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Abstract

Automatic detection of kidney cancer on computed tomography (CT) scans
can enhance diagnostic workflows, particularly as kidney tumors are fre-
quently discovered incidentally during unrelated imaging. While artificial
intelligence algorithms show promise in supporting radiologists, most meth-
ods rely on supervised learning and are constrained by the availability and
diversity of annotated datasets. Weakly supervised anomaly detection offers
an alternative by learning from large unannotated datasets, with recent work
demonstrating the use of diffusion models for anomaly detection through re-
construction of healthy versions of pathological images and computation of
voxel-wise differences.

To the best of our knowledge, this thesis presents the first fully 3D
anomaly detection pipeline for abdominal CT based on latent diffusion mod-
els. Our approach combines VQ-GAN autoencoders with DDPM and DDIM
sampling to perform reconstruction-based anomaly detection on full 3D kid-
ney volumes. The pipeline uses TotalSegmentator to select regions of interest
around each kidney and is trained using pseudo-labels automatically derived
from radiology reports, eliminating the need for manual annotations. We
benchmark our methods against state-of-the-art supervised models (nnU-
Net and nnDetection) across two datasets, conducting comprehensive eval-
uation including size-stratified analysis and component-wise assessment.

Our results show that while diffusion-based methods achieve some detec-
tion capability, they significantly underperform supervised baselines, with
DSC scores of 0.07−0.12 compared to 0.68 for nnU-Net, and F1 scores of
0.02−0.03 compared to 0.63−0.69 for nnU-Net and nnDetection. Contrary
to existing literature, our DDPM-based method outperformed our DDIM-
based method in our evaluation, which we attribute to the poor performance
of our classifier (AUC = 0.56). Our qualitative analysis demonstrates the
promise of diffusion-based reconstruction while identifying key issues.

While not achieving competitive performance or clinical viability, this
work provides valuable insights into the limitations of current approaches
and establishes a foundation for future improvements in diffusion-based med-
ical anomaly detection.
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Chapter 1

Introduction

Kidney cancer has a yearly incidence rate of approximately 400,000 new
cases worldwide [14]. Because patients often remain asymptomatic until
advanced stages, kidney tumors are frequently detected incidentally dur-
ing imaging performed for unrelated medical reasons [11]. Early and au-
tomatic detection of kidney tumors on computed tomography (CT) scans
could therefore provide substantial clinical value by supporting radiologists,
particularly in identifying small lesions that might otherwise be overlooked.

Current artificial intelligence approaches for kidney lesion detection rely
primarily on supervised learning, requiring extensive manual annotations by
medical experts [17, 19, 53]. While supervised methods like nnU-Net achieve
strong performance [32, 10], they face significant limitations: annotation
requires substantial time investments and medical expertise, is subject to
inter-rater variability [33, 43], and may generalize poorly to rare or unseen
abnormalities due to limited training data diversity [22].

Weakly supervised anomaly detection offers a promising alternative by
learning from large unannotated datasets. These methods identify lesions
as deviations from healthy anatomy using reconstruction-based approaches
with generative models. Recent advances in denoising diffusion models,
both probabilistic ones (DDPM) and implicit ones (DDIM), have shown
superior performance compared to traditional approaches like VAEs [13,
36] and GANs [23, 54] in both medical image generation [34] and anomaly
detection [67, 68].

However, current diffusion-based anomaly detection methods face three
critical limitations that prevent clinical adoption. First, existing approaches
operate predominantly on individual 2D slices, while state-of-the-art su-
pervised methods process full 3D volumes to capture complex anatomical
relationships. Second, existing research has focused primarily on brain MRI,
a relatively homogeneous imaging domain, with limited exploration of chal-
lenging anatomical regions like the abdomen where tissue heterogeneity and
organ complexity pose greater reconstruction challenges. Finally, the field
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lacks benchmarking against supervised state-of-the-art methods, making it
difficult to assess whether these diffusion-based approaches can compete
with established methods.

In this thesis, we address these limitations and make the following con-
tributions:

1. We propose the first 3D latent diffusion pipeline for kidney lesion de-
tection. Our pipeline combines TotalSegmentator to automatically
identify kidney regions of interest, 3D latent diffusion models trained
on healthy kidney regions, and classifier guidance during reconstruc-
tion to identify anomalous regions. We implement and compare both
DDPM and DDIM sampling methods, and train the system using only
pseudo-labels derived from routine clinical CT scans with radiological
reports, eliminating the need for manual annotations.

2. We perform a benchmark comparison against supervised segmentation
and detection models, a gap often overlooked in literature on diffusion-
based anomaly detection.

3. We perform an elaborate analysis of the sub-components of the pipeline,
highlighting the flaws in the method and aiding future research into
this topic.

1.1 Research Questions

To systematically evaluate our proposed approach, we formulate the follow-
ing research questions grouped into three categories:

1. Latent diffusion-based kidney anomaly detection performance.

RQ1a Which of the two sampling methods (DDPM, DDIM) reaches the
highest segmentation performance on the test sets?

RQ1b Which of the two sampling methods (DDPM, DDIM) reaches the
highest detection performance on the test sets?

RQ1c How does the performance of the models vary with different lesion
sizes, based on the TNM staging system for renal cancer?

2. Comparison against supervised baselines.

RQ2a Does a dedicated detection model, like nnDetection, outperform
the existing nnU-Net baseline on detection performance?

RQ2b Can weakly supervised, diffusion-based methods perform on par
with supervised segmentation methods, like nnU-Net?

RQ2c Can weakly supervised, diffusion-based methods perform on par
with supervised detection methods, like nnDetection and nnU-
Net?
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3. Individual subcomponent performance.

RQ3a What is the generative performance of our latent diffusion model?

RQ3b How well does the classifier perform at distinguishing healthy
from unhealthy kidneys in the noised latent space?

RQ3c How well does TotalSegmentator detect kidneys in the test datasets?

1.2 Thesis Structure

The structure of this thesis is as follows: Chapter 2 provides the necessary
background on CT imaging, kidney anatomy, and the core generative models
used in our approach. Chapter 3 reviews related work in both supervised and
unsupervised medical detection tasks, highlighting relevant work on kidney
lesion detection and diffusion based anomaly detection in medical imaging.
Chapter 4 details our proposed 3D latent diffusion pipeline. This chap-
ter also describes the datasets we use and how we generate pseudo-labels
for our weakly-supervised method. Chapter 5 outlines our experimental
methodology, including hyperparameter optimization, the evaluation and
benchmarking of our complete pipeline, evaluation on different lesion sizes,
and the evaluation of the sub-components that make up the pipeline. Chap-
ter 6 presents and interprets the results for all the experiments described in
Chapter 5. Finally, in Chapter 7, we answer our research questions and dis-
cuss the implications of our results, limitations and future directions, while
Chapter 8 summarizes our key findings.
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Chapter 2

Background

2.1 Clinical background

This section serves to provide the reader with the clinical background knowl-
edge required to understand the rest of the thesis. First, the basics of CT
are covered, followed by an introduction to kidney anatomy, function, and
lesions.

2.1.1 Computed Tomography

Modern medicine relies on several imaging methods to visualize the interior
of a patient’s body without the need for invasive surgery. Common medical
imaging modalities include MRI (Magnetic Resonance Imaging), ultrasound,
X-ray, and CT (Computed Tomography). This thesis focuses on CT, a med-
ical imaging technique that uses multiple X-rays to compose a volumetric
image of the body.

(a) Axial (b) Coronal (c) Sagittal

Figure 2.1: CT image of the same anatomical region displayed in
the three orthogonal planes. a) axial plane (bottom-to-top), b) coronal
plane (front-to-back), and c) sagittal plane (right-to-left).
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During a CT scan, a detector ring acquires multiple X-ray images from
different orientations, which are reconstructed into a single cross-sectional
slice. By advancing the patient through the detector ring, multiple slices
are acquired, which are subsequently composed into a single 3D image that
can be examined from different planes (see Figure 2.1).

The intensity of each voxel (3D pixel) is represented in Hounsfield Units
(HU), which quantify the radiodensity of the tissue relative to water (0 HU)
and air (−1000 HU). Denser tissues such as bone exhibit positive HU values
(typically 1000+ HU), while less dense tissues such as fat exhibit negative
values (around −100 HU). When viewing CT scans, a window with level
L and width W is selected; only HU values within this range (L−W/2 to
L+W/2) are displayed. The selection of different windows improves the
visibility of details for specific tissue types (see Figure 2.2).

(a) Bone window
(W:1800 L:400)

(b) Lung window
(W:1500 L:-600)

(c) Soft tissue window
(W:250 L:50)

Figure 2.2: CT image of the same anatomical region displayed in the
coronal plane, visualized with different window levels and widths.
The window selection allows enhanced detail visualization for different tissue
types.

Several acquisition and processing parameters influence the visual qual-
ity of CT images. The spatial resolution and slice thickness are fundamental
factors that determine voxel dimensions. These parameters are constrained
by the CT scanner specifications, with older systems requiring larger vox-
els to maintain adequate signal-to-noise ratios, while modern scanners can
achieve higher spatial resolution and thinner slice thickness while preserving
image quality. However, the highest available resolution is not always opti-
mal due to increased radiation exposure to the patient and elevated noise
levels. The reconstruction kernel represents another critical parameter in
the conversion of raw CT data to the final image. Kernel selection involves
a trade-off between image characteristics. Sharp or edge-enhancing kernels
excel at preserving fine anatomical details and boundary definition but in-
troduce texture noise in homogeneous tissue regions, whereas smooth kernels
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optimize the visualization of large anatomical structures and reduce noise
at the cost of spatial resolution and edge sharpness.

To improve the visibility of certain anatomical structures, a contrast
agent can be administered to the patient. This contrast agent exhibits high
radiodensity in CT imaging, thereby enhancing the visualization of specific
anatomical structures. The time interval between contrast administration
and CT scan acquisition determines which anatomical structures are en-
hanced. This timing can be broadly categorized into the following ranges,
referred to as contrast phases [55]:

• Early arterial phase: 15-20 seconds after injection.

• Late arterial phase: 35-40 seconds after injection.

• Hepatic or late portal phase: 70-80 seconds after injection.

• Nephrogenic phase: 100 seconds after injection.

• Delayed phase: 6-10 minutes after injection.

2.1.2 Kidneys and Kidney Lesions

Figure 2.3: Cross-sectional anatomy of the kidney showing major
structural components. The main regions of interest are the renal cortex,
renal medulla, renal pelvis, and the renal artery and vein connecting at the
hilum. Adapted from [9].

Both kidneys and ureters are clearly visible on most CT scans. Contrast
enhancement is frequently employed to distinguish between the medulla and
cortex.

Kidney lesions are defined as any areas of the kidney that are visually
distinct from normal, healthy kidney tissue. These may manifest as cysts,
fluid-filled sacs that are typically benign, or tumors, solid masses that are
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potentially malignant [50]. Tumors can be further classified as either benign
(such as adenomas, oncocytomas, and angiomyolipomas [42]) or malignant.
Differential diagnosis is performed through evaluation of the lesion using sev-
eral imaging modalities, including CT with different contrast phases, MRI,
and PET scans. Malignancy can also be confirmed through histopatholog-
ical analysis of tissue samples acquired via biopsy. Malignant tumors that
originate within the kidney are classified as renal cell carcinomas (RCC),
whereas tumors that have metastasized from other primary sites are termed
metastases.

TNM staging for kidney cancer

The TNM (Tumor, Node, Metastasis) staging system is used to determine
the severity of a cancer [60]. The TNM stage is made up of three compo-
nents, according to criteria specific to the organ in which the cancer orig-
inated. In this subsection, we cover the TNM staging system for RCC
specifically.

First, the T stage describes the size of the tumor:

T1 The tumor is under 7cm in diameter and falls completely within the
kidney.

T1a The tumor is 4cm in diameter or smaller.

T1b The tumor is between 4cm and 7cm in diameter.

T2 The tumor is larger than 7cm in diameter, but still falls completely
within the kidney.

T2a The tumor is between 7cm and 10cm in diameter.

T2b The tumor is over 10cm in diameter.

T3 The tumor has grown outside of the kidney, including the renal vein or
the vein that takes blood back to the heart (vena cava). The tumor has
not grown into the adrenal gland or outside the tissue encapsulating
the kidney (fascia).

T3a The tumor has grown into nearby tissue or the renal vein.

T3b The tumor has grown into the vena cava.

T3c The tumor has grown into the vena cava beyond to above the
diaphragm or has grown into the wall of the vena cava.

T4 The tumor has grown into the tissue beyond the fascia, including po-
tentially the adrenal gland.

Second, the N stage describes lymph node involvement:
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N0 There are no cancer cells present in the lymph nodes close to the
kidney.

N1 Cancer cells are present in the lymph nodes close to the kidney.

Lastly, the M stage describes the presence of metastases:

M0 The cancer has not metastasized to other organs.

M1 The cancer has metastasized to other organs.

2.2 Generative models

The objective of generative models is to enable the generation of new samples
that possess the same properties as samples from an existing dataset. This
process can be conceptualized as sampling from the distribution p(x) of
the existing dataset. In practice, direct sampling from p(x) is intractable,
since the exact data distribution is unknown. Therefore, instead of sampling
directly from p(x), a generative model pθ is learned that takes a sample from
the Gaussian distribution z ∼ p(z) = N (0, I) and models the distribution
pθ(x|z).

In this section, the mathematical background of the three most impor-
tant generative models necessary to understand the rest of the thesis is
presented. The following subsections explain Auto-Encoders, Adversarial
Networks, and Diffusion Models individually and then describe how these
techniques combine into the architecture used in this thesis, called Latent
Diffusion.

2.2.1 Auto-Encoders

A traditional Auto-Encoder (AE) consists of an encoder E and a decoder D
network. The encoder network transforms input data x to a feature vector
z = E(x) (also called the bottleneck) with a smaller size. The decoder
network in turn transforms z into output data x′ = D(z) with the same size
as x. During training, the model is taught to minimize the difference between
x and x′, typically using a loss function, e.g. the Mean-Squared Error (MSE)
loss: L(x, x′) = ||x − x′||2. This full process is depicted in Figure 2.4 The
resulting model can then be used for dimensionality reduction or feature
learning. Since the only training objective for an AE is the minimization
of the reconstruction loss, no constraints are placed on the distribution of
the latent variables z. This results in the latent space of an AE having
no reliable structure, and sampling from it is not guaranteed to produce
meaningful output after decoding [36]. These problems are mitigated by
Variational Auto-Encoders, as introduced in the following section.
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Figure 2.4: The auto-encoder architecture. The encoder E and decoder
D are trained jointly to learn a conversion between image space (x and x′)
and a latent space (z) by minimizing the reconstruction loss LMSE .

Variational Auto-Encoders

Variational Auto-Encoders [36] (VAEs) are a member of the auto-encoder
family that uses probabilistic modeling. Where a traditional Auto-Encoder
maps a given input x to a specific vector z in latent space, a Variational
Auto-Encoder maps x to a latent distribution q(z|x), given by the multi-
variate gaussian distribution N (µ, σ2I) where µ is the mean vector and σ2

is the variance vector. The latent vector z is then a sample from this latent
distribution z ∼ N (µ, σ2I).

The reparameterization trick Due to its stochastic nature, this sam-
pling process is inherently non-differentiable. To address this problem,
the reparameterization trick is applied: Instead of directly sampling z ∼
N (µ, σ2I), we take a sample ϵ ∼ N (0, I) and use it to calculate z = µ+ σϵ.
By treating ϵ as a constant, differentiation becomes possible again.

The ELBO loss To use the model to generate new data, we want to be
able to sample a latent vector z from the prior distribution p(z) and use it
to calculate x′ ∼ pθ(x|z). In order to generate high quality data, we need to
optimize the parameters θ, such that we maximize the probability that our
model generates data from the distribution. That is, we want to maximize
pθ(x) or, equivalently, maximize ln pθ(x), which is also called the marginal
likelihood or themodel evidence. Since ln pθ(x) is intractable, meaning that it
cannot be directly optimized, a lower bound of it is optimized instead, called
the Evidence Lower BOund (ELBO). In the original paper, this ELBO is
derived to be the following:

ln pθ(x) = Eqφ(z|x)[ln pθ(x|z)]−DKL[qθ(z|x)∥p(z)] (2.1)

Where qϕ(z|x) is our encoder’s approximation of the posterior with param-
eters ϕ and pθ(x|z), pθ(x|z) is the decoder’s likelihood function with pa-
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Figure 2.5: The Variational Auto-Encoder. The encoder E learns the
conversion from an input x to a mean µz and standard deviation σz, which
together describe a normal distribution N (µz, σ

2
z). Using the reparameter-

ization trick, a latent vector z ∼ N (µz, σ
2
z) can be sampled. The decoder

model D in turn learns a conversion from the latent space back to the image
space (x′). The loss function now includes the KL divergence loss to ensure
z is normally distributed. During inference, D can be used to generate new
samples.

rameters θ and p(z) is the prior distribution. The first component of this
equation, representing the likelihood of reconstructing the original data from
z given the model, can be estimated with a reconstruction error. The lower
the reconstruction error, the higher the likelihood of our model. The second
part of the equation is simply the Kullback-Leibler (KL) [37] divergence be-
tween the latent space of our model q(z|x) and the desired prior over our
latent space p(z). Since the latent space should be normally distributed,
this last term is the KL divergence between the latent space of the model
and the Gaussian distribution. Based on this, the following loss function for
the VAE model can be derived:

LV AE = LELBO = Lrecon + LKL (2.2)

Because of the likelihood-based training of VAEs, the resulting model has
excellent mode coverage, meaning that the output it produces follows the
distribution of the original training data, without under- or over-representing
certain modes. However, a side effect of this likelihood-based training is that
the model predicts the expected value of each pixel, instead of the most likely
value. This has the result that, when multiple values are likely, the output
is an average over possible values. This can lead to blurry results.

Vector Quantized Variational Auto-Encoders

VQ-VAEs [61] adapt the traditional VAE architecture by adding vector-
quantization. During training of this framework, the encoder E maps an
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Real

Fake

Figure 2.6: The Generative Adversarial Network. GANs consist of
two models: a generator G that creates fake samples x′ from random noise
z, and a discriminator D that distinguishes between real samples x and
fake samples x′. The two models are trained jointly through adversarial
optimization, where the generator loss is derived from the discriminator’s
classification performance on generated samples.

input volume x to a latent representation ze(x) ∈ R
H×W×D×C which is

then quantized by replacing each feature vector with its nearest neighbor ek
from a codebook Z of size K. The resulting quantized embedding zq(x) ∈
R
H×W×D is defined as:

zq(x)i,j,k = argminek∥ek − ze(x)i,j,k∥2 (2.3)

During training, a codebook loss Lcodebook = ∥sg[ze(x)] − zq∥22 and com-
mitment loss Lcommit = ∥ze(x) − sg[zq]∥22 are added, where the sg operator
prevents gradient propagation through these terms. These loss functions
promote alignment between the codebook vectors and the encoder outputs.

2.2.2 Generative Adversarial Networks

Generative Adversarial Networks [23] (GANs) take a different approach from
auto-encoders. Instead of working with a single network consisting of an en-
coder and a decoder and minimizing the ELBO loss for both components
jointly, they consist of two separate models: a generator, and a discrimi-
nator. The generator model G that learns to generate a sample x′ from a
random noise sample z, while the discriminator D is trained to distinguish
between real data samples x and fake samples x′ produced by the generator.

Compared to VAEs, images produces by GANs are very realistic and
include sharp details at the expense of mode coverage. However, they are
notoriously difficult to train, since they are susceptible to mode collapse
where the generator learns to generate one specific type of example that can
fool the discriminator. They are also prone to vanishing gradient problems.
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Vector-Quantized Generative Adversarial Networks

Vector-Quantized Generative Adversarial Networks (VQ-GANs) [18] com-
bine the strengths of VQ-VAEs and GANs. To improve the realism and
quality of the reconstructed images, they incorporate adversarial training
by jointly learning a discriminator alongside the autoencoder.

Lastly, alongside the traditional reconstruction loss Lrec = ∥x − x̂∥
present in regular (VQ)-VAEs, an additional perceptual loss Lperc = ∥ϕ(x)−
ϕ(x̂)∥22 is used, where ϕ represents a feature extractor.

2.2.3 Diffusion Models

Diffusion Models were first introduced by Sohl-Dickstein et al. in 2015 [57]
and were heavily inspired by the physical diffusion process where material
moves from regions of a high density to regions of a lower density over
time. In this process, we start with the material following a very specific,
complex distribution (all the material being concentrated in places of high
density), and for each timestep t this distribution shifts towards a simpler,
more uniform distribution (all the material being equally distributed with
uniform density). With Diffusion Models, we perform a similar process:
starting with the distribution of our data p(x0), we apply a transformation
q(xt|xt−1) for each timestep t out of T total time steps until we reach the
Gaussian distribution p(xT ) = N (xT ; 0, I). The transformation we apply is
the addition of Gaussian noise according to a variance schedule β1, . . . , βT :

q(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI) (2.4)

We multiply the mean by
√
1− βt in order to ensure that xt has the same

variance as xt−1.
During training, we want to optimize our model to provide the highest

probability on the training data pθ(x0), which is equivalent to minimizing
the expectation of the negative log likelihood: E[− log pθ(x0)]. Since this
problem itself is intractable, we instead minimize the lower bound of the
negative log-likelihood, bringing us to an ELBO loss that is formulated as
follows:

LELBO = Eq

[

− log
pθ(x0:T )

q(x1:T |x0)

]

= Eq



− log p(xT )−
∑

t≥1

log
pθ(xt−1|xt)
q(xt|xt−1)





(2.5)
During training, the model is taught to predict pθ(xt−1|xt). To improve
training efficiency, ᾱt =

∏t
s=1 αs can be pre-computed for every timestep t.

Where αt = 1− βt. This allows us to calculate q(xt|x0) in one step:

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I) (2.6)
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Noise schedule

latent representations
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Denoising
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Figure 2.7: DDPM training and sampling process. a) During training, noise is progressively
added to real images, and the model pθ learns to predict this noise. b) During sampling, the process
is reversed: starting from pure noise, the model iteratively removes predicted noise to generate new
images.

Denoising Diffusion Probabilistic Models

Denoising Diffusion Probabilistic Models (DDPMs), introduced in [29], made
two major improvements to the Diffusion architecture.

First, the diffusion process was reframed as an iterative denoising task.
Rather than directly modeling pθ(xt−1|xt), they train a model ϵθ(xt, t) that
predicts the noise ϵt added at timestep t. The simplified loss function then
becomes:

Lsimple = Et,x0,ϵt [∥ϵt − ϵθ(
√
ᾱtx0 +

√
1− ᾱtϵ, t)∥2] (2.7)

During sampling, we start with pure noise xT ∼ N (0, I) and iteratively
apply our learned denoising model (see Figure 2.7b):

xt−1 =
1√
αt

(

xt −
1− αt

1− ᾱt
ϵθ(xt, t)

)

+ σtz (2.8)

Where z ∼ N (0, I) if t > 1 and z = 0 if t = 1 and σt =
√
βt is a variance

parameter.
In total, this generation process takes T denoising steps, making it quite

computationally expensive. Despite these trade-offs, diffusion models out-
perform GANs and VAEs in image quality while having a high mode cover-
age [15].

Denoising Diffusion Implicit Models

While DDPMs outperformed existing methods in terms of image fidelity
and mode coverage, they still had significant limitations. Firstly, their in-
herently Markovian nature means that to create a sample, the model has to
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be run for T time steps, making inference very costly. Secondly, due to sam-
pling being a stochastic process, the process is inherently non-deterministic,
meaning that if you use the same sample from the latent space, the resulting
output will be different each time. This has the additional side effect that
the latent space is not semantically meaningful and smooth interpolation
between samples is not possible.

To alleviate these limitations, Denoising Diffusion Implicit Models (DDIMs)
were introduced [58]. DDIMs redefine the sampling method seen in Equa-
tion 2.8 as follows:

xt−1 =
√
ᾱt−1

(

xt −
√
1− ᾱtϵθ(xt, t)√

ᾱt

)

+
√

1− ᾱt−1 − σ2
t ϵθ(xt, t) + σtϵt

(2.9)
In this equation, different values for σt can be used to elicit different sam-

pling behaviors. Using σt =
√

(1−ᾱt−1)
(1−ᾱt)

√

1− ᾱt

ᾱt−1
, the sampling behavior is

exactly the same as regular DDPM sampling. When we set σt = 0, however,
sampling becomes entirely deterministic. Note that this method does not
require a different training approach, meaning that a model initially trained
for DDPM sampling can be used for DDIM sampling without the need for
retraining.

2.2.4 Latent Diffusion Models

Latent Diffusion Models (LDMs) [51] were introduced to make diffusion
models viable for high-resolution image generation by introducing a two-
stage synthesis approach. First, an auto-encoder model is trained to trans-
late between pixel-space and a compressed latent space. Subsequently, a
diffusion model is trained to generate samples in the latent space, which can
be translated into pixel-space using the decoder model of the auto-encoder.
This setup allows the diffusion model to learn semantically meaningful repre-
sentations, while the auto-encoder ensures visual realism of the final results.
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Chapter 3

Related Work

This chapter reviews the current landscape of deep learning in medical imag-
ing, examining state-of-the-art architectures for segmentation and detection
tasks across supervised and unsupervised paradigms. We focus particularly
on diffusion models for unsupervised medical anomaly detection and position
our work within the existing literature.

3.1 Deep Learning in Radiology

Deep learning has proven to be a powerful tool in medical imaging, partic-
ularly in Computer-Aided Detection (CAD) or Diagnosis (CADx) systems
that assist radiologists in locating and characterizing potential pathologies
in medical images. Studies in recent years have shown increasing evidence
that deep learning-based systems can achieve similar or improved perfor-
mance compared to radiologists on detection tasks [39, 27, 53, 5]. It has
also been shown in several contexts to outperform traditional risk stratifica-
tion methods [69, 62] and to be a promising tool for diagnosis and treatment
selection [59, 8]. Most importantly, clinical trials have shown that the use of
deep learning in radiology can improve patient outcomes while reducing the
workload of radiologists [47, 63, 38], solidifying the position of deep learning
as a useful and reliable tool in radiology.

3.2 Supervised Methods

Deep learning models in radiology are typically trained using supervised
learning, requiring labeled training samples with corresponding annotations.
The U-Net [52] has become one of the most influential architectures in med-
ical imaging, utilizing an encoder-decoder structure with skip connections
for image-to-image mapping tasks. Originally introduced for medical image
segmentation, U-Net has been successfully adapted to diverse applications
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including image denoising [41], registration [3], and cross-modal transla-
tion [70].

Building upon this foundation, nnU-Net [32] introduced a self-configuring
framework that automatically optimizes preprocessing parameters, training
procedures, and U-Net architecture for new datasets. This addresses a key
challenge in medical imaging: the need for task-specific architectural modi-
fications and hyperparameter tuning. nnU-Net has achieved state-of-the-art
performance across numerous medical imaging challenges, including recent
superior results on kidney lesion detection [10].

Complementing these medical-specific approaches, general computer vi-
sion architectures have also been successfully adapted for medical imaging.
The YOLO [49] (You Only Look Once) architecture has been applied to var-
ious medical detection tasks [48] and extended to fully volumetric medical
images [56], demonstrating the adaptability of established detection frame-
works to medical applications.

3.3 Unsupervised Methods

A significant limitation of supervised deep learning methods for medical
imaging tasks is the requirement of large annotated training datasets. Detec-
tion tasks require annotations such as bounding boxes or point annotations
to signify the location and size of medical objects of interest. Segmentation
tasks require pixel-level annotations of these objects. Both annotation types
are time-consuming to produce and require significant medical expertise.

Unsupervised methods offer a promising alternative by learning from
unannotated data. These approaches are particularly valuable in medical
imaging where pathological cases are often rare and diverse, making com-
prehensive annotation challenging.

Variational Autoencoders [36] have emerged as a popular choice for un-
supervised anomaly detection in medical imaging due to their ability to learn
compact latent representations of normal anatomy [13, 71]. By training on
healthy samples, VAEs learn to encode normal anatomical variations in a
lower-dimensional latent space. During inference, images that cannot be
accurately reconstructed or that produce latent representations far from the
learned distribution are flagged as potential anomalies.

An innovative lesion detection approach employs a Maximum-A-Posteriori
framework with a Gaussian-Mixture Variational Autoencoder [16] trained
solely on healthy data to model the prior distribution of normal anatomy, en-
abling unsupervised identification of abnormalities [13] on brain MRI. This
method leverages the assumption that healthy tissue follows predictable pat-
terns, and deviations from these learned representations indicate potential
pathology. The approach demonstrated promising results in detecting var-
ious types of lesions without requiring explicit lesion annotations during
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training.
Generative Adversarial Networks (GANs) [23] represent another class of

unsupervised methods that have shown promise in medical anomaly detec-
tion. These approaches typically involve training a generator to produce
realistic healthy images while a discriminator learns to distinguish between
real and generated samples. The trained generator can then be used to
generate healthy reconstructions of potentially pathological images, with
differences between the original and reconstructed images highlighting po-
tential anomalies. AnoGAN [54] and its variants have demonstrated this
approach’s effectiveness across various medical imaging modalities.

3.4 Diffusion Models for Medical Anomaly Detec-
tion

More recently, diffusion models have emerged as a promising alternative
to VAEs and GANs for medical anomaly detection [46, 67, 68]. The fun-
damental approach involves training diffusion models on healthy data and
using them to reconstruct healthy versions of potentially pathological im-
ages during inference. Differences between original and reconstructed images
indicate potential anomalies.

Early DDPM-based approaches [46] suffered from inaccurate reconstruc-
tions and numerous false positives. Subsequent work demonstrated that
DDIM sampling with classifier guidance [67, 20, 2] provides more deter-
ministic and accurate reconstructions, outperforming both naive DDPM
approaches and existing reconstruction-based methods. Alternative ap-
proaches have explored using simplex noise instead of Gaussian noise to
improve reconstruction quality [68, 44], techniques to iteratively focus the
reconstruction process only on anomalous regions [6], or using likelihood-
based methods to detect anomalies based on the activations of diffusion
models [31].

3.5 Research Gap

Despite promising developments, current diffusion-based anomaly detection
methods face several significant limitations that restrict their clinical appli-
cability. First, all existing approaches operate on 2D images or individual
slices of 3D scans, fundamentally limiting their clinical utility since radiol-
ogists routinely analyze 3D volumetric data to understand spatial relation-
ships and contextual information crucial for accurate diagnosis. Processing
3D scans slice-by-slice discards valuable volumetric information and inter-
slice dependencies. Limited research exists applying diffusion-based anomaly
detection directly to 3D imaging, with only one work comparing Latent Dif-
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fusion Models to Latent Transformer Models for out-of-distribution detec-
tion [24], a task closely related to anomaly detection.

Second, existing research has predominantly focused on MRI imaging
of the brain [67, 68], with limited work done on abdominal imaging [2].
This narrow focus limits generalizability to other anatomical regions that
present different challenges in anatomy complexity, contrast characteristics,
and pathology presentation.

Finally, current methods have primarily been evaluated against other
unsupervised approaches such as VAEs and GANs [67, 68, 6, 46]. While
these comparisons demonstrate relative merits among unsupervised tech-
niques, they fail to establish whether diffusion-based methods can compete
with state-of-the-art supervised methods that represent the current clinical
standard.
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Chapter 4

Methods and Materials

In this chapter, we present the methods and materials used in our research.
We first introduce the proposed method for kidney anomaly detection us-
ing diffusion models, giving an overview of the overall pipeline, the post-
processing we use, and the mathematical foundations behind its components.
We then describe the datasets used for training and evaluation, including
our annotated datasets, as well as our unannotated dataset and the proce-
dure we use to generate pseudo-labels. Lastly, we cover the implementation
and training details for our proposed method.

4.1 Overview of the Proposed Method

We propose a novel method based on existing research on diffusion-based
anomaly detection and latent diffusion for medical imaging. We implement
a pipeline for kidney anomaly detection in 3D CT volumes. In this section,
we give an overview of the proposed pipeline, including its components and
the underlying mathematical principles.

4.1.1 Anomaly Detection Pipeline

A visual overview of our proposed pipeline is shown in Figure 4.1. Each
input CT scan is resampled to 1 mm isotropic resolution. Kidney segmen-
tation masks are obtained using TotalSegmentator [65] (fast preset), and
96× 96× 128 mm patches are extracted around each kidney. These patches
are encoded into a latent representation using the VQ-GAN encoder (Sub-
section 2.2.4). Within the latent space, the patch undergoes L steps of
the forward (noising) diffusion process followed by L denoising steps using
classifier-guided DDPM or DDIM sampling (Subsection 4.1.2). The denoised
latent patch is decoded back into pixel space using the VQ-GAN decoder,
producing a healthy reconstruction of the original input. Anomaly maps
are computed as voxel-wise differences between the original patch and the
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reconstruction, resampled to the native resolution, and reconstructed into a
full-scan anomaly map.

Pixel Space Latent Space
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m
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r

Figure 4.1: Overview of the proposed anomaly detection pipeline. Kidney patches, extracted
using TotalSegmentator masks, are encoded into a latent space via the encoder of a VQ-GAN. The
latent patch undergoes L forward (noising) diffusion steps, followed by L reverse (denoising) steps
with classifier guidance. The denoised latent patch is decoded to produce a healthy reconstruction.
Subtracting this from the original yields the anomaly map.

Post-Processing

After obtaining the anomaly map, we apply several post-processing steps to
convert it into a binary segmentation map and reduce false positives.

First, thresholding is applied to the anomaly map produced by the
pipeline to convert it into a binary segmentation map. Similar to [67], the
threshold value is calculated by globally applying the Otsu method [45] over
all anomaly maps produced for the test set. This method automatically de-
termines the optimal threshold for converting a grayscale image to binary by
finding the threshold value that minimizes the weighted sum of within-class
variances for the foreground and background pixel groups.

To reduce noise and false positives in the resulting binary map, we first
mask the binary segmentation to include only voxels within the kidney re-
gions, as determined by the TotalSegmentator kidney segmentation masks.
Morphological opening and closing operations are then applied, followed by
a hole filling algorithm. This reduces noise and artifacts generated around
the border of the kidney. Connected component analysis is performed and
a two-step size filtering approach is applied to remove small artifacts. First,
we remove any connected components smaller than 20 voxels in total, which
is computationally efficient to calculate. Subsequently, we apply a more
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precise geometric constraint by removing lesions with a largest diameter
smaller than 3mm in the axial plane, measured by taking the largest side of
the smallest fully covering bounding box. This 3mm threshold aligns with
the size criteria used for our baseline methods (Subsection 5.3.1), ensuring
consistent evaluation across all approaches.

4.1.2 Anomaly Detection Using Diffusion Models

To apply DDPMs to anomaly detection, a noised version xL of the input is
created using the forward process (Equation 2.4), followed by the sampling
process described in Equation 2.8 for T − L steps to construct x′0, which is
expected to approximate a healthy version of the original image. Addition-
ally, classifier guidance [15] can be used to explicitly guide the generative
process towards healthy reconstructions by replacing ϵθ with ϵ̂ defined as:

ϵ̂(xt) = ϵθ(xt)−
√
1− ᾱt∇xt logCϕ(y|xt, t) (4.1)

where Cϕ is a classifier on noisy images xt.
Due to the stochastic nature of the noising process, standard DDPMs

have been shown to yield suboptimal results for anomaly detection [67, 68].
To address this limitation, the proposed method compares Denoising Dif-
fusion Implicit Models (DDIMs) [58], which provide a deterministic and
reversible sampling process, with DDPMs. In DDIM, the reverse step is
formulated as:

xt−1 =
√
ᾱt−1

(

xt −
√
1− ᾱtϵθ(xt, t)√

ᾱt

)

+
√

1− ᾱt−1ϵθ(xt, t) (4.2)

As shown in [67], this process can be reversed to calculate xt+1 given xt:

xt+1 = xt+
√
ᾱt+1

[(

√

1

ᾱt
−
√

1

ᾱt+1

)

xt +

(
√

1

ᾱt+1
− 1−

√

1

ᾱt
− 1

)

ϵθ(xt, t)

]

(4.3)
allowing deterministic noising and denoising of an original image.

4.1.3 3D Latent Diffusion

To enable efficient processing of 3D medical images, the proposed method
applies latent diffusion [51], where the diffusion process operates in a com-
pressed latent space rather than directly in pixel space, as explained in Sub-
section 2.2.4.

For this purpose, we adopt the architecture introduced in [35], which
was designed for 3D medical image generation. This architecture uses a VQ-
GAN Section 2.2.2 as the autoencoder model. During training, adversarial
loss is calculated using a slice-level discriminator, as well as a volume-level
discriminator. The first five blocks of a pre-trained VGG16 function as the
feature extractor used to calculate the perceptual loss.
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4.2 Datasets

4.2.1 Supervised Training Data

This subsection describes the annotated datasets obtained from Radboudumc
and the KiTS challenges. An overview of the characteristics for each indi-
vidual dataset, as well as for the combined datasets used to train nnU-Net
and nnDetection, is provided in Table 4.1.

Table 4.1: Characteristics of our supervised training datasets. This table compares properties
of the KiTS (USA) and Radboudumc (Netherlands) datasets, both individually and when combined for
training nnU-Net (full dataset, 693 scans) and nnDetection (80% subset, 554 scans). For each dataset, we
report the country of origin and number of cases. For per-case metrics (lesion count, mean lesion volume,
mean kidney volume including lesions, in-plane resolution, and slice thickness), we report the mean and
standard deviation across all cases. In the calculation of lesion and kidney properties, we first remove
disconnected artifacts smaller than 2.0mm3 and 100.0mm3 for lesions and kidneys, respectively. Lastly,
we ignored cases without lesions in the calculations for lesion count and mean volume.

KiTS Radboudumc Radboudumc + KiTS

nnU-Net (100%) nnDetection train (80%)

Country USA Netherlands Mixed Mixed

Number of scans 479 214 693 554

Number of lesions 2.8 (±2.9) 4.6 (±5.6) 3.2 (±3.8) 3.2 (±3.6)

Lesion volume (103 mm3) 85.5 (±181.6) 17.72 (±84.5) 70.4 (±167.4) 69.4 (±170.3)

Kidney volume (103 mm3) 277.5 (±154.1) 187.0 (±105.3) 249.7 (±146.9) 246.8 (±139.0)

In-plane resolution (mm) 0.80 (±0.11) 0.75 (±0.07) 0.78 (±0.10) 0.78 (±0.10)

Slice thickness (mm) 3.35 (±1.70) 1.22 (±0.37) 2.69 (±1.73) 2.67 (±1.73)

KiTS

The KiTS dataset, made publicly available for the KiTS19 [26], KiTS21 [25],
and KiTS23 challenges, contains images and corresponding annotations for
489 CT images belonging to 489 patients. All patients in the dataset under-
went a medical procedure for suspected kidney cancer between 2010 and 2022
at USA-based hospitals. The included CT scans are contrast-enhanced scans
taken before the procedure. The annotations contain segmentations for the
kidney (including non-fat tissue in the hilum), tumors, and cysts. Annotated
tumors are masses that were confirmed to be malignant through histopathol-
ogy. Annotated cysts were confirmed radiologically or histopathologically.
Annotations were performed by trainees (including residents, medical stu-
dents, and undergraduates planning to study medicine), trained by experts

26



(consisting of radiologists, urologic oncologists, and urologic oncology fel-
lows). In cases of low agreement between trainees, segmentations were fur-
ther reviewed by the experts.

For our research, we used 479 scans from this dataset. Since we are
not interested in subtyping the lesions but only in detecting all lesions, the
classes for suspected tumors and cysts were merged into a single lesion class.

Radboudumc

The second supervised training set is a publicly available dataset from Rad-
boudumc [40]. The dataset contains 215 contrast-enhanced CT scans from
215 patients taken at Radboudumc during clinical routines in 2015. 102 of
these cases contain kidney abnormalities, including cysts, lesions, masses,
metastases, or tumors. The other 113 cases do not contain any kidney ab-
normalities. The full patient cohort (which includes the dataset described
in Subsection 4.2.3 as well as the one described in this paragraph) has an
average age of 60, ranging from 22 to 84 years old, and consists of 56%
males. The cohort also contains cases where a nephrectomy (kidney re-
moval) has already been performed. This dataset contains 17 cases where a
left nephrectomy was performed and 18 cases with a right nephrectomy.

Annotations were performed by four medical students, trained and, in
ambiguous cases, assisted by an experienced radiologist. Segmentations in-
clude the full kidney and the abnormalities. All abnormalities were seg-
mented as a single class. The urine collection system, kidney hilum, and
lesions within them were excluded from both segmentations.

In this study, we use 214 scans from this dataset.

Combined datasets

We follow the same procedure for combining the datasets as was used for
the pre-trained nnU-Net [10] that we use as a supervised baseline. This
includes merging the labels for tumors and cysts into a single abnormality
label and accepting the inconsistency in kidney hilum inclusion between
both datasets. We use 80% of this dataset to train our baseline nnDetection
model and to perform hyperparameter search for our proposed methods.
We also reserve 20% as a holdout set for our proposed methods and the
nnDetection model, balanced to ensure an equal proportion of samples from
KiTS and Radboudumc in both splits.

The dataset properties of the full combined dataset, as well as the 80%
training split can be seen in Table 4.1.

4.2.2 Supervised Test Sets

We use two test sets to evaluate our proposed methods, as well as the su-
pervised methods. Table 4.2 describes the properties of these test sets.
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nnDetection test set

The first test set is the 20% of cases that were held out during training of our
nnDetection model (see Section 4.2.1), consisting of 139 cases. This dataset
follows a similar distribution of properties as the nnDetection training set.
Since these cases were included in the training dataset of the nnU-Net base-
line, we excluded this baseline model from evaluation on this test set.

Radboudumc private test set

We use the same private test set as in [10]. This set consists of 50 cases from
Radboudumc [40] and follows the same acquisition and annotation proce-
dures and has the same distribution of properties as the dataset described
in Section 4.2.1. In this dataset, 2 and 6 patients have undergone left and
right nephrectomy, respectively. The test set contains 30 cases with kid-
ney abnormalities, which were used to evaluate segmentation and detection
performance of our proposed methods, as well as our supervised baselines.

Table 4.2: Characteristics of our supervised test datasets. The first test set is the hold-out set of
the nnDetection training data and is a combination of scans from KiTS (Netherlands) and Radboudumc
(NL), described in Table 4.1. The second test set is a private test set from Radboudumc, where the full
set (used to evaluate the classifier) and the subset of unhealthy cases (used to evaluate segmentation and
detection) are shown. For each dataset, we report the country of origin and number of cases. For per-case
metrics (lesion count, mean lesion volume, mean kidney volume including lesions, in-plane resolution,
and slice thickness), we report the mean and standard deviation across all cases. In the calculation of
lesion and kidney properties, we first remove disconnected artifacts smaller than 2.0mm3 and 100.0mm3

for lesions and kidneys, respectively. Lastly, we ignored cases without lesions in the calculations for lesion
count and mean volume.

Radboudumc + KiTS Radboudumc private test set

nnDetection test (20%) All Unhealthy

Country Mixed Netherlands Netherlands

Number of scans 139 50 30

Number of lesions 3.2 (±4.5) 3.8 (±2.7) 3.8 (±2.7)

Lesion volume (103 mm3) 74.6 (±155.2) 15.5 (±46.9) 15.5 (±46.9)

Kidney volume (103 mm3) 260.3 (±174.3) 182.8 (±63.9) 191.0 (±74.5)

In-plane resolution (mm) 0.78 (±0.10) 0.76 (±0.06) 0.75 (±0.07)

Slice thickness (mm) 2.77 (±1.75) 1.17 (±0.38) 1.22 (±0.37)
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4.2.3 Unsupervised Training Data and Pseudo-Labels

The VQ-GAN, DDIM, DDPM, and classifier models are trained on a pri-
vate dataset from Radboudumc. Scans from clinical routine between 2008
and 2021 were selected for which the institutional review board waived the
need for informed consent due to the study’s retrospective design and the
pseudonymization of data. From this set, we selected all contrast-enhanced
thorax-abdomen/abdomen CT scans with a slice thickness ≤ 1 mm. This
resulted in 8, 377 scans from 7, 571 studies from 6, 800 patients, with 5, 095
left and 5, 099 right kidneys extracted. Pseudo-labels were derived from ra-
diology reports: kidneys reported as having lesions, cysts, or tumors were
labeled unhealthy; those described as normal or unmentioned were labeled
healthy. Kidneys with stones, calcifications, necrosis, atrophy, or prior re-
moval were excluded. If the radiology report was found to be empty or
contained less than 10 sentences, the kidney was labeled as unknown. The
data selection and pseudo-label generation processes are summarized in Fig-
ure 4.2.

We used all non-excluded kidneys to train the VQ-GAN. Our diffusion
models were trained only on kidneys labeled healthy, while both healthy and
unhealthy kidneys were included in the training data for our classifier.

4.3 Implementation and Training Details

The base architecture for our latent diffusion method is based on the VQ-
GAN and denoising U-Net models from [35]. We implemented DDPM and
DDIM samplers from scratch that support classifier guidance during sam-
pling using our classifier model. This section details the implementation and
training details for each component of our overall pipeline. For a compre-
hensive overview of all hyperparameters used, see Appendix A.

4.3.1 VQ-GAN

We adopted the VQ-GAN architecture from [35] without adaptations. The
model was trained on all non-excluded kidney patches described in Subsec-
tion 4.2.3 for 100, 000 iterations with a batch size of 4. Training required
less than 1 day on an A100 GPU.

4.3.2 DDPM/DDIM

We utilized the denoising U-Net architecture from [35] and trained it for
250, 000 iterations on the healthy kidney patches described in Subsection 4.2.3.
We modified the number of timesteps from 300 to 1000 and implemented
early stopping to select the model with the lowest validation loss. The
model was trained for 250, 000 iterations, with batch size 40, on an A100
GPU, requiring 3 days.
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4.3.3 Classifier

For the classifier, we used the downsampling path of the denoising U-Net
described in the previous subsection and added a classification head con-
sisting of 2 linear layers. The model was trained on a balanced dataset
comprising equal numbers of healthy and unhealthy kidneys (1, 162 each)
using pseudo-labels (Subsection 4.2.3), with an 80/20 train/validation split.
Due to extreme overfitting problems encountered during training, we applied
heavy regularization techniques consisting of weight decay, dropout layers,
and data augmentation. We also froze the first layers of the U-Net back-
bone. The regularization techniques, along with other hyperparameters, are
detailed in Appendix A. Training for 100 epochs with a batch size of 32
required < 2 hours on an RTX2080 Ti. Early stopping selected the model
with the highest validation AUC of 0.72.
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Usable Scans:
- 25,854 scans
- taken between 2008 and 2021
- 21,143 unique studies
- 15,318 unique patients

Apply inclusion criteria:
- contrast used
- slice thickness <= 1mm
- report or metadata mentions kidney or
abdomen

Select kidneys that
are reported or

assumed healthy

Kidneys labeled "healthy":
2,910 left
2,895 right

Kidneys labeled "unhealthy":
609 left
553 right

Kidneys labeled "unknown":
1,415 left
1,469 right

Excluded kidneys:
161 left
182 right

Used to train
DDPM/DDIM

Used to train
Classifier

Used to train 
VQ-GAN

8,377 scans

Detect kidney using
TotalSegmentator

Detected kidneys
5,095 left
5,099 right

CT Archive:
- 28,084 scans from clinical
routine
- Preprocessed and
pseudonymized

Radiology Reports:
- 264,186 studies
- 98,277 patients

Match on study id

Select kidneys with
mentioned

lesion/cyst/tumor

Exclude kidneys with
reported stones,

calcifications necrosis,
atrophy or prior removal

Select kidneys
without proper,
elaborate report

Figure 4.2: Flowchart of the data selection process and generation of pseudo-labels. We start
by selecting usable scans that have an associated radiology report. We then select scans based on our
inclusion criteria and extract the kidneys using TotalSegmentator. Based on the associated radiology
report, we exclude the kidney or label them as healthy, unhealthy, or unknown. The DDPM/DDIM is
trained only on kidneys labeled healthy, the classifier on kidneys labeled healthy or unhealthy, and the
VQ-GAN is trained on all kidneys.
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Chapter 5

Experiments

This chapter details the experimental setup used to answer the research
questions. First, a glossary of all evaluation metrics and their definitions
is provided. We then describe the hyperparameter optimization process
used to identify optimal model configurations for subsequent experiments.
Following this, the evaluation methodology for assessing overall performance
of the proposed method and its comparison to supervised benchmarks is
explained, including evaluation across different lesion sizes and qualitative
analysis. Finally, the experiments conducted to assess the performance of
individual pipeline components are presented.

5.1 Evaluation Metrics

Throughout this chapter, several standard metrics are used to evaluate seg-
mentation, detection, generation, and classification performance. These
metrics are defined here to ensure clarity in the interpretation of results.

5.1.1 Segmentation Metrics

For segmentation evaluation, the Dice Similarity Coefficient (DSC),
also known as the Dice score, is used. The DSC measures the overlap be-
tween predicted and ground truth segmentation masks:

DSC =
2× |P ∩G|
|P |+ |G| (5.1)

Where |P ∩G| represents the number of voxels in the intersection of the pre-
dicted segmentation P and the ground truth segmentation G, |P | represents
the number of voxels in the predicted segmentation, and |G| represents the
number of voxels in the ground truth segmentation. The DSC ranges from
0 (no overlap) to 1 (perfect overlap), with higher values indicating better
segmentation performance.
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5.1.2 Detection Metrics

For detection evaluation, three complementary metrics that provide different
perspectives on model performance are used:

Precision measures the fraction of predicted lesions that correspond to
actual lesions:

Precision =
True Positives

True Positives + False Positives
(5.2)

Recall, also known as sensitivity, measures the fraction of actual lesions
that are successfully detected:

Recall =
True Positives

True Positives + False Negatives
(5.3)

F1 Score is the harmonic mean of precision and recall, providing a single
metric that balances both:

F1 =
2× Precision× Recall

Precision + Recall
(5.4)

For detection evaluation, a predicted lesion is considered a true positive
if it has an Intersection over Union (IoU) above a certain threshold with
a ground truth lesion. IoU is defined as the area of overlap between the
predicted and ground truth lesions divided by the area of their union. When
multiple predictions overlap with the same ground truth lesion, only the
prediction with the highest IoU is considered a true positive.

Free-Response Receiver Operating Characteristic (FROC) curves
are used to visualize detection performance by plotting sensitivity (recall)
against the average number of false positives per scan across different confi-
dence thresholds. FROC curves are particularly useful for medical detection
tasks as they directly show the trade-off between sensitivity and false posi-
tive rate, which is clinically relevant.

5.1.3 Classification Metrics

For evaluating classifier performance, the Area Under the Receiver Op-
erating Characteristic Curve (AUC or AUROC) is used. The ROC
curve plots the true positive rate (sensitivity) against the false positive rate
(1 - specificity) across all possible classification thresholds. The AUC sum-
marizes the classifier’s ability to distinguish between classes, with values
typically ranging from 0.5 (random chance) to 1.0 (perfect classification).

5.1.4 Generative Model Metrics

For evaluating the diversity of generated samples from diffusion models, the
Multi-Scale Structural Similarity Index Measure (MS-SSIM) [64]
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is used. MS-SSIM computes structural similarity between two images at
multiple scales by iteratively low-pass filtering and downsampling the image
to create multiple scales, then combining luminance, contrast, and structure
comparisons at each scale. The metric ranges from 0 to 1, where 1 represents
perfect similarity. For diversity evaluation, the mean pairwise MS-SSIM
across all generated images is reported. Lower MS-SSIM values indicate
greater structural diversity between samples, while higher values suggest
more similarity and less diversity.

5.2 Hyperparameter Optimization

Hyperparameter optimization is performed to find the optimal noise level
(L) and classifier guidance strength (s). Since the two sampling methods
(DDPM, DDIM) are not expected to share the same optimal hyperparam-
eter configuration, optimization is performed for each method individually.
Optimal hyperparameters are determined through a grid search over the
values specified in Table 5.1a.

The dataset used for optimization is identical to that used for training
the nnDetection baseline, consisting of data from KiTS and Radboudumc,
as described in Subsection 4.2.1. The optimization metric is the average
DSC score over all cases. For computational efficiency, no post-processing
is applied during optimization. The threshold for DSC score evaluation
is calculated by applying the Otsu method [45] globally over all predicted
segmentation maps.

Table 5.1b shows the optimal set of hyperparameters found for each
method. These values are used for the rest of the experiments in this chap-
ter. Figure 5.1 shows the DSC score reached by each method at different
hyperparameter configurations.

Table 5.1: Hyperparameter optimization (a) shows the evaluated values
for both sampling methods. (b) shows the hyperparameter configuration
that reached the highest DSC score for each sampling method.

(a) Values evaluated.

Parameter Values

noise level (L) [100, 250, 500]

guidance strength (s) [0, 200, · · · , 2000]

(b) Optimal values found.

DDPM DDIM

L 500 500

s 1600 1800
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Figure 5.1: Evaluation of segmentation performance at different
hyperparameter configurations for both models. The figure shows the
segmentation performance (measured in DSC) of the DDPM-based method
(a) and the DDIM-based method (b). Each subplot shows the Dice score
plotted against the guidance strength for three different noise levels. Within
a plot, the point with the highest Dice value shows the best hyperparameter
configuration for that model.

5.3 Main Pipeline Evaluation

After finding the optimal hyperparameters for each model, as described in
the previous section, we evaluate the performance of the full pipeline. A
quantitative evaluation of the segmentation and detection performance of
the proposed methods is performed first, comparing them to each other
and to the supervised baselines. Subsequently, a qualitative evaluation of
the reconstruction and detection performance is conducted by examining
representative cases.

5.3.1 Supervised Baselines

We compare our weakly supervised approach to two state-of-the-art super-
vised baselines. One model is used as-is from prior work and serves as
a segmentation and detection benchmark, while the other is trained from
scratch to serve as a detection-specific benchmark.

nnU-Net The first baseline is a pre-trained nnU-Net [32] for kidney and
kidney lesion segmentation [10]. The method was trained using 5-fold cross-
validation on the dataset described in Subsection 4.2.1. The model produces
a semantic segmentation map with classes for the background, kidney, and
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lesion. The original authors apply post-processing to remove lesions below
3mm in diameter and lesions that are not connected to the kidney and are
smaller than 100cm3. Connected component analysis is then applied to
produce an instance segmentation map to evaluate detection performance.

nnDetection For detection benchmarking, nnDetection [4] was trained
on kidney lesion detection, using 5-fold cross-validation. The bounding box
predictions produced by the model are used, as instance segmentation maps
are not officially supported by the framework. 80% of the dataset described
in Subsection 4.2.1 was used for training, allowing the remaining 20% to
serve as a hold-out test set. The split was balanced on dataset origin, en-
suring the same proportion of Radboudumc and KiTS scans in the training
data and test data.

We used the same training configuration as used by the original authors
for benchmarking on the KiTS19 challenge [26], including only lesions ≥
3mm in diameter in the training data.

Without post-processing, our trained nnDetection model produced many
false positives. These primarily presented as multiple overlapping predic-
tions for the same lesion, especially for larger lesions that spanned multiple
anchor points of the architecture, or lesions with elongated or curved mor-
phologies. Additionally, some false positives appeared as detections outside
the kidney boundaries. We evaluated several strategies to eliminate overlap-
ping predictions, including: (1) merging predictions with significant overlap
by removing those with lower confidence scores, and (2) computing weighted
averages of overlapping bounding box coordinates. The confidence-based re-
moval strategy was found to be more effective at removing false positives,
and we use this method in our post-processing. As a final post-processing
step, we applied anatomical constraints by removing any detections that fell
outside the kidney boundaries, as determined by the segmentation masks
from the nnU-Net baseline (Section 5.3.1).

5.3.2 Segmentation and Detection Evaluation

We perform a quantitative analysis of our proposed methods on the test
sets described in Subsection 4.2.2. The threshold to convert the anomaly
map produced by the proposed methods into a binary segmentation mask is
calculated by globally applying the Otsu method [45] over all predictions for
each dataset. For nnU-Net, the class with the highest probability for each
voxel is selected, and for nnDetection, only bounding box probabilities with
a confidence score > 0.5 are included.

To evaluate segmentation performance and determine whether DDIM
sampling outperforms DDPM sampling (RQ1a) and to compare our pro-
posed method against the nnU-Net baseline (RQ2b), the segmentation per-
formance of the proposed methods and the nnU-Net baseline is evaluated.

36



The mean DSC score, along with the standard deviation, are reported.
For detection evaluation, we assess whether DDIM sampling outperforms

DDPM sampling (RQ1b) and compare our proposed methods against the
nnDetection baseline (RQ2c) on both datasets. We also compare the de-
tection performance of our nnDetection baseline against the nnU-Net base-
line on the Radboudumc test set, answering RQ2a. Predicted lesions are
computed by performing connected component analysis over the binary seg-
mentation map. True positives are counted if a lesion has IoU ≥ 0.2 with
a ground truth lesion. When multiple predictions overlap with the same
ground truth, only the one with the highest IoU is counted. A relatively
low IoU threshold of 0.2 was selected to account for the inherent difficulty in
precisely matching 3D lesion segmentations with irregular shapes, compared
to the simpler geometric matching of bounding boxes. The mean precision,
recall, and F1 scores, along with their standard deviations, are reported.

For detection specifically, a FROC curve is plotted for nnDetection, since
it can easily be evaluated at a continuous range of thresholds. The proposed
methods and nnU-Net, however, are evaluated at a single operating point
each due to the computational infeasibility of evaluating the complete post-
processing pipeline across multiple thresholds. Therefore, we chose specific
operating points: for the proposed methods, the Otsu method [45] is ap-
plied globally over all predictions per dataset and the resulting threshold is
applied. For nnU-Net, the class with the highest probability for each voxel
is selected.

All detection results include 95% confidence intervals, calculated using
bootstrapping with 1000 bootstraps.

5.3.3 Evaluation Across Lesion Sizes

To examine how our proposed methods perform across different lesion size
ranges (RQ1c), we evaluate the performance of our proposed methods across
different lesion size ranges. Lesion sizes are categorized according to the T
(tumor size) stage distinctions of the TNM staging system (Section 2.1.2).
Table 5.2 shows the distribution of lesions per stage for each test set.

The Radboudumc test set shows a highly skewed distribution, with the
vast majority of lesions (93 out of 98, or 95%) falling within stage T1a.
This severe imbalance makes meaningful size-based evaluation unfeasible on
this test set. Therefore, size evaluation is restricted to the nnDetection test
set, which has a larger sample size and exhibits a slightly more balanced
distribution across size categories.

For the nnDetection test set, the majority of lesions (285 out of 355, or
80%) still fall within the T1a size range (< 4cm). To enable more granular
analysis within this dominant category, we subdivide T1a into two ranges:
T1ai (< 2cm) and T1aii (2−4cm). Additionally, due to the small sample
sizes of stages T2a (n = 15) and T2b (n = 16), we combine these into a
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Table 5.2: Distribution of lesions by size range across test sets. Size
ranges are based on the T stage distinctions of the TNM staging system, with
custom subdivisions T1ai and T1aii introduced for the standard T1a stage.
The size ranges and test set used for size-based performance evaluation are
highlighted in bold.

T Stage Size Range (cm) nnDetection Test Radboudumc Test

All — 355 98

T1 < 7 342 94

T1a < 4 285 93

T1ai < 2 213 80

T1aii 2−4 72 13

T1b 4−7 39 1

T2 > 7 31 4

T2a 7−10 15 3

T2b > 10 16 1

single T2 category (> 7cm). The final size categories used for evaluation
are highlighted in bold in Table 5.2.

For evaluation within each size range, the following methodology is ap-
plied: First, ground truth lesions are filtered to include only those whose
diameter falls within the target size range. Lesion diameter is measured as
the largest dimension of the smallest fully enclosing bounding box in the ax-
ial plane. Second, any predictions that both (a) do not match a ground truth
lesion (IoU ≤ 0.2) and (b) fall outside the target size range when measured
using the same diameter calculation method are excluded. Finally, perfor-
mance metrics for the remaining filtered ground truths and predictions are
calculated using the identical methodology described in Subsection 5.3.2.
Cases that have no ground truth lesions in the evaluated size range are
excluded from evaluation.

5.3.4 Qualitative Analysis

Besides the quantitative analysis of the pipeline described in the previous
subsections, we also perform a qualitative analysis. For this evaluation, we
select informative examples and visualize the reconstructions and anomaly
maps generated by the methods. We investigate examples with different
lesion sizes, lesion locations, successful segmentations, and unsuccessful seg-
mentations.
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5.4 Sub-Component Evaluation

To get insights on the contribution of the sub-components to the perfor-
mance of the overall pipeline, we evaluate each component individually.
First, the performance of the latent diffusion model itself is examined by
evaluating its image generation quality and diversity. The performance of
the classifier is also evaluated. Lastly, the accuracy of TotalSegmentator in
finding the regions of interest for the diffusion model is assessed.

5.4.1 Latent Diffusion Model Evaluation

We aim to answerRQ3a by evaluating our latent diffusion model. Typically,
generative models are evaluated on the diversity and fidelity of generated
samples. To quantify diversity, we use MS-SSIM. The metric is calculated
over the full training dataset and over 1, 000 generated samples. Comparing
the MS-SSIM distributions indicates the degree of diversity achieved by our
model with respect to the training data.

For qualitative evaluation of the latent diffusion model, we analyze a
subset of representative examples generated using both DDPM and DDIM
sampling. We also select a subset of real samples for comparison.

5.4.2 Classifier Evaluation

To answer RQ3b, we evaluate the performance of the classifier on a com-
bined test set consisting of kidneys from the Radboudumc training set (Sec-
tion 4.2.1) and the private Radboudumc test set (Section 4.2.2). In contrast
to the KiTS dataset, both of the Radboudumc datasets originate from a
similar distribution and contain both healthy and unhealthy cases. For each
case in the test set, both kidneys are segmented using the ground truth seg-
mentation mask, a patch around the kidney is extracted and labeled healthy
if no lesions are present in the ground truth label of the patch, and labeled
unhealthy if lesions are present. This results in 486 kidneys extracted from
264 different cases, with an equal split of healthy and unhealthy cases. A
more detailed overview can be seen in Table 5.3.

To evaluate the classifier performance, each kidney patch is first encoded
into the latent space using the trained VQ-GAN. Three versions of the en-
coded patch with noise levels 0, 250, and 500 are then created, and the
classifier is run for each of these versions. Evaluation is performed by gen-
erating ROC curves for the results for each noise level. The AUC for these
curves is then calculated.

Additionally, the averages for these three different noise levels are cal-
culated, and a single ROC curve for these averages is created. To quantify
the expected range of these values, 95% confidence intervals are calculated
and visualized. These intervals are calculated using bootstrapping with 1000
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bootstraps.
The results of the experiments described in this subsection can be seen

in Subsection 6.2.2.

Table 5.3: Overview of kidney patches used to evaluate the perfor-
mance of our classifier. The dataset consists of our Radboudumc training
set (Section 4.2.1) and our private Radboudumc test set (Section 4.2.2). We
show the number of left and right kidneys present in the combined dataset,
as well as the number of healthy and unhealthy kidneys, based on ground
truth annotations.

Healthy Unhealthy Total

Left Kidneys 126 119 245

Right Kidneys 117 124 241

Total 243 243 486

5.4.3 TotalSegmentator Evaluation

In order to answer RQ3c, we investigate the performance of TotalSegmen-
tator on both test sets, reporting the mean precision, recall, F1 score, and
accuracy over all cases, along with 95% confidence intervals, calculated with
1000 bootstraps. We maintain the same detection criteria as in Subsec-
tion 5.3.2, counting only predictions that have an IoU ≥ 0.2 with a ground
truth.

5.5 Statistical Analysis Plan

We test the superiority of our DDIM-based method over our DDPM-based
method (RQ1b) on both test sets described in Subsection 4.2.2. Addition-
ally, we test the superiority (Subsection 5.5.1) of our nnDetection baseline
over the nnU-Net baseline (RQ2a) on the Radboudumc test set. Subse-
quently, we test the non-inferiority (Subsection 5.5.2) of both our proposed
methods (DDIM and DDPM) over nnDetection (RQ2c) on both test sets.
For each comparison, the metric we test is the F1 score.

In total, 3 superiority tests and 4 non-inferiority tests are performed for
a total of 7 tests. To correct for multiple-testing, Holm-Bonferroni correc-
tion [30] is applied, with a total α = 0.05. This method ranks all p-values
from smallest to largest and compares each one to an increasingly lenient
threshold α/n, where n = 7 for our test with the highest p-value and n = 1
for our test with the lowest p-value. For each test, we report the p-value,
corrected α and the effect size in terms of median difference in F1 score.

40



All tests employ a paired design where each method is evaluated on
identical test sets. All statistical testing is done using Python version 3.13.1

and scipy version 1.16.0.

5.5.1 Superiority Testing

The superiority of method A over B is determined by comparing the me-
dian differences against zero using the following null-hypothesis (H0) and
alternative hypothesis (H1):

• H0 : median(F1A − F1B) ≤ 0.

• H1 : median(F1A − F1B) > 0.

A p-value is calculated using the Wilcoxon signed-rank test [66] with a one-
tailed alternative hypothesis. This is a non-parametric test that does not
assume normal distribution of the test data. The alternative hypothesis
(superiority of A over B) is accepted if p < α.

5.5.2 Non-Inferiority Testing

Non-inferiority is determined using the same test we use for superiority, but
with different null and alternative hypotheses:

• H0 : median(F1A − F1B) ≤ −δ.

• H1 : median(F1A − F1B) > −δ.

Where δ = 0.05 is the non-inferiority margin, such that A is only considered
inferior to B if the comparative performance is worse than −δ. The test
is implemented by transforming the differences as (F1A − F1B + δ) and
applying the Wilcoxon signed-rank test to determine if the median of the
transformed differences is significantly greater than zero.
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Chapter 6

Results

This chapter presents the results obtained from the experiments described
in Chapter 5. The chapter is structured as follows: first, the performance
evaluation of the proposed pipeline is presented and compared against super-
vised baseline methods. This section includes a comprehensive size-stratified
analysis and qualitative assessment of model predictions. Subsequently, the
evaluation results for the individual pipeline components are reported and
analyzed.

6.1 Main Pipeline

6.1.1 Detection and Segmentation Performance

We evaluate the segmentation and detection performance of our proposed
methods as described in Subsection 5.3.2. The results are reported in Ta-
ble 6.1. From our results, it is clear that our DDPM-based method out-
performs our DDIM-based method on most metrics. For segmentation, our
DDPM-based method reached a DSC of 0.12 compared to 0.07 reached by
our DDIM-based method on our nnDetection hold-out set, while both meth-
ods reach a DSC of 0.08 on the private Radboudumc test set. Compared to
our supervised nnU-Net, however, reaching 0.68 on the private Radboudumc
set, both methods vastly underperform.

For detection, both proposed methods reached a precision and F1 score
close to 0.00, ranging from 0.01 to 0.03 and indicating that there are many
false positives. For recall, however, we once again see that our DDPM-
based method seems to outperform our DDIM-based method, reaching 0.16
vs. 0.06 on our nnDetection hold-out set and 0.15 vs. 0.03 on the pri-
vate Radboudumc set. Interestingly, both methods show a relatively high
standard deviation in recall on both test sets, indicating that recall varies
significantly across different cases. This is especially true for DDPM, which
has a standard deviation in recall of 0.30 on the nnDetection hold-out set
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Table 6.1: Segmentation and Detection performance of optimal configurations for all
methods on both test sets. Performance is evaluated at an IoU threshold of 0.2. For each
metric, we report the mean value with standard deviation in parentheses. The best performing
method for each metric is highlighted in bold. Diffusion-based results were generated with L = 500,
s = 1600 for DDPM and L = 500, s = 1800 for DDIM.

nnDetection Test DSC ↑ Precision ↑ Recall ↑ F1-score ↑

DDPM 0.12 (±0.10) 0.02 (±0.04) 0.16 (±0.30) 0.03 (±0.06)

DDIM 0.07 (±0.09) 0.01 (±0.09) 0.04 (±0.18) 0.02 (±0.10)

nnDetection N/A 0.51 (±0.33) 0.85 (±0.26) 0.63 (±0.26)

Radboudumc Test DSC ↑ Precision ↑ Recall ↑ F1-score ↑

DDPM 0.08 (±0.10) 0.01 (±0.02) 0.15 (±0.28) 0.02 (±0.03)

DDIM 0.08 (±0.11) 0.02 (±0.10) 0.03 (±0.07) 0.02 (±0.05)

nnDetection N/A 0.51 (±0.28) 0.73 (±0.28) 0.55 (±0.24)

nnU-Net 0.68 (±0.25) 0.78 (±0.30) 0.67 (±0.29) 0.69 (±0.26)

and 0.28 on the private Radboudumc set, compared to 0.18 and 0.07 for
DDIM respectively.

We tested our a priori hypothesis that our DDIM-based method would be
superior to our DDPM-based method in terms of median F1 score. We failed
to reject the null hypothesis on both the nnDetection hold-out set (p > 0.999,
adjusted α = 0.01) and the private Radboudumc test set (p = 0.78, adjusted
α = 0.007), indicating we could not demonstrate statistical superiority of
DDIM over DDPM. The median difference in F1 score was 0.00 for both test
sets (mean difference: −0.00 for the nnDetection hold-out set and −0.01 for
the private Radboudumc test set).

Both methods are vastly outperformed by our supervised methods, with
nnDetection reaching an F1 score of 0.63 on our nnDetection hold-out set
and 0.55 on the private Radboudumc set. On the private Radboudumc
set, nnU-Net reached an F1 score of 0.69, outperforming both unsupervised
methods, as well as nnDetection. We tested whether nnDetection was supe-
rior to nnU-Net on the private Radboudumc set in terms of F1 score, but
failed to reject the null hypothesis (p > 0.999, adjusted α = 0.008, with
nnU-Net showing higher mean F1 scores (mean difference: −0.16, median
difference: −0.06).

Lastly, we tested whether our diffusion-based methods were non-inferior
to nnDetection. Both DDIM and DDPM failed to demonstrate non-inferiority
on both test sets (p > 0.999 for all tests), with substantial median F1 score
differences ranging from −0.41 to −0.53, confirming the large performance
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gap between unsupervised and supervised approaches.
In the results in Table 6.1, it also seems that nnDetection, evaluated here

at a confidence threshold of 0.5, has substantially lower precision than nnU-
Net, resulting in a lower F1 score. In Figure 6.1, however, we see that when
we evaluate nnDetection at a continuous range of confidence thresholds,
resulting in a FROC curve, nnDetection actually seems to outperform nnU-
Net at the same number of false positives per scan. This figure plots the
sensitivity against the number of false positives per scan for all models,
together with 95% confidence intervals calculated by bootstrapping with
1000 bootstraps.
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Figure 6.1: Detection performance of our proposed methods compared to the supervised
baselines. The sensitivity is plotted against the average number of false positives per scan for all
models on the nnDetection test set (a) and the Radboudumc private test set (b). The nnDetection
model was evaluated at a continuous range of confidence intervals between 0 and 1, resulting in a
FROC curve. nnU-Net is evaluated by taking the class with the highest confidence for each voxel,
resulting in a single point. The diffusion-based models are evaluated at the threshold determines
by the Otsu method, similarly resulting in a single point. Bootstrapping was performed with 1000
bootstraps to calculate 95% confidence intervals. These intervals are depicted by the shaded band
around the FROC curve and the hairs of the points. Diffusion-based results were generated with
L = 500, s = 1600 for DDPM and L = 500, s = 1800 for DDIM.
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6.1.2 Performance Across Size Ranges

We evaluate the performance of our proposed methods across different le-
sion sizes, as described in Subsection 5.3.3. Due to limited variability in
lesion sizes in the private Radboudumc test set, this analysis is restricted to
the nnDetection test set, comparing our methods against the nnDetection
baseline.

Table 6.2: Segmentation and Detection performance of both unsupervised methods and nnDe-
tection on the nnDetection test set for different lesion sizes. Evaluation was done using only the
ground truths that fall within the given size range. Remaining ground truths with a matching prediction
(IoU ≥ 0.2) were counted as a true positive, while the ones without were counted as false negatives. Un-
matched predictions within the size range were counted as false positives. Metrics were calculated using the
same method as described in Table 6.1. We exclude cases with no ground truths within the given size range
and report the number of remaining cases within parentheses for each stage. Diffusion-based results were
generated with L = 500, s = 1600 for DDPM and L = 500, s = 1800 for DDIM.

T stage Size (cm) Model DSC ↑ Precision ↑ Recall ↑ F1-score ↑

T1ai (n = 69) ≤ 2

DDPM 0.03 (±0.05) 0.01 (±0.02) 0.14 (±0.29) 0.02 (±0.04)

DDIM 0.02 (±0.05) 0.01 (±0.03) 0.02 (±0.13) 0.01 (±0.05)

nnDetection N/A 0.18 (±0.24) 0.77 (±0.35) 0.44 (±0.24)

T1aii (n = 58) 2−4

DDPM 0.09 (±0.14) 0.08 (±0.19) 0.18 (±0.37) 0.10 (±0.22)

DDIM 0.03 (±0.11) 0.02 (±0.1) 0.05 (±0.22) 0.03 (±0.14)

nnDetection N/A 0.25 (±0.33) 0.94 (±0.22) 0.62 (±0.26)

T1b (n = 37) 4−7

DDPM 0.07 (±0.14) 0.09 (±0.28) 0.11 (±0.31) 0.09 (±0.28)

DDIM 0.00 (±0.02) 0.00 (±0.00) 0.00 (±0.00) 0.00 (±0.0)

nnDetection N/A 0.26 (±0.39) 0.84 (±0.37) 0.73 (±0.30)

T2 (n = 30) > 7

DDPM 0.02 (±0.06) 0.00 (±0.00) 0.00 (±0.00) 0.00 (±0.00)

DDIM 0.00 (±0.02) 0.00 (±0.00) 0.00 (±0.00) 0.00 (±0.00)

nnDetection N/A 0.43 (±0.43) 0.72 (±0.44) 0.69 (±0.34)

Table 6.2 presents the size-stratified performance results. Several key
patterns emerge from this analysis:

Both unsupervised methods achieve their highest recall for smaller le-
sions within the T1a stage (≤ 4cm), with minimal differences between T1ai
(≤ 2cm) and T1aii (2−4cm) substages. This size preference is particularly
pronounced for DDIM, which demonstrates zero recall for lesions larger than
T1a, while DDPM maintains detection capability (recall = 0.11) for T1b le-
sions (4−7cm). Neither method shows detection capabilities for T2 lesions
(> 7cm).
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However, both unsupervised methods exhibit poor segmentation quality
and precision for the smallest lesions (T1ai stage, ≤ 2cm) compared to the
T1aii stage (2−4cm). This effect is especially pronounced for DDPM, which
achieves a DSC of only 0.03 and precision of 0.01 for T1ai lesions, compared
to improved DSC of 0.09 and precision of 0.08 for T1aii lesions.

In comparison, the supervised baseline nnDetection shows a similar per-
formance decline for the smallest lesions (T1ai) but demonstrates substan-
tially superior performance for larger lesions, particularly in the T2 category
(> 7cm) where both unsupervised methods fail entirely. Regarding segmen-
tation quality, DDPM achieves its optimal DSC scores for medium-sized le-
sions (T1aii-T1b: 2−7cm), while DDIM maintains relatively consistent but
consistently lower segmentation quality across all detectable size ranges.

6.1.3 Qualitative Analysis

The following qualitative analysis examines representative visual examples
to complement the quantitative performance metrics. While this assess-
ment provides valuable insights into model behavior patterns, it should be
interpreted in conjunction with the comprehensive quantitative evaluation
presented in the preceding sections.

Figure 6.2 presents a visual comparison between the reconstructions,
difference maps, and predictions produced by the best-performing DDPM
and DDIM models on six representative samples from the nnDetection test
set, along with the predictions of nnDetection. These examples were selected
to illustrate the range of lesion types and detection challenges encountered.
For all predictions, post-processing was applied as described in Section 4.1.1
and Section 5.3.1.

Example a) demonstrates successful detection of a medium-sized (2.9cm)
peripheral lesion (on the border of the kidney) by all methods in Table 6.2.
Notably, this scan shows clear contrast enhancement and exhibits substantial
false positive detections by the diffusion-based methods, particularly visible
in the medullary regions.

Example b) presents a challenging case with multiple lesions of varying
sizes (0.4−2.4cm. The DDPM model achieves partial detection of several
lesions but fails to capture complete lesion boundaries. The DDIM model
shows minimal detection capability, while nnDetection also struggles with
complete lesion identification in this case. Similar to example a), this scan
demonstrates strong contrast enhancement and shows numerous false posi-
tive detections by both diffusion-based methods.

Example c) illustrates detection of three smaller (< 2cm) lesions: nnDe-
tection successfully identifies all three, DDPM correctly detects two, and
DDIM identifies only one.

Example d) shows another medium sized (3.6cm) peripheral lesion de-
tected by all models, similar to example a) in size and boundary location.
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Figure 6.2: Visual comparison of outputs produced by all models on five cases from the
nnDetection test set. nnU-Net is left out of this comparison, as the nnDetection test set was part of its
training data. For nnDetection, the final output bounding box predictions after post-processing are shown.
For the diffusion-based models, the reconstruction for each image is shown, along with a difference map
between the reconstruction and the original image, as well as the final predictions after post-processing.
Reconstructions were generated with L = 500, s = 1600 for the DDPM and L = 500, s = 1800 for the
DDIM. All examples are shown in the axial plane.

This scan appears to lack contrast enhancement, potentially contributing to
the reduced false positive rates observed compared to example a).

Example e) highlights a case where both diffusion-based methods out-
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perform the supervised baseline, detecting a small (0.8cm) lesion fully inside
the kidney that was overlooked by nnDetection.

Example f) represents a challenging lesion type relatively common in
the KiTS dataset, where the lesion substantially exceeds kidney dimensions
and falls well outside the region of interest for our diffusion-based methods.
All models struggle with accurate detection: nnDetection produces multiple
detections for the single lesion, while both diffusion-based methods fail to
detect it entirely. Interestingly, the DDPM model reconstructs an entirely
new, lesion-free kidney, while DDIM preserves the original anatomy with
minimal changes.

Figure 6.3 shows a similar visual comparison for the private Radboudumc
test set, including predictions from both supervised baselines (nnDetection
and nnU-Net).

Example a) presents a small (0.6cm) lesion correctly detected by nnDe-
tected, but overlooked by all other models. nnU-Net partially detected the
lesion, but did not reach a high enough IoU (> 0.2) to count as a detec-
tion. Both diffusion-based models show several false positives around the
perimeter of the kidney.

Example b) demonstrates a case where nnDetection, nnU-Net, and the
DDPM-based method successfully detect the small (0.8cm) lesion, while the
DDIM-based method fails to identify it. Our DDPM-based model signifi-
cantly changed the anatomy of the kidney, leading to substantial activation
in the difference map. This was however filtered out correctly by our post-
processing.

Example c) shows a small (0.7mm) lesion detected exclusively by nnU-
Net, highlighting the superior segmentation and detection capabilities of this
method on certain cases.

Examples d) and e) feature larger (4.2 and 6.7cm respectively) lesions
extending beyond kidney boundaries. Both supervised methods accurately
detect these lesions, with example d) also detected by both unsupervised
methods and example e) detected only by the DDPM-based approach.
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Figure 6.3: Visual comparison of outputs produced by all models
on five cases from the private Radboudumc test set. For nnDe-
tection, the final output bounding box predictions after post-processing
are shown. For nnU-Net, the final output segmentation masks after post-
processing are shown. For the diffusion-based models, the reconstruction
for each image is shown, along with a difference map between the recon-
struction and the original image, as well as the final predictions after post-
processing.Reconstructions were generated with L = 500, s = 1600 for the
DDPM and L = 500, s = 1800 for the DDIM. All examples are shown in
the axial plane.

6.2 Performance of Sub-Components

6.2.1 Latent Diffusion Model Performance

Figure 6.4 shows four curated samples showcasing the generative capabil-
ity of our latent diffusion model using both samplers (DDPM and DDIM).
Four samples from real kidney CT scans are included for comparison. More
randomly selected samples for each category are included in Appendix B.
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The examples in Figure B.1b demonstrate that the diffusion model is
capable of generating a variety of kidney CT patches, including both left
and right kidneys. The generated samples exhibit variety in contrast phases
as well as diversity in the surrounding anatomy. Since the samples gener-
ated by the model were not evaluated by expert radiologists, no conclusions
can be drawn about the anatomical correctness of the generated kidneys or
surrounding anatomy. From a non-expert perspective, however, the overall
shape of the kidneys appears anatomically accurate. The model demon-
strates limitations in accurately generating the medulla of the kidneys, which
is substantially less well-defined in the generated samples compared to the
real samples. The hilium and urine collection system are also poorly defined
in the generated samples, with the model occasionally generating blurry or
malformed regions where the ureter should be located.

The model exhibits notable difficulties when generating completely new
samples using DDIM sampling. The generated samples are often of inferior
visual quality compared to those generated using DDPM sampling. Occa-
sionally, the model completely fails to properly produce an image, resulting
in noisy output as observed in example xii. This issue appears exclusively
when generating samples from pure noise and has not occurred in other ex-
periments where the model added and removed noise from existing images.

(a) Real kidney CT patches (b) DDPM generated kidney CT
patches

(c) DDIM generated kidney CT
patches

Figure 6.4: Generation examples of our diffusion model compared to real kidney CT
patches. Cases i-iv show real kidney CT patches, v-viii show kidney CT patches generated by our
DDPM model, and ix-xii show kidney CT patches generated by our DDIM model.

We also quantitatively measured the diversity of the generated samples com-
pared to the real kidney CT patches using the MS-SSIM. These results are
summarized in Table 6.3. We find that DDPM and DDIM generated sam-
ples have similar diversity, reaching an MS-SSIM of 0.073 and 0.074 respec-
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Table 6.3: MS-SSIM values for real and generated kidney CT
patches. We report the mean MS-SSIM value along with the standard
deviation in parentheses. A lower MS-SSIM indicates more structural diver-
sity between samples.

Model MS-SSIM ↓
Real 0.057 (±0.054)

DDPM 0.073 (±0.080)

DDIM 0.074 (±0.080)

tively. Both methods show slightly less diversity than the real samples,
which reached an MS-SSIM of 0.057. The standard deviation is relatively
high for all three categories (0.54−0.080), indicating a wide range of diversity
between individual samples.

6.2.2 Classifier Performance

We evaluated the performance of our stand-alone classifier as described in
Subsection 5.4.2. Figure 6.5a shows the ROC curves describing the perfor-
mance of our classifier on the same dataset at noise levels 0, 250, and 500.
We received a similar performance on all three noise levels, reaching an AUC
of 0.55, 0.57, and 0.57 for noise levels 0, 250, and 500 respectively.

Looking at the averaged result, we reach an AUC of 0.56 (95% confidence
interval: 0.53-0.59). While this is technically above chance performance
(AUC=0.500), the difference is minimal and indicates that the classifier
struggles substantially to distinguish healthy kidneys from pathological ones.
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Figure 6.5: Classifier performance on combined Radboudumc test set. We show the ROC
curve and corresponding AUC value for noise level 0, 250 and 500 (a). We also show the ROC curve
averaged over these noise levels with 95% confidence intervals calculated by bootstrapping with 1000
bootstraps (b).

6.2.3 TotalSegmentator Performance

We evaluated the performance of TotalSegmentator on both test sets. The
results are shown in Table 6.4. TotalSegmentator achieved near-perfect re-
call (0.99) on the nnDetection test set and perfect recall (1.00) on the Rad-
boudumc test set. Precision was slightly lower, reaching 0.96 on the nnDe-
tection test set and 0.95 on the Radboudumc test set. Overall, TotalSeg-
mentator demonstrated excellent performance for kidney detection across
both datasets.
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Table 6.4: Kidney detection performance of TotalSegmentator on our two test sets. We
report the precision, recall, F1 score, and accuracy along with the 95% confidence interval for each
value. A kidney was counted as detected if a connected component in the ground truth kidney
segmentation map and a left or right kidney segmentation produced by TotalSegmentator have IoU
¿ 0.5. A predicted segmentation is counted as false positive if no connected component can be found
in the ground truth map with IoU ¿ 0.5. We excluded one case where the kidneys in the ground
truth segmentation were merged into a single connected component.

nnDetection Test Precision ↑ Recall ↑ F1 Score ↑ Accuracy ↑

Left 0.94 (0.90 - 0.98) 0.99 (0.98 - 1.00) 0.97 (0.94 - 0.99) 0.94 (0.89 - 0.97)

Right 0.97 (0.94 - 0.99) 0.99 (0.98 - 1.00) 0.98 (0.96 - 1.00) 0.96 (0.92 - 0.99)

Both 0.96 (0.93 - 0.98) 0.99 (0.98 - 1.00) 0.97 (0.96 - 0.99) 0.95 (0.92 - 0.97)

Radboudumc Test Precision ↑ Recall ↑ F1 Score ↑ Accuracy ↑

Left 1.00 (1.00 - 1.00) 1.00 (1.00 - 1.00) 1.00 (1.00 - 1.00) 1.00 (1.00 - 1.00)

Right 0.89 (0.77 - 1.00) 1.00 (1.00 - 1.00) 0.94 (0.87 - 1.00) 0.90 (0.77 - 1.00)

Both 0.95 (0.88 - 1.00) 1.00 (1.00 - 1.00) 0.97 (0.94 - 1.00) 0.95 (0.88 - 1.00)
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Chapter 7

Discussion

In this chapter, we discuss the answers to our research questions, thereby
highlighting our key findings. We then interpret our main findings, combin-
ing context from our work and existing literature. Finally, we examine the
limitations of our approach alongside directions for future research.

7.1 Answering Our Research Questions

7.1.1 Weakly Supervised Method Performance

Table 6.1 indicates that DDPM-based reconstruction outperforms DDIM-
based reconstruction on anomaly segmentation, achieving DSC scores of
0.12 vs. 0.07 on the nnDetection test set. However, given the lack of statis-
tical testing, the relatively small effect size, and the equivalent DSC scores
of 0.08 on the Radboudumc test set, we cannot draw definitive conclusions
about their relative segmentation performance, thus limiting our ability to
answer RQ1a with certainty.

For detection performance, Table 6.1 shows minimal differences between
DDPM-based and DDIM-based methods in precision (0.01–0.02) and F1
score (0.02–0.03). However, substantial differences emerge in recall perfor-
mance: the DDPM-based method achieved recall values of 0.16 and 0.15 on
the nnDetection and Radboudumc test sets, respectively, while the DDIM-
based method achieved only 0.04 and 0.03. Although we did not perform
statistical significance testing on recall specifically, the large effect size across
both datasets suggests superior recall for the DDPM-based method. This
is supported by Figure 6.2, where the 95% confidence intervals demonstrate
the DDPM-based method’s superior recall on the nnDetection test set. How-
ever, the DDPM-based method generates substantially more false positives
than the DDIM-based method on both test sets. We conclude that the
DDPM-based method outperforms the DDIM-based method in recall at the
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expense of higher false positive rates, answering RQ1b.

Our size-stratified analysis revealed distinct performance patterns across
lesion sizes for both diffusion-based methods. Both methods achieved their
optimal performance on smaller lesions, with performance declining dramat-
ically for larger lesions. Specifically, the DDIM-based method demonstrated
complete failure for lesions larger than T1a, while the DDPM-based method
maintained detection capability for T1b lesions (4−7cm) but failed entirely
on T2 lesions (> 7cm).

Within the smaller lesion categories, we observed notable quality dif-
ferences. Our DDPM-based method exhibited substantially lower DSC and
precision for T1ai lesions (≤ 2cm) compared to T1aii lesions (2−4cm), which
we attribute to false positives resulting from slight anatomical deviations in
reconstructions. Beyond this specific pattern, the performance differences
within stage T1a for the DDIM-based method and within stage T1 for the
DDPM-based method are relatively modest, preventing us from drawing
definitive conclusions about their relative performance within these sub-
groups.

Overall, we can conclude that both methods face significant challenges
with larger lesions: the DDPM-based method shows a steep performance
decline for T2 lesions, while the DDIM-based method fails entirely on both
T1b and T2 lesions. Additionally, the DDPM-based method generates sub-
stantially more false positives in the T1ai range compared to other size
categories. This comprehensive size-dependent analysis answers RQ1c.

7.1.2 Supervised Method Comparison

Addressing RQ2a, nnDetection achieved higher recall at equivalent false
positive rates (as shown in Figure 6.2), while nnU-Net demonstrated supe-
rior overall F1 performance (0.69 vs. 0.55) on the Radboudumc test set.
Although statistical testing failed to demonstrate nnDetection’s superior-
ity over nnU-Net, the substantial effect size in favor of nnU-Net suggests
superior detection performance for nnU-Net in terms of F1 score, while
nnDetection may excel in recall at equivalent false positive rates.

For segmentation performance, nnU-Net achieved substantially higher
DSC scores (0.68) compared to both diffusion-based methods (0.08), demon-
strating that our proposed methods failed to achieve competitive segmenta-
tion performance relative to supervised methods, answering RQ2b.

Our proposed methods demonstrated inferior detection performance com-
pared to supervised baselines. As shown in Table 6.1, the precision and
F1 scores of both diffusion-based methods are at least an order of mag-
nitude lower than those achieved by nnDetection and nnU-Net on both
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datasets. In terms of recall, our best performing method (DDPM-based
method) achieved 0.16 on the nnDetection test set compared to 0.85 for
nnDetection, and 0.15 on the Radboudumc test set compared to 0.73 and
0.67 for nnDetection and nnU-Net, respectively. While we cannot conclude
inferiority solely from our failure to statistically demonstrate non-inferiority,
the substantially lower performance across all metrics clearly demonstrates
that our weakly supervised methods cannot achieve detection performance
comparable to supervised methods, answering RQ2c.

7.1.3 Sub-Component Analysis

Our qualitative evaluation of generation using latent diffusion reveals that
DDPM-based sampling produces good visual fidelity and reasonable anatom-
ical accuracy in generated output. While the model successfully captures
kidney outlines, it struggles with fine internal structures including the hilum,
medulla, and urine collection system. DDIM-based sampling, however, pro-
duced unpredictable generation with reduced anatomical accuracy and oc-
casional complete failures.

Quantitative diversity analysis shows higher MS-SSIM scores for both
sampling methods (0.073–0.074) compared to real images (0.057), indicating
somewhat reduced structural diversity between generated samples. How-
ever, the difference is relatively small (0.016) and likely reflects reduced
variability in imaging characteristics such as contrast patterns and intensity
distributions.

We conclude that our diffusion model generates anatomically diverse
and reasonably accurate kidney images, with DDPM-based sampling being
substantially more reliable than DDIM-based sampling for generating new
examples, answering RQ3a.

ForRQ3b, our classifier achieved an AUC of only 0.56 (95% CI: 0.53–0.59),
barely exceeding chance performance. This poor performance persisted even
when evaluated on clean images (noise level 0), indicating fundamental chal-
lenges in distinguishing healthy from pathological tissue in the VQ-GAN
latent space.

Regarding RQ3c, TotalSegmentator demonstrated excellent kidney de-
tection performance across both test sets, achieving near-perfect recall (0.99
on nnDetection test set, 1.00 on Radboudumc test set) and high precision
(0.96 and 0.95, respectively).
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7.2 Interpretation of Findings

7.2.1 Low Segmentation and Detection Performance

Despite promising results from previous work on diffusion-based anomaly
detection [67], our diffusion-based models achieved substantially lower per-
formance compared to supervised methods on both detection and segmen-
tation tasks. With precision values of 0.01–0.02 across both test sets, the
vast majority of detected anomalies were false positives rather than actual
lesions. While weakly supervised methods are expected to underperform
compared to supervised methods trained on sufficient data, the magnitude
of this performance gap requires explanation.

This substantial performance difference can be attributed to several fac-
tors. First, the anatomical complexity of abdominal imaging presents signif-
icant challenges for reconstruction-based anomaly detection. The abdominal
region features complex internal kidney structure with cortex and medulla,
heterogeneous surrounding anatomy including fat, vessels, and other or-
gans, and variable contrast enhancement patterns. This complexity is sup-
ported by previous work demonstrating that the same 3D latent diffusion
architecture achieved substantially higher generation quality on brain MRI
compared to other anatomical regions [35]. Similarly, existing work on 2D
pancreas tumor segmentation using diffusion-based anomaly detection has
shown lower segmentation performance compared to similar work on brain
MRI [2], highlighting the difficulties posed by abdominal anatomy. The high
variability in kidney anatomy and contrast enhancement patterns leads to
numerous false positives, particularly in medullary regions where our model
struggled to accurately reconstruct normal enhancement patterns.

Second, our chosen architecture has specific limitations that impact
anomaly detection performance. Most critically, our classifier achieved an
AUC of only 0.56, barely exceeding chance performance. This poor per-
formance may be partially attributed to our use of latent diffusion, which
requires the classifier to perform classification in a quantized latent space
rather than pixel space, likely making it more challenging to distinguish
healthy from pathological tissue. The choice of VQ-GAN as the autoen-
coder component may have further exacerbated reconstruction challenges,
as the adversarial and perceptual losses used to reduce blurriness may in-
troduce noise when computing voxel-wise differences between original and
reconstructed images.

Finally, reconstruction-based anomaly detection faces two fundamental
challenges that contribute to poor performance. First, the method is in-
herently dependent on intensity differences between reconstructed and orig-
inal images, meaning that lesions with similar intensity characteristics to
surrounding healthy tissue—particularly cystic lesions or those with low
contrast enhancement—remain undetected. Second, the approach gener-
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ates numerous false positives from anatomical differences and variations in
contrast enhancement between reconstructed and original images. These
anatomical inconsistencies are particularly pronounced around the perime-
ter of the kidney, and the kidney hilum. This false positive problem is
particularly pronounced for our DDPM-based method, which is consistent
with literature [67].

7.2.2 DDPM-Based Method Superiority Over DDIM-Based
Method

Our finding that the DDPM-based method outperformed the DDIM-based
method contradicts existing literature on diffusion-based anomaly detec-
tion [67]. We attribute this effect primarily to the near-chance performance
(AUC: 0.56) of our classifier guidance mechanism. Although the denois-
ing U-Net is trained on only healthy images, the DDIM-based method’s
deterministic nature makes it more dependent on the quality of the guid-
ance provided by the classifier than the DDPM-based method, as evident
from the mathematical formulation where DDIM’s forward and reverse pro-
cesses are exact inverses (Equation 4.2 and Equation 4.3). This effect is
less pronounced for the DDPM-based method, which relies on noise being
introduced during sampling (Equation 2.8).

Another potential contribution to this gap in performance could be the
unstable generation when using DDIM-based sampling. However, while this
effect was very pronounced when generating new samples from noise, it was
not observed during reconstruction of real images. This leads us to conclude
that the effect only occurs when sampling from timestep 0, and likely did
not impact the detection and segmentation performance of our DDIM-based
reconstruction method.

7.2.3 Poor Performance on Large Lesions

Our size-stratified analysis revealed that both diffusion-based methods per-
formed best on smaller lesions within the T1a category (≤ 4cm), but showed
different patterns of performance decline for larger lesions. The DDIM-based
method demonstrated complete failure for lesions larger than T1a, showing
dramatic performance decline immediately above this threshold. In contrast,
the DDPM-based method maintained detection capability for T1b lesions
(4−7cm) but failed entirely on T2 lesions (> 7cm).

This size-dependent performance pattern can be attributed to several
factors. First, larger lesions often extend beyond kidney boundaries or sub-
stantially alter kidney anatomy, making it difficult for a model trained on
healthy kidney patches to reconstruct appropriate ”healthy” versions. Sec-
ond, our region of interest size of 96×96×128mm cannot contain all lesions
in stage T2 (> 70mm). As demonstrated in our qualitative analysis, our
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model is unable to reconstruct lesions that fall partially outside this region
of interest. Finally, TotalSegmentator has been shown to have reduced seg-
mentation accuracy for kidneys with pathologies [10]. This could lead to
segmentation maps that exclude portions of the kidney and lesion, resulting
in incorrect masking during post-processing.

7.3 Limitations and Future Directions

7.3.1 Classifier Performance Bottleneck

Additionally, our classifier’s inadequate performance likely severely limited
the effectiveness of our guidance mechanism, particularly for the DDIM-
based method, which relies entirely on classifier gradients for reconstruction
differences. This bottleneck effectively undermined the core principle of
guided reconstruction that underpins diffusion-based anomaly detection, ex-
plaining both the overall poor performance and the unexpected superiority
of the DDPM-based method over the DDIM-based method.

Future work should focus on improving classifier performance through
several approaches: (1) using architectures that do not rely on latent diffu-
sion, such as 3D wavelet diffusion [21], allowing classifiers to work directly in
pixel space; (2) exploring improved pseudo-label generation through sophis-
ticated natural language processing of radiology reports using large language
models [1] or expert validation; and (3) investigating alternative guidance
techniques such as classifier-free guidance [12] or implicit guidance [7].

7.3.2 High False Positive Rates

The high number of false positives significantly contributes to our methods’
low performance. While our DDIM-based method eliminated many false
positives through more accurate anatomical reconstruction, our DDPM-
based method generated numerous false positives that persisted after post-
processing. Although morphological operations and connected component
analysis helped reduce anatomical inconsistencies and noise, these post-
processing steps come at the cost of potentially removing smaller lesions,
creating a trade-off between false positive reduction and sensitivity to small
pathologies.

Future work should address false positives through several technical ap-
proaches: (1) replacing Gaussian sampling with Simplex sampling as in-
troduced in AnoDDPM [68]; (2) implementing iterative masking, stitching,
and resampling as in AutoDDPM [6]; and (3) developing dedicated false
positive reduction networks, though current implementations have relied on
supervised methods [27].
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7.3.3 Limited Dataset Scope and Evaluation Constraints

Our evaluation was constrained by limited population diversity, with data
from only two distinct populations: Netherlands patients treated at Rad-
boudumc and US patients from the KiTS dataset. While KiTS imaging
originates from multiple institutions, it represents a US-only population,
limiting generalizability across different healthcare systems and patient de-
mographics. Additionally, the size distribution across both datasets (95%
T1a lesions in the Radboudumc test set, 80% in the nnDetection test set)
severely constrained comprehensive size-stratified evaluation.

Future work should prioritize developing standardized public bench-
marks that facilitate fair evaluation of both supervised and unsupervised
methods across varied imaging protocols, patient populations, and lesion size
distributions. Multi-institutional collaboration across different geographic
regions would be particularly valuable for establishing generalizability across
diverse clinical scenarios.

7.3.4 Limited Quantitative Evaluation of Generation Quality

We were unable to perform comprehensive quantitative analysis of genera-
tion fidelity. While metrics like Fréchet Inception Distance (FID) [28] are
commonly used to evaluate generation quality by measuring distances be-
tween feature distributions of generated and real samples, meaningful inter-
pretation requires comparison to suitable baselines on the same dataset.

7.3.5 Inherent Dependencies on Supervised Components

While our method is primarily based on weakly supervised learning, it re-
tains dependencies on supervised components inherent to the approach. Our
method required annotated data for hyperparameter optimization to de-
termine optimal noise levels and guidance strength, with Figure 5.1 show-
ing high sensitivity to these parameters, particularly for the DDIM-based
method. Additionally, our pipeline relies on TotalSegmentator for kidney
segmentation, which was trained in a supervised manner.

These limitations highlight the practical constraints of achieving truly
unsupervised medical image analysis. While completely eliminating the need
for annotated data is not feasible, future work could focus on reducing re-
quired data through more efficient hyperparameter optimization methods
and exploring full-scan anomaly detection approaches, though this would
introduce substantial computational complexity and likely increase false pos-
itives outside target organs.
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Chapter 8

Conclusions

In this thesis, we explored the use of latent diffusion models for weakly su-
pervised kidney anomaly detection on fully volumetric contrast-enhanced
abdominal CT imaging. To the best of our knowledge, this represents the
first fully 3D diffusion-based anomaly detection pipeline for abdominal CT.
We introduced a novel pipeline using TotalSegmentator, 3D latent diffu-
sion, classifier-guided reconstruction, and post-processing techniques. We
evaluated segmentation and detection performance for two different diffu-
sion sampling methods, DDPM and DDIM. In contrast to previous work,
we also evaluated our weakly supervised methods against two supervised
baselines: a pre-trained nnU-Net model and a newly trained nnDetection
model.

We found that both our weakly supervised methods underperformed
compared to the supervised baselines. For segmentation performance, our
best-performing diffusion-based method achieved a DSC of only 0.08−0.12,
compared to supervised baselines achieving DSCs of 0.51−0.68. For detec-
tion performance, our best-performing diffusion-based method achieved a
precision of only 0.01−0.02 and recall of 0.15−0.16, compared to supervised
baselines achieving precision of 0.51−0.78 and recall of 0.67−0.85, measured
at an IoU threshold of 0.2. Our size-stratified analysis revealed that both
methods performed best on smaller lesions (≤ 7 cm for our DDPM-based
method and ≤ 4 cm for our DDIM-based one) with substantial performance
decline for larger lesions.

Qualitative analysis of the predictions produced by our proposed meth-
ods revealed that lesions on the boundary of the kidney and lesions that
have high contrast to the surrounding tissue are detected more often, while
lesions that present similar intensity to surrounding tissue are often seg-
mented only partially or overlooked completely. Additionally, our analysis
showed that many false positives were introduced during the reconstruction
process, particularly on the boundaries of the kidney or in the medulla.

Counter to our expectations based on existing literature, our results
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showed that our DDPM-based method outperformed our DDIM-based method
in terms of segmentation performance and recall, while our DDIM-based
method showed slightly fewer false positives. We attribute this performance
gap to the poor performance of our classifier (AUC = 0.56). Due to the
deterministic nature of DDIM sampling, this method is more dependent on
classifier guidance than our DDPM-based method.

Overall, our findings highlight the potential of latent diffusion models for
weakly supervised anomaly detection, while also underscoring the significant
challenges that remain in improving their performance to match supervised
methods, particularly in complex anatomical regions and real-world clini-
cal scenarios. Our comprehensive evaluation provides valuable insights for
future improvements in this promising research direction.
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Appendix A

Training Hyperparameters

Table A.1: VQ-GAN Hyperparameters

Parameter Value

Input size [128, 96, 96]

Downsampling factor [4,4,4]

Embedding dimensions 8

Codebook size 16,384

Precision 32 bit

Optimizer Adam

Learning rate 0.0003

β1, β2 0.5, 0.9

Loss weights

Volume Discriminator 1.0

Slice Discriminator 1.0

Perceptual 4.0

Reconstruction (L1) 4.0

Discriminator start After 10,000 iterations

Batch size 4

Gradient accumulation Every 2 epochs

Maximum iterations 100,000
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Table A.2: DDPM Hyperparameters

Parameter Value

Diffusion steps 1000

Diffusion size [32, 24, 24]

Diffusion channels 8

Dimension multipliers [2, 4, 8, 16]

Optimizer Adam

Learning rate 0.0001

EMA Decay 0.995

Loss L1

Batch size 40

Gradient accumulation Every 2 epochs

Maximum iterations 250,000

Table A.3: Classifier Hyperparameters

Parameter Value

Backbone

Base architecture Same as Table A.2

Dropout 0.2

Frozen layers 2

Classification Head

Layer sizes [384, 192]

Dropout [0.6, 0.36]

Optimizer AdamW

Weight Decay 0.001

Learning rate 0.0001

Scheduler CosineAnnealingWarmRestarts

Loss Cross Entropy

Batch size 40

Gradient accumulation Every 2 epochs
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Appendix B

Generation Examples
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(a) Real kidney CT patches

(b) DDPM generated kidney CT patches

(c) DDIM generated kidney CT patches

Figure B.1: Generation examples of our diffusion model compared to real kidney CT patches. a)
shows real kidney CT patches, b) shows kidney CT patches generated by our DDPM model and c) shows kidney
CT patches generated by our DDIM model.
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