-13.
https://doi.org/10.1002/mp.17413







Chapter 4

Synthetic Training Data for
Deep Learning-Based Digital
Subtraction Angiography

L. Duan, E. Eulig, M. Knaup, R. Adamus, M. Lell, and M. Kachelrie}. “Training
of a Deep Learning Based Digital Subtraction Angiography Method Using Synthetic
Data”. In: Medical Physics 51.7 (2024), pp. 47934810

E will now present our work on synthetic training data for deep learning-based meth-
ods to predict DSA-like images. After a brief summary in Sec. 4.1 the full paper
[72] is provided in Sec. 4.2.

4.1 Summary

4.1.1 Introduction

DSA is a fluoroscopy method that leverages radiographic subtraction to diagnose various cardio-
vascular diseases. It is primarily used to diagnose arterial and venous occlusions, stenosis, and
aneurysms. This includes acute limb ischemia [73], arteriovenous malformations, intracranial
aneurysms [74], and renal artery stenosis [75]. During the exam, a series of X-ray images is
acquired using a C-arm system while injecting contrast media into the vessels. The contrast
media enhances or reduces radiodensity in the vessels, allowing for a clear (positive or nega-
tive) contrast to the surrounding tissue in the X-ray image. To selectively display the vessels,
a subtraction image is created by subtracting a mask image (X-ray image acquired prior to
the injection of contrast media) from the subsequent images taken during the exam and with
contrast media.

However, a limitation of DSA is its reliance on static data. Any motion caused by the C-arm
system or patient movement leads to artifacts in the subtraction image, thereby diminishing its

clinical value. In particular cardiac, pelvis, or abdomen exams are prone to motion artifacts and
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thus not suitable for DSA (see Fig. 4.1 for examples of acquisitions with strong motion artifacts
in the DSA images).

To overcome these drawbacks, multiple works investigated the use of deep learning-based
methods to predict DSA-like images from standard X-ray images [76, 77, 78, 79]. To this end,
the networks are trained to predict the DSA image from an X-ray image on static acquisitions,
without or with minimal motion artifacts. Trained networks can then be applied to arbitrary
contrast-enhanced acquisitions. To remain in-distribution, however, we must have access to
static data from the desired anatomical region. While this is feasible for some applications, e.g.,
bolus chase studies of peripheral angiography, for other applications, e.g., cardiac or abdominal
DSA, such static data are not available and the application of networks trained on different
anatomies would pose an out-of-distribution (OOD) problem.

In this work, we addressed the problem of training deep learning-based methods for DSA on
anatomies where static data are not available. To this end, we proposed a method to generate
synthetic training data for DSA by combining simulated vessel structures with forward projec-
tions of CT acquisitions. Using our synthetic data, we trained different networks previously
proposed for this task and compared their performance to networks trained on clinical DSA
data.

4.1.2 Methods

We simulated vessel skeletons using stochastic Lindenmayer systems (L-systems) [80, 81]. By
controlling the parameters of the L-systems, we generated a variety of vessel structures, resem-
bling vessels from different anatomical regions. The resulting skeletons were rasterized using a
Bresenham algorithm [82] to create volumes of binary vessel masks. To simulate the change of
contrast agent concentration in the vessels over time after the insertion of a bolus, we modeled
the bolus as a Gaussian distribution moving through the vessel tree and weighted voxels ac-
cordingly. These vessel structures were then forward projected from different angles to simulate
vessel-only (DSA) images. Our experiments demonstrate that this simple and hemodynamically
incorrect model of contrast agent variation is sufficient to generate realistic vessel structures
that improve the performance of the trained networks.

To generate synthetic X-ray angiography images that serve as input to the networks, we
combined the vessel-only projections with mask images from clinical CT acquisitions. To this
end, we forward projected CT measurements of cadavers acquired with a photon-counting re-
search prototype. We then picked isocenters of the forward projections uniformly at random
within the whole-body CT acquisitions, thus generating mask images including all anatomical
regions. These mask images were then combined with the vessel-only projections to create a
paired dataset of X-ray images and DSA-like images.

To evaluate whether training on our synthetic data improves the performance of deep
learning-based methods for DSA, we trained two different networks (one with adversarial loss

and one with standard pixelwise loss) on our synthetic data and compared their performance to
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networks trained on clinical DSA data of the lower extremities. We then evaluated the networks
on static clinical C-arm acquisitions of the lower extremities as well as on dynamic cardiac,
pelvis, abdomen, and bolus chase acquisitions. We also conducted an ablation study to inves-
tigate the impact of the amount and diversity with respect to anatomical regions of synthetic

data on the performance of the networks.
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A Figure 4.1. X-ray image (first column), conventional DSA (second column), DSA from a network trained
on clinical data (third column), and DSA from a network trained on synthetic data (last column) for different
anatomical regions (from top to bottom: cardiac, pelvis, abdomen). Conventional DSA (second column) is
computed via subtraction of the contrast-enhanced X-ray image (first column) from a mask image without contrast
media and contains severe motion artifacts if patient motion is present. Predictions from a network trained on

synthetic data (last column) contain fewer artifacts than from a network trained on clinical DSA acquisitions

(third column). Figure adapted from [72].
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4.1.3 Results

Upon a quantitative and qualitative evaluation on static acquisitions, we find that training on
synthetic data is competitive with a training on clinical acquisitions. However, all networks
remove or hallucinate vessels to some extent and are therefore inferior to conventional DSA on
these data.

On acquisitions where patient motion is inevitable (cardiac, pelvis, abdomen), we find that
networks trained on synthetic data outperform networks trained on clinical data (Fig. 4.1). This
is likely due to the fact that these data pose an OOD problem for networks trained on clinical
data, where patient (background) anatomy as well as vessel structures are different. Networks
trained on synthetic data, on the other hand, have seen similar anatomical structures and a
greater variety of vessel structures during training. As expected, conventional DSAs for these

data contain severe motion artifacts (Fig. 4.1, second column).

4.2 Paper: Training of a Deep Learning-Based Digital Subtrac-
tion Angiography Method Using Synthetic Data

The following pages contain the full paper [72]. To improve readability, the supplementary
material of this paper is provided in Appendix C.
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Abstract

Background: Digital subtraction angiography (DSA) is a fluoroscopy method
primarily used for the diagnosis of cardiovascular diseases (CVDs). Deep
learning-based DSA (DDSA) is developed to extract DSA-like images directly
from fluoroscopic images, which helps in saving dose while improving image
quality. It can also be applied where C-arm or patient motion is present and
conventional DSA cannot be applied. However, due to the lack of clinical training
data and unavoidable artifacts in DSA targets, current DDSA models still cannot
satisfactorily display specific structures, nor can they predict noise-free images.
Purpose: In this study, we propose a strategy for producing abundant synthetic
DSA image pairs in which synthetic DSA targets are free of typical artifacts and
noise commonly found in conventional DSA targets for DDSA model training.
Methods: More than 7,000 forward-projected computed tomography (CT)
images and more than 25,000 synthetic vascular projection images were
employed to create contrast-enhanced fluoroscopic images and correspond-
ing DSA images, which were utilized as DSA image pairs for training of the
DDSA networks. The CT projection images and vascular projection images were
generated from eight whole-body CT scans and 1,584 3D vascular skeletons,
respectively. All vessel skeletons were generated with stochastic Lindenmayer
systems. We trained DDSA models on this synthetic dataset and compared
them to the trainings on a clinical DSA dataset, which contains nearly 4,000
fluoroscopic x-ray images obtained from different models of C-arms.

Results: We evaluated DDSA models on clinical fluoroscopic data of differ-
ent anatomies, including the leg, abdomen, and heart. The results on leg data
showed for different methods that training on synthetic data performed sim-
ilarly and sometimes outperformed training on clinical data. The results on
abdomen and cardiac data demonstrated that models trained on synthetic data
were able to extract clearer DSA-like images than conventional DSA and mod-
els trained on clinical data. The models trained on synthetic data consistently
outperformed their clinical data counterparts, achieving higher scores in the
quantitative evaluation of peak signal-to-noise ratio (PSNR) and structural sim-
ilarity index measure (SSIM) metrics for DDSA images, as well as accuracy,
precision, and Dice scores for segmentation of the DDSA images.
Conclusions: We proposed an approach to train DDSA networks with synthetic
DSA image pairs and extract DSA-like images from contrast-enhanced x-ray
images directly. This is a potential tool to aid in diagnosis.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any
medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
© 2024 The Authors. Medical Physics published by Wiley Periodicals LLC on behalf of American Association of Physicists in Medicine.
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1 | INTRODUCTION

Digital subtraction angiography (DSA)"? is a fluoro-
scopic subtraction technique?® primarily used for the
diagnosis of cardiovascular diseases (CVDs) with high
morbidity and mortality in adults such as arterial and
venous occlusions and stenoses, coronary artery dis-
ease, cerebral thrombosis, and pulmonary embolism.
A DSA exam is obtained by subtracting a mask image
(an x-ray image acquired prior to the contrast agent
injection) from all subsequent images, in which a con-
trast agent such as iodine alters the radiodensity of the
vessels, leading to an image selectively showing the
vessels without patient background. However, due to the
subtraction step, this technique has one major disadvan-
tage, its limitation to static data. Any motion of the C-arm
or patient can prompt huge distortion and artifacts in
the subtracted images,2 which impair their clinical value.

To reduce the motion artifacts in DSA images, several
image registration algorithms have been proposed,
such as feature-based image registration,® intensity-
based registration® and using non-uniform Markov
random field models.” Inspired by the remarkable
performance achieved by deep learning in medical
imaging®® several studies applying neural networks
to generate DSA-like images from a single contrast-
enhanced fluoroscopy image have been proposed.
Eulig et al.'® used deep convolutional neural networks
to learn maskless DSA for static and dynamic acqui-
sition protocols, called deep DSA (DDSA). Gao et al.!”
presented an adversarial training scheme to generate
DSA-like image from single live image. Furthermore,
DDSAs with different network structures were applied
to lower extremity,'? abdominal vasculature'® and cere-
bral vascular imaging,'*"® respectively. Compared to a
conventional DSA, deep learning-based methods have
two major advantages. On the one hand, these methods
may potentially improve image quality and reduce the
potential radiation dose by reducing image artifacts
caused by misalignment in DSA. On the other hand,
these methods can learn DSA-like images directly from
fluoroscopic images without prior acquisition of mask
images, which allows them to be applied to dynamic
acquisition protocols, such as bolus injection chases.!®
However, all these methods require a large amount of
clinical data for training, which are difficult to obtain
and rarely publicly available. Furthermore, because all
current DDSA models were trained on pairs of native
fluoroscopic images and DSA images obtained using
the naive conventional DSA method, the targets used for
network training invariably contained various degrees
of mask contribution. As a result, the predicted DSA-like
images also contained various degrees of artifacts like

those in DSA images, which is particularly evident in
the application to abdominal and coronary data.'3-15

In this paper, we present an approach to generate a
large number of synthetic DSA image pairs by com-
bining forward-projected computed tomography (CT)
images with synthetic vascular projection images. The
synthetic DSA image pairs are employed to train dif-
ferent convolutional neural networks (CNNs).'0-11.13.14
Compared to clinical DSA images, the synthetic DSA
images are free of misalignment and noise artifacts.
To validate the effectiveness and robustness of syn-
thetic DSA dataset in this task, we also train the CNNs
on a clinical DSA dataset. The experimental results on
different patient exams show that models trained on syn-
thetic data can predict more vessels and fewer artifacts
than models trained on clinical data. The quantitative
results in peak signal-to-noise ratio (PSNR), structural
similarity index measure'® (SSIM), accuracy, precision,
and the Sgrensen—Dice coefficient metrics also indicate
the superiority of our synthetic data.

2 | METHODS

In this section, we describe how to generate synthetic
DSA data and train CNN models after illustrating the
drawbacks of clinical DSA image pairs for network
training.

2.1 | Clinical DSA image pair

Assuming monochromatic x-ray radiation and no motion
of the C-arm and patient, we can obtain an artifact-free
DSA image. According to Lambert’s law, the intensity of
an x-ray image at time t is calculated with

Iy = loe™H (1)

where Iy indicates the image before administration of
contrast (the mask), u is the attenuation coefficient of
iodine at the desired x-ray energy, and d; is the time-
dependent iodine thickness concentration multiplied by
the thickness of the contrast-enhanced vessels over the
ray path. Then, an artifact-free DSA image is given as

faosa = In(ly) — In(lp) = —udy (2)

Unfortunately, we are typically not dealing with the sit-
uation in Equation (2). In practice, the x-ray images are
acquired with polychromatic radiation and the detector
signal is not identical to the intensity /. The vendor typi-
cally applies a nonlinear function to the measured signal,
both implicitly in the detector when converting the x-ray
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(a) Mask leakage

FIGURE 1

(b) Motion artifact

(a) Left: x-ray image with contrast agent, right: conventional DSA image. Mask leakage: in the case of polychromatic x-ray

radiation and G # In, a small contribution of the mask can be seen in the DSA image. The red arrows show two distinct brighter vessel blocks
caused by the bone structure in the mask. (b) Left: x-ray image with contrast agent, right: conventional DSA image. Motion artifacts: in the case
of misalignment due to motion, a large contribution (red arrows) of the mask can be seen in the DSA image.

photons into a digital signal, and explicitly when pro-
cessing this signal. This processing may include, but is
not limited to, applying a gain factor, converting the sig-
nal to an integer-valued signal, clipping signal values
that are out of range, and applying a window function
or response curve or, in general, a nonlinear mapping
to the values before displaying them or before storing
them in some formats. This mapping, here denoted as
G(-), varies between acquisitions, organ programs and
vendors. Most likely, at least for the purpose of gener-
ating DSA data, the vendor will choose G similar to In
function.

For standard DSA, G(l;) and G(lp) are used to get
a DSA image. Let f.psa be the DSA image in clinical
implementation, it is computed via

feosa = G(lt) — G(lo) ~ —ud(t) ©)

Generally, the native fluoroscopic image G(/;) and the
DSA image f;psa are used as the input and target (clin-
ical DSA image pair) for DDSA model training.'011.13.14
In most clinical cases, the contribution of the mask
can be visible to varying degrees in the DSA image.
Figure 1 illustrates this situation. This contribution
may not be perceived by a human reader but may
adversely affect the training of the network with the
measurements.

2.2 | Synthetic DSA image pair

In the following, we describe how to generate synthetic
DSA image pairs using clinical CT data and synthetic
vessel skeletons.

2.2.1 | Forward-projected CT images

Mask images for the synthetic data were generated by
forward-projecting clinical CT images acquired with a

TABLE 1 Parameter settings for CT projection images and
vascular images.

Parameter CT projection images  Vascular images

Source data size

Tube voltage

Focal-spot-to-
isocenter
distance

Isocenter-to-
detector
distance

Detector size

Horizontal pixel
size

Vertical pixel size

Number of
projections

1024 x 1024 x 1024
voxels

N.A. (water
pre-correction
applied)

785 mm

415 mm

1024 x 1024 pixels

0.3 mm

0.3 mm
72

1024 x 1024 x
1024 voxels

70 keV

785 mm

415 mm

1024 x 1024 pixels

0.3 mm

0.3 mm
16

11.25°

Angular increment 5°

SOMATOM CounT photon counting CT research pro-
totype (Siemens Healthineers, Forchheim, Germany).
The cadaver measurements have been acquired in
scope of a forensic study in close collaboration
with the Institute of Forensic and Traffic Medicine
(Prof. Sarah Heinze), Heidelberg University, Heidelberg,
Germany, after being approved by the local ethics
review board (S 388/2014). The CT data included
the human head, torso as well as upper and lower
extremities. The parameter settings of the projec-
tion simulation are listed in Table 1. We picked in
total 105 isocenters within the eight whole-body CT
scans uniformly at random, and generated 72 pro-
jections (with 5° increment) per isocenter, resulting in
7,560 forward-projections. Figure 2 shows several rep-
resentative CT forward projections of different body
regions.
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FIGURE 2

TABLE 2 Parameter settings for simulating 3D vessel skeletons
with stochastic L-systems.

Parameter Values

Initial diameter dy {5x,2 < x <12, x € N*} pixels

Ratio of vessel length to diameter {x,4 <x<9,xeN*}

"d

Iteration number N, {x,4<x<11,xeN}

(1/¥2.1/315,1/V12)

Ratio of a branch vessel diameter
to its parent vessel diameter ryq

N* denotes the set of positive integers.

2.2.2 | Simulate vascular projection images
We applied stochastic L-systems'’ to generate vessel
skeletons. The highly flexible rules of the stochastic
L-systems allow for a rich variety of generated ves-
sels. A modified Bresenham algorithm'® and diameter
information were then used to generate vascular vol-
umes in 3D. The volumes generated by this method
had a pixel value 1 for vessels and 0 otherwise.
To simulate the change of contrast agent concen-
tration in vessels over time we applied a Gaussian
function.

Given the distance d(r) of the voxel r to the location of
the bolus injection along the vascular tree and the flow
velocity v, the time when the bolus reaches r is given as
fo = d(r)/v. Thus, the voxel value is weighted with

1

wir,t) = o2t~ (/o

(4)

to mimic the flow of the contrast agent. The param-
eter o denotes the temporal width of the Gaus-
sian bolus. One should note that this type of flow
simulation is neither physically nor hemodynamically
correct. Nonetheless, empirically, we find that the
Gaussian model helps the network to learn how to
cope with temporally varying contrast concentrations
(Appendix B.1).

In this work, we simulated a total of 1,584 vessel
skeletons with different vessel structures. Table 2 lists
the parameter settings used to generate these 3D vessel

Representative CT forward projections of the clinical data used in this study.

skeletons. The starting diameter of the synthetic vessel
was the given initial diameter plus a random value sam-
pled from a Gaussian normal distribution with a mean
of 0 pixel and a standard deviation of 5 pixels. All 3D
vessel skeletons were rescaled to a cube of 1024 pixels
on each side before the Gaussian function was applied
to simulate contrast flow.

Finally, by projecting these vessel skeletons from 16
different angles, a total of 25,344 vascular projection
images were obtained. Detailed information about this
vascular projection simulation is listed in Table 1. For
flow simulation, we set v to 50 pixels/s, o to 10 s, and
t to 12 s. Figure 3 shows some examples of simulated
vascular projection images.

223 |
pairs

Generate synthetic DSA image

We generate an x-ray image after administration of con-
trast F; from a CT forward projection image B and a
vascular projection image P via

Ft=F0+Tt
Fo=1-B (5)
Tt=—C‘(Pt

where B and P; are both normalized to [0, 1], and « is
an empirical ratio of the maximum value of a clinical
mask image and the maximum value of the correspond-
ing DSA image. F is regarded as a mask image, and
F; and T; constitute a synthetic DSA image pair. The a
was empirically set to a random value sampled uniformly
from [0, 0.6] in our study. The a setting can be adjusted
to suit different application data. To match noise lev-
els to those of conventional fluoroscopic images, we
introduced noise based on the statistics associated with
photons into the forward projections and measured the
noise levels in the images using signal-to-noise ratio
(SNR). Additional details of this process can be found in
Appendix C. Figure 4 shows two synthetic DSA image
pairs generated with our method.
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(a) do=10, rd=4, niter=4, rdds=0.94

(b) do=35, rid=6, niter=6, rad¢=0.87

(c) do=50, rna=4, niter=6, rad=0.79

FIGURE 3

(d) do=60, ra=8, niter=11, rad¢=0.79

Simulated vascular projection images at different angles. Parameter settings for generating vessel skeletons: (a)

do =10, riq =4, Niter = 4, rgq = 0.94 (b) dy = 35, riq = 6, Njter = 6, rqq = 0.87 (c) dy = 50, riq = 4, Niter = 6, rgg = 0.79 (d)

do = 60, fig = 8, Nier = 11, rgq = 0.79.

(a) Leg

(b) Torso

FIGURE 4 Synthetic DSA image pairs. (a) Left: synthetic x-ray image with a leg mask. Right: corresponding DSA image. (b) Left: synthetic

x-ray image with a torso mask. Right: corresponding DSA image.

23 |
231 |

Network and training
Training data

In our experiments we compared training meth-
ods with two types of datasets, the synthetic data
generated using our method, and a conventional
clinical dataset as used for training in previous
works.12-15

As described in Sections 2.2.1 and 2.2.2, a total
of 7,560 CounT projection images and 25,344 vas-
cular projection images were generated and utilized
for DSA image pair generation. Thereafter, synthetic
data were arbitrarily split into a training and test
dataset on a per-isocenters and per-vessel basis with

a approximately 9:1 ratio. A synthetic DSA image
pair was generated by randomly picking a CT pro-
jection image and a vascular projection image using
Equation (5).

As clinical training data 58 static C-arm acquisitions
(3,400 images) of the human leg were used. For eval-
uation of the trained models (both on synthetic and
clinical data), we used six additional C-arm acquisitions
(544 images), three of which were dynamic bolus chase
studies (cf. Figure 10).

To analyze the impact of the amount of clinical images
in the synthetic dataset on network performance, addi-
tional experiments with different training set size of
clinical image data were conducted and the results are
presented in Appendix B.2. In the following, all CT data
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are used to train the networks unless otherwise stated,
since the main purpose of the paper is to introduce a
new and effective method to generate synthetic data for
DDSA model training, and this approach achieves the
best results among all experiments.

Both synthetic and clinical data were normalized
to zero-mean unit-variance before feeding them into
the network.

2.3.2 | Networks

A 2D U-net® and a conditional geneartive adversarial
network (GAN)'® were employed as DDSA models. The
2D U-net? is utilized to learn a DSA image from an x-ray
image directly. The conditional GAN consists of a gen-
erator for learning a DSA image from an x-ray image
and a discriminator for judging whether an x-ray image
and a DSA image is a ground truth DSA pair or gener-
ated. Detailed architectures of the networks are given in
Appendix A.1.

2.3.3 | Implementation

The U-net model was trained by minimizing the pixel-
wise mean absolute error (MAE) loss between the
output and the ground truth. The conditional GAN model
was trained with a pixelwise MAE loss and a modi-
fied adversarial loss2%2! Additional training details are
provided in Appendix A.2. Our implementation was
based on the PyTorch framework (version 1.0.0, 2018;
Windows) and run on a workstation with 4 NVIDIA
GeForce RTX 3090 GPUs, each with 24 GB of mem-
ory. With the same parameter settings, we trained
both the U-net and the GAN on the synthetic dataset
and the clinical dataset, respectively. In the follow-
ing, we present the results for networks with minimal
validation loss.

3 | EXPERIMENTAL RESULTS

We test models on three clinical datasets. All data in the
three datasets come from a different patient. (1) Leg
data: This dataset includes three static leg data from
the clinical test dataset. The three data have an image
size of 1024 x 1024 pixels and contain 36, 127, and
100 images, respectively. These DSA sequences con-
tain few artifacts and can be used as ground truth. (2)
Abdomen and pelvis data. This dataset includes two
image sequences from two exams on the abdomen and
pelvis. The two data have image sizes of 960 x 1240
and 1240 x 960 pixels, each containing 21 images.
Due to the breathing motion, these DSA sequences
contain motion artifacts which severely affects their clin-
ical value. (3) Cardiac data. This dataset includes two

image sequences from coronary exams. The two data
have an image size of 1024 x 1024 pixels, and contain
47 and 25 images, respectively. Due to the heartbeat,
these DSA sequences are also with significant motion
artifacts. All three datasets are provided by Klinikum
Nirnberg (Nirnberg, Germany).

In the following we show images computed from tak-
ing the minimum value of each pixel over all frames
in a temporal sequence (minimum image). Either for a
DSA image sequence or a predicted DSA-like image
sequence, the minimum image shows all true vessels
and wrongly inferred vessels of the method through
the sequence.

Figure 5 presents results on the test leg dataset,
including conventional DSA, output of U-net trained
on clinical data with pixel-wise loss (DDSA-pix-clc),
output of U-net trained on synthetic data with pixel-wise
loss (DDSA-pix-syn), output of GAN trained on clini-
cal DSA data with pixel-wise loss and adversarial loss
(DDSA-adv-clc), and output of GAN trained on synthetic
data with pixel-wise loss and adversarial loss (DDSA-
adv-syn). For different DDSA models that training on
synthetic data can produce clearer DSA-like images
than training on the clinical DSA data. Results of DDSA-
pix-syn contain fewer wrongly inferred vessels and more
detailed vessels than DDSA-pix-clc. Both DDSA-adv-clc
and DDSA-adv-syn incorrectly inferred and lost more
vessels than DDSA-pix-clc and DDSA-pix-syn. In total,
tests on legs data show that models trained on synthetic
data are competitive with models trained on clinical data.

Figures 6 and 7 present results on the abdomen
and pelvis and cardiac datasets. Compared to con-
ventional DSA images, results of DDSA-pix-syn and
DDSA-adv-syn contain clearer vessels and much less
motion artifacts and noise. Results of DDSA-pix-syn
and DDSA-adv-syn contain more detailed vessels and
fewer artifacts than those of DDSA-pix-clc and DDSA-
adv-clc, respectively. Tests on abdomen and cardiac
data show that models trained on synthetic data outper-
form conventional DSA method and models trained on
clinical data.

To quantitatively evaluate the performance of differ-
ent methods, metrics of PSNR and SSIM were adopted.
Table 3 lists the PSNR and SSIM scores between results
produced by different models and DSA images on the
leg dataset. It can be concluded that the models trained
on our synthetic data perform better than those trained
on clinical data.

To further assess the similarity of vessels in DDSA
images to DSA images, we segmented the DDSA results
using Otsu thresholding algorithm on the leg dataset. We
performed segmentation on gamma-enhanced DDSA
images and followed it with erosion to achieve more
accurate segmentation. As shown in Figure 8, the
segmentations produced by models trained on syn-
thetic data exhibit more distinct vessel features than
those produced by models trained on clinical data. We
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X-ray image Conventional DSA DDSA-pix-clc DDSA-pix-syn DDSA-adv-clc DDSA-adv-syn

\

(©

FIGURE 5 Results on clinical leg data: (a)—(c) represent different test data. Left to right: the minimum images of original fluoro sequences,
conventional DSA sequences, results of DDSA-pix-clc, DDSA-pix-syn, DDSA-adv-clc, and DDSA-adv-syn. Blue arrows indicate more vessels
extracted by DDSA models trained on synthetic data. Red arrows indicate motion artifacts produced by conventional DSA method, and vessels
wrongly inferred and lost by DDSA models.

X-ray image Conventional DSA DDSA-pix-clc DDSA-pix-syn DDSA-adv-clc DDSA-adv-syn

FIGURE 6 Results on clinical abdomen and pelvis data. Left to right: the minimum images of original fluoro sequences, conventional DSA
sequences, results of DDSA-pix-clc, results of DDSA-pix-syn, results of DDSA-adv-clc, and results of DDSA-adv-syn. Blue arrows indicate more
or clearer vessels extracted by DDSA models trained on synthetic data. Red arrows indicate motion artifacts produced by conventional DSA
method, and wrongly inferred vessels by DDSA models.

TABLE 3 Quantitative comparison on the clinical leg dataset: PSNR and SSIM with 95% confidence intervals.

PSNR SSIM
Method Figure 5a Figure 5b Figure 5c Figure 5a Figure 5b Figure 5¢c
DDSA-pix-clc 42.50 +1.97 34.86 + 1.11 35.61 +3.30 0.9980 + 0.0009 0.9780 + 0.0018 0.9791 + 0.0193
DDSA-pix-syn 43.75 + 1.49 36.32 + 0.90 35.89 + 1.62 0.9982 + 0.0008 0.9820 + 0.0026 0.9845 + 0.0013
DDSA-adv-clc 40.16 + 1.24 32.80 + 0.41 33.09 +4.23 0.9962 + 0.0014 0.9645 + 0.0026 0.9684 + 0.0276
DDSA-adv-syn 42.94 +1.33 35.29 + 1.39 34.24 + 3.10 0.9978 + 0.0010 0.9787 + 0.0029 0.9811 + 0.0013

Note: The bold values denote the statistical significance of results of training on synthetic data compared to the results of training on clinical data, as determined by
a Wilcoxon signed-rank test with a significance level a« = 0.05.
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Conventional DSA DDSA-pix-clc

X-ray image

FIGURE 7

DDSA-adv-clc

DDSA-adv-syn

DDSA-pix-syn

1,&

Results on clinical cardiac data. Left to right: original fluoro image, conventional DSA, results of DDSA-pix-clc, results of

DDSA-pix-syn, results of DDSA-adv-clc, and results of DDSA-adv-syn. Blue arrows indicate more and clearer vessels extracted by DDSA
models trained on synthetic data. Red arrows indicate motion artifacts and wrongly inferred vessels by DDSA models.

Conventional DSA DDSA-pix-clc

DDSA-pix-syn

DDSA-adv-clc DDSA-adv-syn

(a) .....
(b) .....
(C) .....

FIGURE 8

Segmentation results on clinical leg data: (a)—(c) represent different test data. Left to right: the segments correspond to the

minimum images of conventional DSA sequences, results of DDSA-pix-clc, results of DDSA-pix-syn, results of DDSA-adv-clc, and results of

DDSA-adv-syn.

quantitatively evaluate the performance of different
DDSA segments by comparing them to the DSA seg-
mentations, which serve as the ground truth, using accu-
racy, precision, and Dice score. Pixels containing vessels
are considered as positive and vice versa. The evalua-
tion results are presented in Table 4. According to these

evaluation metrics, the segmentations of DDSA-pix-syn
and DDSA-adv-syn exhibit higher quality compared to
those of DDSA-pix-clc and DDSA-adv-clc, respectively.
The improvement in these metrics indicates that the
models trained on our synthetic data exhibit superior
overall accuracy and more accurate vessel identification.
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TABLE 4 Quantitative comparison on the segmentation results of clinical leg dataset: accuracy, precision, and Dice score with 95% confidence intervals.

Dice score
Figure 8a

Precision

Accuracy

Figure 8c

Figure 8b

Figure 8c

Figure 8a Figure 8b

Figure 8c

Figure 8a Figure 8b

Method

0.719 + 0.216
0.735 + 0.199
0.658 + 0.340
0.670 + 0.247

0.604 + 0.262
0.638 + 0.244
0.504 + 0.228
0.622 + 0.243

0.807 +0.391
0.822 + 0.124
0.779 + 0.190

0.677 + 0.361
0.757 + 0.007
0.596 + 0.482
0.722 + 0.342

0.770 + 0.050
0.938 + 0.037
0.596 + 0.056
0.817 + 0.027

0.869 + 0.321
0.898 + 0.165
0.801 + 0.157
0.887 + 0.004

0.980 + 0.008
0.983 + 0.007
0.973 +0.015
0.979 + 0.010

0.973 + 0.004
0.977 + 0.006
0.963 + 0.005
0.974 + 0.005

0.989 + 0.003
0.988 + 0.004
0.985 + 0.006

0.989 + 0.004
Note: The bold values denote the statistical significance of results of training on synthetic data compared to the results of training on clinical data, as determined by a Wilcoxon signed-rank test with a significance level

DDSA-pix-clc
a = 0.05.

DDSA-pix-syn

DDSA-adv-clc

0.835 + 0.124

DDSA-adv-syn

To delve deeper into the factors contributing to the
enhanced performance of the network model trained
on synthetic data, we conducted additional experiments
on the U-net model using three newly generated syn-
thetic datasets. These datasets were structured as
follows: Dataset A included an equal number of vas-
cular images and CT projection images of the leg, in
analogy to the clinical dataset; Dataset B comprised
an equal number of CT projection images of the leg,
similar to the clinical dataset, but incorporating all gener-
ated vascular images; and Dataset C contains an equal
number of vascular images as the clinical dataset, but
includes all CT projection images originating from differ-
ent anatomical regions. It is worth noting that we only
had CT projection images of the legs from four patients,
whereas the clinical DSA training data were derived from
58 patients. This apparent discrepancy makes the com-
parison between Dataset A and the clinical data not
entirely fair.

The models trained on the three aforemen-
tioned synthetic datasets using pixel-wise loss,
were further evaluated by testing them on the
three clinical datasets. We designate the models
trained on datasets A, B, and C as DDSA-equ-
all, DDSA-equ-masks, and DDSA-equ-vessels,
respectively.

The results are presented in Figure 9. The quantita-
tive results on the test leg dataset are shown in Table 5.
The networks trained using different synthetic datasets
effectively eliminate background artifacts. DDSA-
equ-all incorrectly identifies some bone structures as
vessels. With more simulated vessels used for training,
DDSA-equ-masks effectively eliminates these misiden-
tifications on the leg dataset. With more CT images
from different anatomical regions used for training,
DDSA-equ-masks effectively corrected most of these
misidentifications across the three anatomical datasets.
However, DDSA-equ-masks failed to identify specific
large-sized vessels in Figure 9¢ and f. This discrepancy
can be attributed to the smaller number of vessels used
in generating simulated data compared to CT projection
images, possibly leading to overfitting on leg data. This
overfitting causes the network to misclassify large ves-
sels as bones, resulting in their omission. The models
trained on synthetic datasets predicted more complete
vessels on both abdominal and cardiac data compared
to the models trained on clinical data. The quantitative
results on the leg data as shown in Tables 3 and 5
demonstrate that the results of DDSA-equ-masks are
better than those of DDSA-pix-clc and close to those of
DDSA-pix-syn. This suggests that when employing an
equivalent number of anatomical images and regions as
the clinical data, our synthesis method can incorporate
more vascular images during training, thereby improving
the quality of DSA images generated by the network.

We perform additional experiments by evaluating net-
works trained on both synthetic and clinical data on a
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DDSA-equ-all DDSA-equ-masks DDSA-equ-vessels FIGURE 9 Results of training with different

(a)

(b)

(©

(d)

dynamic bolus chase study. In this study, the patient table
was manually maneuvered to track the movement of the
contrast agent as it traveled through the femoral and tib-
ial vessels. Due to the motion of C-arm, conventional
DSA is not feasible for this exam. Therefore, a direct

numbers of anatomical regions and images:
(a)—(g) represent different test data. Left to right:
results of DDSA-equ-all, results of
DDSA-equ-masks, and results of
DDSA-equ-vessels. Blue arrows indicate more
and clearer vessels extracted by DDSA models
trained on synthetic data. Red arrows indicate
wrongly inferred vessels by DDSA models.

comparison between DDSA and conventional DSA can-
not be made. Figure 10 exhibits a frame captured from
the femur, where models trained on synthetic data can
extract similar DSA images as models trained on clinical
data. However, there are some fine vascular structures
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TABLE 5 Quantitative comparison of networks trained with different simulated datasets on the clinical leg dataset: PSNR and SSIM with
95% confidence intervals.
PSNR SSIM

Method Figure 9a Figure 9b Figure 9c Figure 9a Figure 9b Figure 9c
DDSA-equ-all 40.42+0.31 34.79+0.65 32.67+2.20 0.9977+0.0007 0.9797+0.0025 0.9808+0.0011
DDSA-equ-masks 43.53+1.35 36.27+0.66 35.94+2.18 0.9981+0.0008 0.9818+0.0022 0.9840+0.0009
DDSA-equ-vessels 43.81+1.74 35.57+0.71 32.13+6.53 0.9982+0.0009 0.9788+0.0030 0.9812+0.0053

X-ray image Conventional DSA DDSA-pix-clc DDSA-pix-syn DDSA-adv-clc DDSA-adv-syn

Conventional DSA
infeasible due to
table motion

FIGURE 10

Results on a bolus chase study. Left to right: original fluoro image, conventional DSA infeasible due to table motion, results of

DDSA-pix-clc, results of DDSA-pix-syn, results of DDSA-adv-clc, and results of DDSA-adv-syn.

that are not captured by the model trained on synthetic
data. This could be attributed to the limited variety of
sources for CT projection images. Although there were
7,560 CT projection images used to generate the syn-
thetic DSA image pairs, these images were derived
exclusively from CT scans of eight patients. Notably,only
four of the patients’ scans contained anatomical regions
of the legs.

4 | DISCUSSION

In this paper, we proposed a method to generate
abundant synthetic DSA image pairs for DDSA model
training. To our knowledge, this is the first proposal to
generate DSA data with synthetic vessels and CT data
and use them to train DDSA models.

We simulated a total of 1,584 3D vessel skeletons with
different sizes, lengths and branches using stochastic
L-systems. These simulated vessel skeletons and 105
CT data sets are used for DSA image pairs genera-
tion. In order to test the reliability and validity of the
synthetic data for DDSA models training, we trained a
U-net and a GAN, on synthetic data and on clinical data,
respectively. The test results on the leg, abdomen and
pelvis and heart datasets show that networks trained
on synthetic DSA data can extract visually clearer DSA-
like images than networks trained on clinical DSA data.
Our results contain much less artifacts and noise. Of
particular note is that our models perform better than
conventional DSAs on abdomen and cardiac data, as
can be seen in Figures 6 and 7. The quantitative eval-
uation of PSNR and SSIM for DSA images, along
with accuracy, precision, and Dice for DSA segmented

images, consistently shows the superiority of our
synthetic data.

Since the models trained on our synthetic data dras-
tically suppress the contribution of background, it can
be inferred that our methods are superior to the exist-
ing abdominal vascular DDSA study,'® even though we
tested on different exams in Figure 6. All these superior-
ities of our synthetic DSA dataset are mainly due to the
rich artifact-free synthetic DSA images. The synthetic
method enables the incorporation of different anatom-
ical images, thus improving the ability of the network
to accurately predict DSA images in various anatomi-
cal regions. This work can be extended to other vessel
extraction studies 2223

As indicated by the blue arrows in Figures 5, 6, and
7, DDSA-adv-clc and DDSA-adv-syn omit and wrongly
infer more vessels than DDSA-pix-clc and DDSA-pix-
syn, respectively. Some of the wrongly inferred struc-
tures are so similar to actual vessels that it is difficult to
visually identify them as incorrectly inferred vessels, and
thus we recommend using the pixel-loss trained network
instead of the adversarial trained network for this task.

The limitation of this work is that the DSA images
predicted by our methods still contain certain artifacts
coming from the mask images and may omit certain
vessels in particular data. These wrongly inferred and
omitted vessels occur primarily at the boundaries of
bones and tissues and where blood vessels and bone
are in close proximity. This is likely due to the fact that
in the presented method mask images and synthetic
vascular projection images are picked independently.
This problem may be alleviated by improving the way
CT projection images and synthetic vascular projection
images are combined, such as generating more DSA
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data in which the vascular branches are close to and
almost parallel to bones.

5 | CONCLUSIONS

This study developed a method generating synthetic
DSA image pairs to train neural network models for
DSA image extraction with CT images and simulated
vessels. Benefiting from diverse synthetic training data
and accurate synthetic DSA targets, models trained on
the synthetic data outperform models trained on clin-
ical data in both visual and quantitative assessments.
This approach compensates for the paucity and inad-
equacy of clinical DSA data. Its application can also be
expanded to include cerebral and retinal angiography.
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Chapter 5

Discussion & Outlook

E now want to summarize and discuss the results of the three presented projects and
their broader implications for the field of CT and medical imaging. In particular,
we want to focus on how our work addressed the three challenges with DNNs for

medical imaging discussed in the introduction (Chapter 1): scarcity of data, interpretability and
robustness, and fair evaluation of models. We also want to highlight some limitations of our
work and suggest directions for future research to overcome the challenges of deep learning-based

methods in medical imaging.

5.1 Benchmarking Low-Dose CT Denoising Networks

In our first project presented in Chapter 2, we proposed a benchmark framework for assessing
deep learning-based LDCT denoising algorithms in a fair and reproducible manner. We identified
several flaws in the experimental setup of many of these studies that limit the comparability
and reproducibility of the results and their claimed improvements. To overcome these flaws,
we introduced a unified dataset, a set of eight popular deep learning-based LDCT denoising
algorithms, a rigorous hyperparameter optimization, and a set of suitable evaluation metrics.
Using our benchmark suite, we evaluated the performance of the eight algorithms and found
that most of them showed only marginal improvements over previous methods, with many
performing similarly to RED-CNN [37], one of the earliest networks proposed for this task. GAN-
based models showed some superiority in preserving radiomic features, particularly in high-noise
settings like low-dose chest scans. However, the newer methods did not consistently outperform
older techniques. The findings suggest a need for more rigorous validation and evaluation in
LDCT denoising research, with the proposed benchmark providing a crucial foundation for
future developments.

We want to emphasize that similar “reality checks” have been performed in other areas of
deep learning research such as language modelling [83] and metric learning [84], often deriving
similar conclusions: Once hyperparameter optimization and other experimental details are con-

trolled for, newer methods often do not outperform older methods. Many of the issues that were
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Algorithm A Algorithm B
(additive Gaussian noise) (removed 10 small structures)

Ground truth

RMSE: 35 HU RMSE: 31 HU
SSIM: 0.94 SSIM: 0.99
PSNR: 33.8 dB PSNR: 34.8 dB

A Figure 5.1. A toy example to illustrate the limitations of traditional IQA metrics for evaluating medical image
reconstruction algorithms. The ground truth image (left) is altered by two hypothetical reconstruction algorithms.
Algorithm A adds a small amount of Gaussian noise (1 = 0HU, o = 35HU) to the image, while Algorithm B
removes ten small structures (see zoom-ins for two examples thereof). While Algorithm A is likely to be less
harmful in a clinical setting, traditional image metrics commonly used to evaluate deep learning-based medical
image reconstruction algorithms such as RMSE, SSIM, and PSNR would favor Algorithm B. C = —600HU,
W = 1500 HU.

analyzed in these and our work transfer to other areas of deep learning in medical imaging. In
particular, the lack of unified datasets and open-source code is a common issue in many areas
of medical imaging research, and we hope that our work will inspire researchers to release their
code and data to allow for better reproducibility and comparability of results in deep learning-
based medical imaging. In the following, we want to highlight some limitations of this work and

suggest directions for future research.

We hope that researchers will use our framework in the future to evaluate and benchmark
their novel algorithms. However, since many of the newly proposed methods are dual-domain,
meaning they employ networks that operate in both raw-data and image domain, it would be
beneficial to extend our benchmark suite from image-domain to dual-domain. Similarly, for
simplicity, we only considered 2D networks in our benchmark suite. However, many of the
newer methods consider multiple axial slices or even 3D volumes, and it would be interesting to

extend our benchmark suite to support a fair evaluation of 3D networks as well.

While LDCT image denoising is one of the most prevalent applications of deep learning for
CT imaging, there are many other research areas in medical imaging that would benefit from
a similar benchmark such as fast magnetic resonance imaging (MRI) [85], sparse-view CT [86],
MAR [54], or positron emission tomography (PET) image reconstruction [87]. We hope that
our work will inspire researchers in these areas to develop similar benchmark suites to evaluate

and compare their algorithms.

We acknowledge that a clinically meaningful evaluation of deep-learning based algorithms for
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medical imaging remains an open challenge. This work made some contributions towards better
IQA metrics for medical images by utilizing metrics that have previously been shown to better
correlate with human readers and by introducing a novel metric to evaluate the preservation
of radiomic features in the denoised images. Nonetheless, more work has to be invested in
the development of better metrics, particularly those that are sensitive to alterations of small
structures or lesions. Common full-reference IQA metrics such as SSIM or RMSE often fail in
this regard because small features in image space contribute only little to the overall measure
(see Fig. 5.1 for an illustrative example of this problem). If segmentations of clinically relevant
structures were available, this could be alleviated by overrepresenting these structures, similar
to the related problem of class imbalances in image segmentation and object recognition tasks
[88]. However, the definition of what is clinically relevant relies on the definition of a single
or multiple clinical tasks which is often difficult in practice. If such tasks can be defined, IQA
could also be performed indirectly by evaluating the performance on one or multiple downstream
clinical tasks (e.g., tumor segmentation or detection) using human readers or ML-based proxies
thereof. Evaluation using such proxies is particularly relevant given the increased use of ML for
computer-aided diagnosis (CAD), where reconstructed medical image data must be suitable for

human readers and ML algorithms simultaneously.

5.2 Invariances of Low-Dose CT Denoising Networks

In this project, presented in Chapter 3, we investigated the invariances of deep learning-based
low-dose CT image denoising networks. We developed a framework that reconstructs invariances
by adapting a method previously used for image classification networks to the task of LDCT
denoising. Applying this framework to four popular LDCT denoising networks, we found that
all networks are predominantly invariant to noise level and noise realization, as expected. We
further proposed two methods to analyze sampled invariances in terms of their alteration of
anatomical structures. Using these methods we found that the networks are also invariant to
anatomical structures, to some extent. Such invariances could lead to the removal or alteration
of clinically relevant features, highlighting the need for careful analysis of model behavior in
medical imaging applications. This work has some limitations and gives rise to future research
directions which we want to discuss below.

Similar to our benchmarking project (see Sec. 5.1), while LDCT denoising is a prevalent
application of deep learning in medical imaging, it would be interesting to analyze the invariances
of networks in other medical imaging tasks, including other modalities such as MRI or PET.
Furthermore, such invariances could also be analyzed in the context of medical image analysis
tasks such as segmentation, detection, or classification of pathologies.

In this work, we analyzed the sampled invariances only regarding their alteration of anatom-
ical structures and did not consider whether these alterations are also clinically relevant. This
could be done using a human reader study, where radiologists are asked to detect pathologies in

bot