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ABSTRACT

UNSUPERVISED ANOMALY DETECTION ON BRAIN FRACTIONAL
ANISOTROPY MAPS BY INPAINTING WITH DENOISING DIFFUSION
PROBABILISTIC MODELS

Anomaly detection constitutes a critical area of investigation across various research domains.
Recent advancements in deep learning have facilitated the application of neural networks for
anomaly detection. However, the high costs and time-intensive nature of data collection and
annotation have driven the emergence of unsupervised learning techniques. Within the realm
of unsupervised learning, generative models have gained prominence, enabling the generation
of diverse data for training purposes. In the context of medical imaging, specifically brain
MRIs, generative models have been utilized to detect anomalies in 2D slices of 3D volumes,

typically employing structural modalities like T1-weighted or T2-weighted images.

This study employs a generative Denoising Diffusion Probabilistic Model (DDPM ) to produce
3D partial volumes of brain Fractional Anisotropy (FA) maps by applying inpainting in
inference, which are subsequently masked with inpainting masks to generate the full 3D
volume. Anomalies are identified by assessing the disparity between the model’s input
and output. The performance of the generative model is evaluated using metrics such as
Structural Similarity Index (SSIM), Peak Signal-to-Noise Ratio (PSNR), Maximum Absolute
Difference, and Average Percentage Error. Anomaly detection accuracy is assessed using
Intersection over Union (IoU) and F1 score. The proposed model achieved 0.05 IoU and
0.095 F1 score. The methodology also compared with prior work and it has been shown that
while prior works achieved 50% DICE score, while inpainting in inference achieved 39.01%

DICE score.

Keywords: Unsupervised anomaly detection, Generative networks, Denoising diffusion

probabilistic model, Conditional denoising diffusion probabilistic model, 3D FA maps



OZET

GURULTU GIDERICI DIFUZYON OLASILIK MODELLERI ILE iC BOYAMA
YOLUYLA BEYIN FRAKSIYONEL ANIZOTROPI HARITALARINDA
DENETIMSIZ ANORMALLIK TESPITI

Anomali tespiti, ¢esitli arastirma alanlarinda kritik bir inceleme alanini olusturmaktadir.
Derin 0grenmedeki son gelismeler, anormallik tespiti i¢in sinir aglarinin uygulanmasini
kolaylastirmistir. Ancak, veri toplama ve etiketleme isleminin yiiksek maliyetleri ve zaman
alic1 dogasi, denetimsiz 6grenme tekniklerinin ortaya ¢ikmasina yol agmistir. Denetimsiz
O0grenme alaninda, iireteci modeller, egitim amaclari icin cesitli veri iiretmeyi miimkiin
kilan bir onem kazanmistir. Tibbi goriintileme baglaminda, 6zellikle beyin MR’lari,
genellikle T1 agirlikli veya T2 agirlikli goriintiiler kullanilarak 3D hacimlerin 2D kesitlerinde

anormallikleri tespit etmek i¢in iireteci modeller kullanilmastir.

Bu calisma, DDPM kullanarak, giriste inpainting uygulayarak beyin Fraksiyonel Anizotropi
(FA) haritalarinin 3D kismi hacimlerini iiretmekte ve ardindan i¢ boyama maskeleri ile
tam 3D hacimleri olusturmaktadir. Anormallikler, modelin giris ve cikig arasindaki farki
degerlendirerek tanimlanir. Ureteci modelin performansi, SSIM, PSNR, Maksimum Mutlak
Fark ve Ortalama Yiizde Hata gibi ol¢iitler kullanilarak degerlendirilir. Anormallik tespit
dogrulugu, IoU ve F1 skoru kullanilarak degerlendirilmistir. Onerilen model, 0.05 IoU
ve 0.095 F1 skoru elde etmistir. Onerilen metod, nceki calismalarla karsilastirilmis ve
onceki ¢aligmalarin %50 DICE skoru elde ettigi, ¢ikarsama esnasinda uygulanan i¢ boyama

metoduyla ise %39.01 DICE skoru elde ettigi gosterilmistir.
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1. INTRODUCTION

Anomaly detection is one of the important problems studied by various research areas. Due
to the applicable nature of anomaly detection algorithms for diverse application domains,
it has been an active research field for more than half a century[1]. Anomaly detection,
outlier detection, or novelty detection is the operation of processing data and pinpointing
the data points which deviate from the data’s distribution[2]. To name a few application
fields, fraud detection in finance, intrusion detection in cyber-security, traffic monitoring,
sensor networks, and medical anomaly detection. In time, different approaches have been
made for anomaly detection in various fields. The basic approaches can be named under two
groups: proximity-based and projection-based. Nearest neighbor and clustering algorithms
rely on estimating an anomaly’s proximity to nearby data points and thus can be viewed
under proximity-based methods. Whereas projection-based methods rely on projecting the

data into a lower dimension while carrying out the relationship between the data points[3].

With the recent advancements in deep learning, the ability to understand expressive
representations of complex data by deep learning models have emerged. Which opens a new
field under anomaly detection as "deep anomaly detection.". Deep anomaly detection consists
of three fundamental groups, which are; deep learning for feature extraction, learning feature
representations of normality, and end-to-end anomaly score learning[2]. In deep learning
for feature extraction, the aim of using the deep learning models is to provide a mapping
from higher dimensions to lower dimensions and concurrently extract features. The anomaly
detection and feature extraction parts take place independently; thus, deep learning models
are solely used for the purpose of dimensionality reduction[2]. End-to-end anomaly score
learning is the group of algorithms which are simultaneously extracting feature representations
while learning scoring anomalies; by processing the pipeline in an end-to-end fashion, it has
been realized that by such pipeline, the anomaly scoring is optimized substantially[2]. By
learning feature representation of normality, a domain-based approach is mentioned. This
method is mostly used when the data for the anomaly is scarce, and the deep learning model
is trained with a dataset that defines the normal distribution. The similarity of the data
containing anomalies and the data acquired by the deep learning model is then compared to

detect anomalies[4].



Also, deep anomaly detection can be grouped under training strategies which are; supervised
learning and unsupervised learning[5]. In the supervised learning strategies, the training data
is provided to the model with the labels of the anomalous regions to enable learning of the
model for the anomalous regions. For unsupervised learning, there exists no labeled data for
the training process, and in the training process, the model never meets with any data that

contains an anomaly[6].

Image inpainting is the process of modifying images in such ways that an observer who hasn’t
observed the original image would not understand the difference[7]. Despite its ancient
history, inpainting is still an active research area. Before the arrival of the Information Age,
image inpainting emerged by artists who reimposed damaged paintings or photographs with
small defects to the original image as closely as possible by hand[8]. With the information
age, the meaning of image inpainting is also redefined into technological categories where
an incomplete image’s damaged parts are restored at the pixel level[9]. Image inpainting
regarding the approach employed can be divided into two groups which are traditional-based
methods and deep learning-based methods[10]. While traditional-based methods rely on
the approach for filling gaps in the original image, deep learning-based methods can be
categorized through multiple perspectives. Those multiple perspectives can be observed
under three categorization groups which are inpainting strategies, network structures, and
loss functions used[11]. Although deep learning-based image inpainting methods are
mostly studied with Generative Adversarial Networks(GAN), Auto-Regressive models, and
Variational Auto-Encoders(VAE) models, lately, with the emergence of the DDPM in the

image synthesis, DDPM’s are introduced to image inpainting algorithms[12].

DDPMs are in a family of generative probabilistic models. Chronologically, firstly diffusion
probabilistic models are proposed where parameterized Markov chains are used to gradually
convert one distribution into another one after finite time[13]. In the diffusion probabilistic
models, the aim is to disturb input data through the forward diffusion process by iteratively
adding small amounts of Gaussian noise through Markov chains, eventually generating a
complete noise. A learned reverse-diffusion process through the same Markov chain in the
opposite direction begins from Gaussian noise, gradually denoising to generate a desired
sample that can fit in the training dataset [14]. It has been found that diffusion probabilistic

models are dependent on each forward diffusion process step and reverse diffusion process,



which results in very long sampling operations. In DDPM, it has been proposed to speed up
the diffusion processes by skipping intermediate steps. Also, a simplified training objective

for training is proposed[15].

In this study a DDPM is trained with healthy samples of FA maps to generate complete 3D
volume of brain FA maps. At the inference step, the anomaly bearing input is processed with
inpainting volume masking and the pre-trained model then used to generate masked volumes
of FA maps with inpainting operation. The resulting volumes are then gathered to generate a
pseudo-healthy FA map and the difference between input and output results an anomaly map

as can be seen from Figure 1.1.

| Training for Full Input with Healthy Data
Healthy Dataset
- Denoising
e Diffusion
Probabilistic
Model
Healthy Anomaly
Reconstruction Maps
Pre-trained
Generative
Model
’

Figure 1.1. An overview of the proposed method

1.1. PROBLEM STATEMENT

In the medical imaging domain, a classical approach for the image to image translation is
altering a medical image or 3D volume from a patient to an image or 3D volume without
pathologies. Anomaly detection is a sensitive task, so in the transformed 3D volume, it
is crucial that only the volume containing the pathology has to be changed. By utilizing
3D FA volumes, it is possible to detect various neurological diseases. While generating an
anomalous region of volume from 3D FA maps, it is crucial to blend in the correct anatomy

of the region of volume, as it was not bearing any anomalies at the beginning. To detect



correct regions as anomalies, preserving the correct anatomy for the rest of the brain is also

essential.

1.2. RELATED WORKS

1.2.1. Image Inpainting Based on Generative Networks

GAN[16] and VAE[17] made an enormous impact on image-to-image synthesis. In the task
of image inpainting, generative networks such as GAN and VAE tackled the problem of
learning high and low-frequency feature information. With the aid of adversarial losses,
consistency between fake and real pixels are increased[8]. With an encoder-decoder and a
fully-connected discriminator architecture, [18] were able to predict the missing regions of

an image by conditioning it with its neighboring pixels.

From a different perspective, by exploiting StyleGAN as a pre-trained generator, manipulating
inputs through an implemented encoder successfully paints missing regions. The proposed
model has been achieved in generating images in terms of 0.03 Mean Squared Error(MSE),
0.17 Learned Perceptual Image Patch Similarity(LPIPS) and 0.56 Perceptual similarity and

the inpainting results discussed qualitatively[19].

DDPMs’ performance in unconditional image generation has been seen on a level
with state-of-the-art methods. A general framework for image-to-image translation
tasks(inpainting, colorization, JPEG restoration, and uncropping), Palette[20], is proposed.
An image-conditional DDPM is trained to pinpoint missing regions of free-form masks.
The model achieved a 15.78 Frechet Inceiption Distance score(FID), 200.8 inception score,
and 46.2 perceptual distance, which shows promising results for in painting task. In [21],
a pre-trained unconditional DDPM is employed, and a novel method for conditioning the
sampling algorithm is proposed. The condition is provided through the proposed method,
"Iterative Latent Variable Refinement (ILVR)," where in each generation step, the starting
noise distribution is infused with the lower frequency information of the condition. Since
in the inpainting task, the masked region occurs as an unknown region, providing low or

high-frequency information will be impossible to provide for the unknown region[12]. The



authors of [12] applied a conditioning mechanism depending on the known regions of input
solely, which covers the whole sampling process. The method employs an unconditional
pre-trained DDPM. While sampling, to harmonize the generated unknown region, it has been

proposed to move back and forth through the reverse process to improve sampling quality.

1.2.2. Unsupervised Anomaly Detection in Medical Domain

Due to expensive costs and the burden of time for collecting data or annotating data,
unsupervised learning methods emerged as an alternative approach to supervised learning
methods. With the advantage of unsupervised deep generative learning, unsupervised
anomaly detection has been rapidly implemented in various fields in the medical domain.
The main idea is to train a deep generative network to model healthy anatomy as closely as
possible. Then the trained model can be used to detect, localize, and segment anomalous

regions from an image space[22].

In [23], two relatively close auto-encoder structure is employed to detect lesions from
brain MRIs. Namely, Adversarial Auto-Encoder(AAE) and VAE are compared for their
performance of reconstruction quality. It has been shown that AAEs have shown better
AUC performance. In [24], a GAN framework named AnoGAN is employed to model the
healthy anatomy of OCT scans. Later on, a Wasserstein Generative Adversarial Network
(WGAN) named f-AnoGAN is employed for the same task with improvements in the GAN
architecture. An encoder is also added in the architecture after the training of WGAN
to control the generation process since GANs only generate from a random noise vector,
with a controllable latent space that will be able to control the generation to preserve the
anatomical features[25]. In [26], VAE and GAN architectures are mixed up on brain MRI
datasets to control the generation named AnoVAEGAN. The proposed model achieved a
0.60 Dice score, while Anogan achieved a 0.37 Dice score. In [27], it has been proposed
that by training a U-Net architecture while adding random noise in the input, the model
learns to denoise anomalous noisy parts. The proposed denoising auto-encoder achieves
0.773 Dice score and 0.833 AUPRC. In [11], the inpainting process is proposed to be
operated on feature level instead of pixel level on a chest x-ray dataset. In the study, a

feature extractor is connected to a teacher-student generator architecture. In the teacher



generator part, the image is directly reconstructed from features, while the student generator
generates from features that are augmented by an inpainting block. By trained under coupled
knowledge distillation and adversarial learning, including a discriminator network. After the
training, the discriminator is also used to detect anomalies. In [28], it has been proposed
to navigate the unsupervised segmentation process with class activation masks (CAM). The
authors implemented a VAE with additional constrained loss applied to the model to generate
grad-CAMs which cover global features of the whole input, and grad-CAMs are forced to be
activated around anomalous regions. During inference, generated grad-CAMs are thresholded
to produce the final segmentation mask. It has been proposed that with inpainting, detecting
anomalies on T1 weighted brain MR images by generating the inpainted parts with the help
of a modified GAN architecture[29]. The proposed model never faces any anomalous data
while adversarially training to reconstruct missing regions. During inference, it is proposed
that for a given slice, a sliding window algorithm is applied, which slides the mask, and
model paints each region accordingly, with resulting predictions, a heatmap indicating the
region of interest for the highest reconstruction loss. The proposed model is evaluated with
different sizes of masks given as 8, 16, 32, 64, and the model achieves the best performance
of SSIM in mask size 8 with 0.99, the best PSNR value at mask size 64 with 31.665 and
the best DICE score of 0.77 for segmenting anomalous regions in the mask size 32. In [30],
a two-step generative anomaly segmentation model is proposed. In the first step, potential
anomalous regions are specified by employing a VAE to generate masks that cover those
potential anomalous regions. The generated mask is then applied to the input and fed into
a GAN, which is employed as an inpainting generative network to refine the masked input
back to generate a healthy version of the input by utilizing the unmasked region. The
model is trained using two different datasets, FastMRI+[31] and IXI datasets, to capture the
healthy distribution and evaluated on large stroke T1-weighted MRI dataset ATLAS v2.0.
The proposed model shows 22% better AUPRC and 16% better DICE scores on anomaly

segmentation performance against AnoDDPM.

Diffusion models are also used in unsupervised anomaly detection in the medical
imaging domain. In [32], a weakly-supervised approach has been proposed. Denoising
Diffusion Implicit Model(DDIM) is trained with classifier guidance on both healthy and

anomaly-bearing subjects. Classifier guidance allows the sampling process guided by the



learned parameters of a pre-trained classifier to generate a healthy medical image for a given
anomaly-bearing medical image[33]. In [34], a DDPM model named AnoDDPM is trained
only on healthy subjects with brain MRIs. In the iterative steps of adding noise and denoising
during training and sampling, instead of Gaussian noise, it has been proposed to exchange
with simplex noise. It has been shown that against f~-AnoGAN, AnoDDPM achieved better
segmentation performance of anomalous regions. While AnoDDPM achieved 0.383 Dice
score, 0.269 IoU, 0.863 AUC, and f-AnoGAN achieved 0.128, 0.093, and 0.789, respectively.
In [35], a Latent Diffusion Model(LDM) is employed to detect and segment anomalies.
First, a Vector-Quantized Variation Auto-Encoder(VQ-VAE) is trained to downsample inputs
into quantized latent representations, and the DDPM model is trained on produced latent
representations. By averaging samples of each step in the reverse process and applying a
pre-defined threshold map, a binary map of the anomalous regions is generated[14]. In [36],
a diffusion model trained on healthy samples from two different datasets for 3D Computed
Tomography(CT) scans, namely iCAIRD GG&C NHS and 2D MRI slices dataset, namely
BraTS21 dataset, is used to detect anomalies by two different inference techniques proposed
in [34] and [35]. While training the model, three different noise types, namely Gaussian noise,
simplex noise, and proposed coarse noise, are investigated. It has been shown that a diffusion
model or DAE[27] trained with proposed coarse noise outperforms both simplex noise and
Gaussian noise in AURPC values. Also, the proposed inference techniques in [34] and [35]
also compared with DAE model proposed in [27] and showed that for anomaly detection, DAE
outperforms diffusion model inference techniques in 0.653,0.689 and 0.833 AUPRC values
and 0.610, 0.675 and 0.773 respectively. In [37], a patched diffusion model is proposed.
While training the model, patches are either generated from a fixed grid or randomly, and
noise is added only on the chosen patch, then the denoising operation is held only on the given
patch. During inference, for each patch set covered, the whole input is generated individually
with respect to their original positions, and the whole output is generated from reconstructed
patches. The model is trained with healthy samples from the IXI dataset with paired T1
and T2 weighted brain MRI and evaluated on both BraTS21 and MSLUB datasets. The
PatchedDDPM model is compared against DAE,f-Anogan, and AnoDDPM, and the DICE
scores are 49.00%, 37.05%, 24.16%, 40.67%,respectively while AUPRC scores are shown as
54.07%, 44.99%, 22.05% and 49.78%,respectively on the BraTS21 dataset. For the MSLUB
dataset, DICE scores are 10.35%, 3.56%, 4.18%, 6.42% respectively and AUPRC scores are



9.79%, 5.35%, 4.01% and 7.44%%, respectively.

1.3. BACKGROUND

1.3.1. Fractional Anisotropy Maps

Diffusion-weighted MRI(dMRI) is an MRI sequence that has been increased its popularity
due to the large variety of information acquired by endogenous diffusion characteristics of
water molecules within a region, but mostly used for neuroimaging purposes[38]. FA is a
scalar value that can be drawn out from a diffusion tensor to display the movement of the
water molecules in a given region[39]. To generate FA maps, each FA value is assigned to
the corresponding voxel at the macro level creating a map of the diffusion pattern of water

molecules, allowing the detection of microstructural details of normal or altered anatomy[40].

FA maps for brain MRIs are used to diagnose neurological diseases such as;
Multiple Sclerosis(MS)[41], Alzheimer’s Disease(AD)[42], Parkinson’s Disease(PD)[43]

and traumatic brain injuries which affects the white matter tracts[44].

1.3.2. Denoising Diffusion Probabilistic Models

DDPMs are probabilistic generative models encouraged by the idea of Non-equilibrium
Thermodynamics[13]. The general idea behind the diffusion models is; for a received
input, gently and iteratively adding small amounts of Gaussian noise in each timestep T —
{1,...,T} to get a series of noisy images {xg,x1,...,xr}. To name the given process as

Forward Diffusion process q, it is defined as;

qQ(x:]%,-1) = N(x4; ! — BiXi-1; B 1) (1.1)

Where 7 is denoted as Identity matrix, §; as the diffusion rate or noise variance in each
step[32]. The forward diffusion process is a Markov Chain that is fixed and can be known

beforehand. It can also be written explicitly as;

X; = \/gxo +4/1 — o€ (1.2)



Where a; = 1 - 5; and a; = H,-T:1 a; denotes the cumulative product of @ from T —

(1,...,TM15].

The reverse Diffusion process or denoising process is the operation to generate samples
from complete Gaussian noise. It has been shown that the reverse diffusion process has the
same functional form as the forward diffusion process[45]. The reverse diffusion process or
denoising process starts when the forward diffusion process ends and follows the forward
diffusion process in the opposite direction. The reverse diffusion process is also Markov-Chain

and learned by training neural networks parameters 6, py given by;

T
po(xo7) = | | po(xi1lx) (1.3)
t=1

where pg(x;-1|x;) can be written explicitly as;

Po(Xi-11%1) = N (X115 o (X4, 1); Zo (x4, 1)) (1.4)

Training loss for the diffusion models relies on "maximizing the log-likelihood" of a sample
s’ generated by the model belonging to the D”%""¢ Both the forward diffusion process and
reverse diffusion process in the diffusion models rely on Gaussian transition functions, as can
be seen from Equation (1.4). To maximize the log-likelihood of Gaussian distributions, the
employed neural network model is being trained to find the parameters of the distribution u

and o2 on each timestep generated sample that is feasible for mapping on the D"¢/"ing

Liimplified = Brxgcll€ = €a(x1,)]1%] (1.5)

Given simplified loss term Zy;ypii fiea 18 used to estimate the Mean Squared Error between
the added noise € in the forward diffusion process and the predicted noise from the model in

the reverse diffusion process €y while training the model[15].
1.3.3. Conditional Image Synthesis

A generative model can be accepted as a conditional generative model if an extra input called
a condition is provided to the generative network. With the provided condition, the model is
able to infuse the generative process with the condition to direct the generation process[46].
Condition is used to control the stochastic behavior of the generative models. Conditional

Image Synthesis can be applied to many different tasks depending on the type of condition
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data. Condition data can be text, semantic maps, or any image-to-image translation tasks[47].

It has been proposed by [48] to control the generative process of the Diffusion Models;
the U-Net model is expanded with the cross-attention mechanism. The conditional input is
projected to an intermediate space by a transformer 7y to support various input modalities.

The projected inputs are then mapped to various interjacent layers of the U-Net.

T
Implementation of the cross attention is as follows; Attention(Q,K,V) = softmax(%) -V
where Q is features received from the U-Net model while K and V are received from

transformer 7y which are conditional input[48].

With the conditioning term, the loss function for DDPM is redefined. Let conditional input

be y, the joint optimization of 7y and €y is as follows;

gsimplified = El,Xo,E,y[HE — GH(XZ, Z, Tﬁ(y)”Q] (1.6)

1.4. CONTRIBUTION OF THE THESIS

To best of our knowledge, so far researches has been made with T1-weighted, T2-weighted
and FLAIR MR modalities. The models are trained in slice-wise fashion and models are
used in the inference time with the pipeline the model is trained within. In this study it is

aimed to;

- A DDPM model is pre-trained to generate healthy counter-part of the input. During
inference, with inpainting method implemented, each inpainting region is re-generated from

the pre-trained model and a resulting pseudo-healthy MR image is obtained.

- DDPM model is trained with healthy brain FA maps, to detect neurological anomalies. To

best of our knowledge, none of the previous studies utilized an FA dataset.

- The model is trained with a 3D dataset, and data is fed into model not in a slice-wise fashion

but as complete 3D inputs.
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2. METHODOLOGY

Given a set of fractional anisotropy (FA) volumes of N healthy subjects D¥ = {s! s, ... sV}
which are sampled from the set of healthy subjects H. Let s; ; x € [0, 1] be the fractional
anisotropy value at i,j,k voxel. The data is scaled between [-1,1] by 2 x (s;;x) — 1. An
unconditional generative DDPM is trained to generate s’ such that s’ ~ py where py(H) is
a probability density function (PDF) learned by the model to map volumes consisting of
random Gaussian noise 7n;;x ~ N(0,1) to Dgl. The trained model learns to generate an
element of Dgl by an iterative process of T steps. At each iteration, the trained model predicts

the noise to be removed so that the iterations converge to an element of Dgl.

\Voxel Space

Forward Diffusion Process

X
8 q(zu|><)I q(Zolzy) I Q(ZalZy) I
ZO Zl Zl-l
b¢

: oz 7
g -

Reverse Diffusion Process
Denoising Step Skip Connection

[ ]
t

Denoising U-Net &,
I PoZrlZ1 ) I
v — D[] - 4 -
Zy

Zy

Figure 2.1. Unconditional Diffusion Model

For the conditional DDPM, to provide conditional information from D white matter masks
Y = yl,y2,...,yN are extracted. Let y; jx € [0,1],y;;x = 1 denotes the white matter
pathways, and rest is denoted as y; ; x = 0. The conditional DDPM model is trained with
D, and Y is provided to model through intermediate layers of U-Net architecture as the

condition.

1 ifS,',j,k > 0.2
Vijk = 2.1
0 l.fSl"jyk < 0.2

Given an FA volume s, a subset of voxels m C s are labeled as a mask. A volume x7 is
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Figure 2.2. Conditional Diffusion Model

T
i,

initialized as random Gaussian noise x; ., ~ N(0,1). m corresponds to the mask for the
masked region in a sample s and s — s - m denotes the rest of the sample s after masking. In
the inference, the model is provided with m and s — s - m. At the first step, masked region m
is filled with Gaussian noise, while s — s - m is filled with pre-defined noise at each step of
the iterative process.

T .
X: . 0fSiik €Mk
-1 l,],k L], 1],
Xi ik = 2.2)

T .
S; i U Sk & ik

Algorithm 2.1. Training

1: Input: s ~ DH

2: repeat

3: t—1,2,...,t-1,T

4 sg-1 ~ q(slsg-1)

5: Let n be the noise added to convert s to si_1

6: n~ N(0,7)

7: Take gradient descent steps

8: Vo |ln — ng(x;, 7)||? > For unconditional DDPM
9: Vo lln —ng(xy, 1, 79 (»)||? > For conditional DDPM

10: until converged

At each step, providing s — s - m by adding pre-defined noise, and m is predicted by the
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model,s — m and m are combined to generate new sample x¢_j.

s—s*m ~ N(axo, (1 -@)I) (2.3)
m ~ N(,UQ(XI, t)’ Eg(Xt, t) (24)
X1 =m+ (s—s-m) (2.5

In Equation (2.3), va,x¢ is the mean of the pre-defined noise, and (1 — a;)I correspond to
the covariance of the pre-defined noise, while in 2.4 uy(x,t) and Xy(x,, t) is predicted by the
model. Equation (2.5) shows the generating of a new sample x;_; from combining s — m and

m.

Algorithm 2.2. Regular Inference Algorithm

Input: x, ~ N(0,I)
Output: xq
repeat
z~N(O,7)ift>1elsez=0
X?ﬂmown = \/%—t(xt - 11_at_ €o(Xs, 1)) + 07z

_a,
X" = Vapxo + (1 - @)

: X1 =m- xf_"fW” +(1-m)- x;‘f{‘”"wn
g untilt - 7,r-1,...,2,1

DER w7

N

2.1. INPAINTING

H W D

masksize” masksize” masksize ° In each

To detect anomalies, stest are divided into regions of

detection step, a cubic mask is applied to the corresponding region of siest. Each region is
iteratively masked, and inpainting operation is held for each region of siegt, respectively. While
generating the corresponding masked region, the outer part is transferred through noising

and denoising operation to the output in inference step, as can be seen from Figure 2.3.

In each iteration the model only generates the masked region, and the result is generated
by carrying out the corresponding generations in the corresponding region in the whole 3D
volume as can be seen in the Figure 2.4. This process results in a pseudo-healthy generation of

the input s’¢est, an anomaly map is generated between sgest and s’tes¢ by taking the difference.



Input Forward process Mask inverse
g noise
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t
Next t step
Figure 2.3. Inpainting operation at each timestep t
ég:rrir;zl);\ml Inpainting gsgg:sytrumion ?/Ina::)?aly
Pre-trained
DDPM

Figure 2.4. Inpainting operation for complete volume
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Two distinct types of masks are employed in the inpainting process. First, complete cubic
masks are applied on the input MRI image as can be seen from Figure 2.5 and secondly,
cubic masks guided by white matter tracts, where the cubic masks and binary maps of white
matter tracts intersections are taken out which results in the blocking out the information on

the matter tracts as can be seen from the Figure 2.6.

Figure 2.5. Complete cubic mask Figure 2.6. White matter guided cubic mask

Figure 2.7. Complete cubic mask applied  Figure 2.8. White matter guided cubic mask
input MRI applied input MRI

2.2. DATASET AND PRE-PROCESSING

In this study, 972 MR images acquired with dMRI modalities are used from Human
Connectome Project (HCP) 1200 Subject Release[49]. HCP 1200 Subject Release dataset
consists of 1000 dMRI of healthy participants aged between 22 and 35. The participants
of HCP was chosen from various geographical locations around the world to make sure to
provide a diverse representation of the sampling population. HCP provides various structural
(T1-weighted - T2-weighted and dMRI) and functional modalities. It has been realized that
the dataset contains gaps in each individual data on the X, y and z axes. The original data

shape was 145x174x145, and it has been cropped to 128x128x128. The data is split into to
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900 train samples and 72 test samples without any annotations.

While comparing the methodologies, as mentioned in the [37] IXI, Multimodal Brain
Tumor Segmentation Challenge 2021(BraTS21)[50] and MSLUB[51] datasets are used.
IXI dataset consists of 560 pairs of T1 and T2-weighted brain MRI scans. The BraTS21
dataset consists of 1251 unhealthy brain MRI scans of four different modalities such as
T1-weighted, T1-CE, T2-weighted, and FLAIR. MSLUB dataset consists of 30 patients with
T1-weighted, T2-weighted, and FLAIR modalities, which carry the MS diseases. BraTS21
and MSLUB datasets are used in the evaluation by following the previous work[37] by
choosing T2-weighted modalities of all datasets. Pre-processing methods are by following
[37]; Registration of all scans on SRI24-Atlas[52] by affine transformations, skull-stripping,
black border removal to a fixed resolution of [192 x 192 x 100] voxels and bias field correction
is applied. The resolution of the volumes are reduced to [96 x 96 x 80], and the top 15 and

bottom 15 slices are removed from the slices which are parallel to the transverse plane.

2.3. NETWORK ARCHITECTURE

In diffusion generative modeling, U-Net architectures are first introduced by Ho et al.[15],
and the improvements have been shown by Jolicoeur-Martinaue et al.[53] that U-net like

architectures in denoising score matching models, sampling quality drastically improved[54].

In this study, for unconditional generation, to represent the reverse process, a U-Net
architecture is employed can be seen in Figure 2.9. As input, 3-D FA maps and time
embeddings from DDPM are received. All the layers are arranged to support 3-D inputs. In
the contracting path, five repeated down blocks are defined with skip connections from U-Net
architecture[55]. Each down block consists of two residual blocks and a downsampling block
with the convolution of strides two. In each downsampling block,the number of the features
is doubled. Residual blocks consist of two convolution operation, before each convolution
operation, swish activation and group normalization are applied. Only the last down block
contains self-attention. A middle block between the contracting path and the expansive path
is constructed from two residual blocks, and a self-attention block between residual blocks,

is used. On the expansive path, five repeated up blocks are defined with skip connections
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received from corresponding downblocks. Each up block consists of two residual blocks
and an upsampling block with convolution of strides two, in each up block,the number of
the features is halved. For the down block,middle block and up block same residual blocks
are used. The last layer consists of a group normalization, swish activation, and a final

convolution is applied.

Self-Attention
Block

I Residual Block

8x 128X 128

2

H B
H ' H

Concatenate

2

32x32

Figure 2.9. Unconditional U-Net

For conditional generation, to represent the reverse process, a U-Net architecture is employed
and it can be seen in Figure 2.10. As input, 3-D FA maps and time embeddings are received,
and conditional input is received as extra information through a transformer. All the layers are
arranged to support 3-D inputs. In the contracting path, five repeated down blocks are defined
with skip connections from U-Net architecture[55]. Each down block consist of two residual
blocks and a downsampling block with convolution of strides two, in each downsampling
block, the number of the features is doubled. Residual blocks consist of two convolution
operation, before each convolution operation swish activation and group normalization is
applied. Last two down blocks contains cross attention layer through a transformer. A
middle block between the contracting path and the expansive path is constructed from two
residual blocks and a cross-attention block between residual blocks is used. On the expansive
path, five repeated up blocks are defined with skip connections received from corresponding
down blocks. Each upblock consists of two residual blocks and an upsampling block with
convolution of strides two, in each up block, the number of the features is halved. First two up

blocks contains cross attention layer through a transformer. For the down block, middle block
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and up block same residual blocks are used. The last layer consists of a group normalization,

swish activation, and a final convolution is applied.

él | | |£ D Cross-Attention
g 5 Block
3 enate
¥ H
H & ¥ H
3 H

Figure 2.10. Conditional U-Net

2.4. IMPLEMENTATION DETAILS

All training experiments are held on Google Colab Pro + with A100 40 Gb GPU and 83
Gb RAM. Tensorflow version 2.11.0 and Keras 2.8.0 frameworks are used for the DDPM.
The model is trained without data augmentation for 400 epochs and 360,000 steps with batch
size 1, which took approximately three days for training. DDPM is utilized with T = 1000
sampling steps. The model is trained with Adam optimizer and MSE loss with a learning rate
scheduler to decrease the learning rate gradually after 15000 steps and starting from 1074,
By choosing the number of channels for the initial layer as 16 the later layers are 32, 64,
128, 256 for unconditional DDPM, where the unconditional model with 41,245,217 total and
trainable parameters and conditional DDPM with 49,223,329 total and trainable parameters.
While testing, a reconstruction operation by DDPM took 4 minutes 50 seconds with A100
40 Gb GPU, 7 minutes 30 seconds with V100 16 Gb GPU. To generate the whole test set,

TRUBA is employed to expedite reconstructions.
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2.5. EVALUATION METRICS

In this study, the performance of the proposed models is evaluated on different aspects. For
the reconstruction quality and success of the model with inpainting, Maximum Absolute
Difference, Mean Percentage Error, Structural Similarity Index Metric (SSIM) and Peak

Signal-to-Noise (PSNR) metrics are used.

Maximum Absolute Difference is used to assess the maximum difference for the FA values
between real and generated parts of a 3D volume. Mean Percentage Error is used to understand
at which side the model is generating. Are the values higher than the original, or are they
lower than the original, and at which side is the model mostly generating? SSIM is a measure
of assessing perceptual image quality[56]. SSIM tries to imitate the human visual perception
while measuring similarity by taking three key features: Luminance, Contrast, Structure[57].
By taking these three features in hand, it is a reasonable metric to rely on on the problem of
reconstruction. SSIM value is in the range of [0,1] where 0 denotes no similar points in the

reconstruction and 1 is very similar or the same.

PSNR is the measure of the ratio between the maximum possible signal power and the power
of the disturbing noise which corrupts the quality of the reconstructed image. PSNR metric

between two images are measured in dB[58].

For anomaly detection accuracy, Intersection over Union (IoU) and F1 score are calculated.
F1 score is the harmonic mean between precision and recall which is used to evaluate the
predictive ability of a model as shown in Equation (2.8). A higher F1 score indicates a better

ability to specify anomalies[59].

TP
P = TP + FP 2.6)
TP
R= TP + FN 27
2xPxR
Flscore i (28)

PxR
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IoU or Jaccard Index is a similarity measurement between two data from a set as given X and
Y. It is defined as the intersection of X and Y, over union of X and Y as seen in Equation (2.9)
[60].

X NY]|

ToU(X,Y) = Yo7

(2.9)
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3. RESULTS

The results are acquired from both conditional and unconditional DDPM models are evaluated
with SSIM, PSNR, Maximum Absolute Difference, and Average Percentage Error. For loU

and F1 score and qualitative analysis only conditional DDPM is utilized.

3.1. QUANTITATIVE RESULTS

For reconstruction performance analysis, FA maps of randomly selected subjects from whole
training set is used. The masks applied for inpainting is either a complete cubic mask or
a white matter guided cubic mask which denotes the white matter pathways to guide the
generation with various sizes of 4, 8, 16, 32. All the metrics are calculated for only the
generated parts of the 3D volume. For the unconditional DDPM the results are shown

through Figure 3.1 to Figure 3.8;
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Figure 3.1. Cubic mask with sizes 32, 16, 8, 4. Structural Similarity Index values for given
mask sizes.

The conditional DDPM reconstruction performance on a single inpainting mask is evaluated
with the same setup as unconditional DDPM, and the results are shown through Figure 3.9

to Figure 3.16;
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Figure 3.2. White matter guided cubic mask with with sizes 32, 16, 8, 4. Structural

Similarity Index values for given mask sizes.
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Figure 3.3. Cubic mask with sizes 32, 16, 8, 4. Peak Signal-to-Noise Ratio values for given

mask sizes.
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Figure 3.4. White matter guided cubic mask with with sizes 32, 16, 8, 4. Peak

Signal-to-Noise Ratio values for given mask sizes.
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Figure 3.5. Cubic mask with sizes 32, 16, 8, 4. Maximum Absolute Difference values for

given mask sizes.
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Figure 3.8. White matter guided cubic mask with with sizes 32, 16, 8, 4. Average
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Figure 3.9. Cubic mask with sizes 32, 16, 8, 4. Structural Similarity Index values for given

mask sizes.
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Figure 3.10. White matter guided cubic mask with with sizes 32, 16, 8, 4. Structural

Similarity Index values for given mask sizes.
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Figure 3.11. Cubic mask with sizes 32, 16, 8, 4. Peak Signal-to-Noise Ratio values for

given mask sizes.
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Figure 3.12. White matter guided cubic mask with with sizes 32, 16, 8, 4. Peak
Signal-to-Noise Ratio values for given mask sizes.
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Figure 3.13. Cubic mask with sizes 32, 16, 8, 4. Maximum Absolute Difference values for

given mask sizes.
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Figure 3.15. Cubic mask with sizes 32, 16, 8, 4. Average Percentage Error values for given

mask sizes.
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A spherical synthetic anomaly on white matter tracts is added on the 10 subjects from the
test set by increasing or decreasing FA values by 0.2 and 0.1. The spherical anomalies are
added with varying sizes of 16 and 8. For detection accuracy, F1 score and IoU scores are

calculated. The resulting tables can be shown through Table 3.1 to Table 3.8;

Table 3.1. Cubic mask generation from generated synthetic anomalies with increased FA

values
Anomaly Size | Increased FA value | IoU | F1 Score
8 0.2 0.61 0.76
8 0.1 0.48 0.65
8 0.01 0.20 0.34
16 0.2 0.62 0.77
16 0.1 0.48 0.65
16 0.01 0.30 0.46

Table 3.2. Cubic mask generation from generated synthetic anomalies with decreased FA

values
Anomaly Size | Decreased FA value | IoU | F1 Score
8 0.2 0.53 0.70
8 0.1 0.32 0.49
8 0.01 0.37 0.23
16 0.2 0.60 0.75
16 0.1 0.35 0.52
16 0.01 0.26 0.41




Table 3.3. White matter guided cubic masks generation with increased intensities

Anomaly Size | Increased FA value | IoU | F1 Score
8 0.2 0.75 0.86
8 0.1 0.64 0.78
8 0.01 0.21 0.35
16 0.2 0.79 0.88
16 0.1 0.60 0.75
16 0.01 0.31 0.48

Table 3.4. White matter guided cubic masks generation with decreased intensities

Anomaly Size | Decreased FA value | IoU | F1 Score
8 0.2 0.70 0.82
8 0.1 0.37 0.53
8 0.01 0.23 0.37
16 0.2 0.70 0.82
16 0.1 0.37 0.54
16 0.01 0.25 0.41

Table 3.5. Cubic mask generation from generated synthetic anomalies with various

increased intensities, mask and anomaly sizes

Mask Size | Anomaly Size | Increased FA value | IoU | F1 Score
4 8 0.2 0.49 0.66
4 8 0.1 0.34 0.51
4 8 0.01 0.12 0.21
8 16 0.2 0.47 0.64
8 16 0.1 0.29 0.45
8 16 0.01 0.20 0.34

28
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Table 3.6. Cubic mask generation from generated synthetic anomalies with various
decreased intensities, mask and anomaly sizes

Mask Size | Anomaly Size | Decreased FA value | IoU | F1 Score
4 8 0.2 0.46 0.63
4 8 0.1 0.19 0.32
4 8 0.01 0.11 0.21
8 16 0.2 0.42 0.59
8 16 0.1 0.24 0.39
8 16 0.01 0.18 0.31

Table 3.7. White matter guided cubic masks generation with various increased intensities,
mask and anomaly sizes

Mask Size | Anomaly Size | Increased FA value | IoU | F1 Score
4 8 0.2 0.59 0.74
4 8 0.1 0.44 0.61
4 8 0.01 0.098 0.18
8 16 0.2 0.57 0.73
8 16 0.1 0.35 0.52
8 16 0.01 0.21 0.35

Table 3.8. White matter guided cubic masks generation with various decreased intensities,
mask and anomaly sizes

Mask Size | Anomaly Size | Decreased FA value | IoU | F1 Score
4 8 0.2 0.44 0.61

4 8 0.1 0.19 0.32

4 8 0.01 0.11 0.19

8 16 0.2 0.50 0.67

8

8

16 0.1 0.22 0.35
16 0.01 0.18 0.31
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In Table 3.9 a full roaming white matter guided cubic inpainting mask with a diameter of
16 is utilized to generate a whole 3D volume with conditional DDPM. A synthetic anomaly
is placed by increasing FA values by 0.3, 0.2, 0.1 with a diameter of 32 and 16. The
reconstruction operation is repeated approximately 170 times which roughly took 14 hours.

The quantiative results also can be seen in Figure 3.42.

Table 3.9. Full reconstruction IoU and F1 score evaluation with different anomaly sizes and
different FA anomalies.

Anomaly Size | Increased FA value | IoU | F1 Score
32 0.2 0.05 0.095
32 0.1 0.037 | 0.071
16 0.2 0.008 | 0.015
16 0.1 0.005 0.01

The resulting ROC curve for Table 3.9 generations are given in Figure 3.17;
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Figure 3.17. Generation from added spherical synthetic anomalies with diameters of 32 and
16 by increasing FA values of 0.2, 0.1 .

The proposed methodology compared with p-DDPM methodology with simplex noise and
gaussian noise by following the article [37]. The results for BraTS21 dataset can be seen

from Table 3.10 and results for MSLUB dataset can be seen from Table 3.11.
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Table 3.10. Evaluation of comparison between pDDPM and Inpainting only in inference on
BraTS21 dataset

Methodology DICE[%] | AUPRC[%]
pDPPM + simplex noise 50.00 55.12
Inpainting with simplex noise 39.01 45.25
Inpainting with gaussian noise 37.33 40.44

Table 3.11. Evaluation of comparison between pDDPM and Inpainting only in inference on
MSLUB dataset

Methodology DICE[%] | AUPRC[Y%]
pDPPM + simplex noise 9.95 7.00
Inpainting with simplex noise 2.52 4.09
Inpainting with gaussian noise 4.04 5.19

3.2. QUALITATIVE RESULTS

A spherical synthetic anomaly on white matter tracts is added on the test set by increasing
or decreasing FA values by 0.2 and 0.1. The spherical anomalies are added with varying
size as 16 and 8. The results are generated with conditional DDPM since it showed better

performance than unconditional DDPM

In Figures through Figure 3.18 to Figure 3.33, in the synthetic anomaly column, spherical
synthetic anomalies are added on the white matter tracts, with a diameter of 16 or 8, increasing
or decreasing FA values by 0.2 or 0.1. Corresponding inpainting reconstruction with cubic
mask or white matter guided cubic masks with size of 16 or 8 on anomalies location, is shown
in reconstructed column. The synthetic anomaly mask and the difference between first and

second column are shown on the anomaly mask and reconstructed mask column, respectively.

In Figures through Figure 3.34 to Figure 3.41 in the synthetic anomaly column, spherical
synthetic anomalies are added on the white matter tracts, with a diameter of 16 or 8, increasing
FA values by 0.2 or 01. Corresponding inpainting reconstruction with white matter guided
cubic mask size of 8 or 4 on anomalies location by roaming smaller cubic masks, is shown in

the reconstructed column. The synthetic anomaly mask and the difference between first and
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second column are shown on the anomaly mask and reconstructed mask column, respectively.

15 Subject
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31 Subject

Synthetic Anomaly

Reconstructed

Anomaly Mask

Reconstructed Mask

Figure 3.18. Generation with cubic mask of size 16 with increased FA values of 0.2.
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Figure 3.19. Generation with cubic mask of size 16 with increased FA values of 0.1.
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Figure 3.20. Generation with cubic mask of size 16 with decreased FA values of 0.2.
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Figure 3.21. Generation with cubic mask of size 16 with decreased FA values of 0.1.
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Figure 3.22. Generation with white matter guided cubic mask of size 16 with increased FA

values of 0.2.
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Figure 3.23. Generation with white matter guided cubic mask of size 16 with increased FA

values of 0.2.
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Figure 3.24. Generation with white matter guided cubic mask of size 16 with decreased FA

values of 0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask
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Figure 3.25. Generation with white matter guided cubic mask of size 16 with decreased FA
values of 0.1.
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Figure 3.26. Generation with white matter cubic mask of size 8 with increased FA values of
0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask
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Figure 3.27. Generation with white matter cubic mask of size 8 with increased FA values of
0.1.
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Figure 3.28. Generation with white matter guided cubic mask of size 8 with decreased FA
values of 0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask
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Figure 3.29. Generation with white matter guided cubic mask of size 8 with decreased FA
values of 0.1.
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Figure 3.30. Generation with white matter cubic mask of size 8 with increased FA values of
0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask
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Figure 3.31. Generation with white matter cubic mask of size 8 with increased FA values of
0.1.
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Figure 3.32. Generation with white matter guided cubic mask of size 8 with decreased FA
values of 0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask
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Figure 3.33. Generation with white matter guided cubic mask of size 8 with decreased FA
values of 0.1.
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Figure 3.34. Generation with smaller white matter guided cubic masks of size 8 on anomaly
mask with size 16 for increased FA values of 0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask
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Figure 3.35. Generation with smaller white matter guided cubic masks of size 8 on anomaly
mask with size 16 for increased FA values of 0.1.

Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask

15 Subject

2 Subject

31 Subject

Figure 3.36. Generation with smaller white matter guided cubic masks of size 8 on anomaly
mask with size 16 for decreased FA values of 0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask
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Figure 3.37. Generation with smaller white matter guided cubic masks of size 8 on anomaly
mask with size 16 for increased FA values of 0.1.
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Figure 3.38. Generation with smaller white matter guided cubic masks of size 4 on anomaly
mask with size 8 for increased FA values of 0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask

15 Subject
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Figure 3.39. Generation with smaller white matter guided cubic masks of size 4 on anomaly
mask with size 8 for increased FA values of 0.1.
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Figure 3.40. Generation with smaller white matter guided cubic masks of size 4 on anomaly
mask with size 8 for decreased FA values of 0.2.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask

15 Subject

2 Subject

39 Subject

Figure 3.41. Generation with smaller white matter guided cubic masks of size 4 on anomaly
mask with size 8 for decreased FA values of 0.1.

In Figure 3.42 and Figure 3.43 a synthetic anomaly is placed by increasing FA values by 0.2
and 0.1 with a diameter of 32 and 16, respectively can be seen on anomaly mask column. The
resulting difference of the synthetic anomaly volume and reconstructed volume can be seen
on reconstructed mask column. The reconstruction operation is repeated 171 times which

roughly took 12 hours.

Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask

Increased
anomaly
with 0.2

Increased
anomaly
with 0.1

Figure 3.42. Generation with white matter guided cubic masks of size 16 on anomaly mask
with size 32.
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Synthetic Anomaly Reconstructed Anomaly Mask Reconstructed Mask

increased
anomaly
with 0.2

increased
anomaly
with 0.1

Figure 3.43. Generation with white matter guided cubic masks of size 16 on anomaly mask
with size 16.
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4. DISCUSSION

In this study; a pre-trained conditional DDPM is proposed to detect anomalies in 3D volumes
of FA maps. FA maps are preferred to detect pixel-wise anomalies for the diffusion of water
molecules in brain. This anomalies corresponds to conditions such as; Multiple Sclerosis
(MS), Alzheimer’s Disease (AD), Parkinson’s Disease (PD), and traumatic brain injuries that
affects white matter tracts in real world applications. To detect anomalies, a reconstruction
of a healthy approximation for the patient is generated by 3D conditional DDPM, which is
conditioned on 3D volumes of white matter tracts. The main challenge while generating
healthy approximations is keeping the anatomy of the healthy region. To keep the healthy
anatomies as they were, the inpainting method is employed to narrowing down the generated

location for each step.

There have been notable studies reported to detect anomalies in medical imaging, and also in
structural brain MRIs. In [32], it has been proposed to generate pseudo-healthy reconstruction
from DDPM with a pre-trained classifier to guide the generation during diffusion steps.
Although, the anomaly detection stands similar as the main aim, the techniques and the scope
of the aim is quite different. With FA maps as data, the neurological diseases aimed to detect.
Even though the learning strategy in the aforementioned study is weakly-supervised, it needs

image-level annotated classes.

To overcome the problem of the scarcity of data with annotations, with only a healthy
dataset, by learning the modeling of the healthy anatomy, an unsupervised approach is a
popular training strategy amongst anomaly detection studies[30]. Conditioning the model,
by leveraging cross-attention, on the white matter tracts, it is aimed to control the generation
of the DDPM in an unsupervised manner. The U-Net architecture is used to apply the reverse
diffusion process of the DDPM. The data is provided as 3D volumes of FA maps to generate
a whole volume of reconstructed healthy 3D volume, U-Net architecture and cross-attention

mechanism are modified for this problem to process 3D data.

DDPM model is pre-trained with only healthy data without any annotations from HCP to
generate a model of healthy anatomy. The generation is controlled by a cross-attention

module as a conditioning mechanism and conditioned with 3D white matter tract masks of
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input 3D FA volume. As can be seen from Figure 3.36, the model indeed learns generating
from the modeled distribution of healthy anatomy. As can be seen from Figure 3.42 and,
Figure 3.43 while generating for whole 3D volume, the model fails to generate the healthy

anatomy of the patient as it were healthy.

The partial generation of the conditional and unconditional model’s performance is evaluated
through different situations and evaluated to compare with the pDDPM model. While
using the unconditional model, providing fractional anisotropy guided cubic mask decreases
Maximum Absolute Difference, and Average Percentage Error and increases SSIM. Providing
fractional anisotropy guided cubic mask in the inference step increases the performance of the
proposed model. As it can be seen from Figure 3.5 and Figure 3.6, the Maximum Absolute
Difference decreases with the mask size and white matter guided cubic masks rather than
just cubic masks. Providing extra conditions also allows the model to preserve the anatomy
of the white matter tracts and leaves only generating FA values instead of a complete cubic
space. Average Percentage Error shows that most of the time, the generated volumes from
model has lower FA values than originals. The highest SSIM value is obtained with mask
size 8 and then mask sizes 16 and 4. Thus while evaluating anomaly detection performance,
mask size 16 is used. Since mask sizes 4 ,and 8 increases generating time for a whole 3D

volume dramatically, they are not preferred.

Starting from Table 3.1 to Table 3.8, it can be seen that even though the model is conditioned
with white matter pathways, also providing partial white matter tracts instead of a cubic mask
shows better anomaly detection performance in terms of F1 score and IoU. It can be seen
that decreased FA values cause more problems while detecting anomalies than increasing
FA values. It can be seen that as the FA values increase or decrease less, F1 scores and IoU
values decrease, which shows that the conditional DDPM model fails to show the correct
shape of the anomaly also can be seen through Figure 3.18 to Figure 3.41. Also, generating a
part where the anomalous synthetic part is reconstructed with multiple masks decreases the
model performance. The most crucial part while detecting an anomaly with inpainting from
a given 3D brain FA volume is the ability to generate the anatomically correct generation
of non-anomalous parts and also generating correct FA values for non-anomalous parts and
also generating an estimation of FA values for anomalous parts if the subject were healthy.

The proposed model shows good performance for partial reconstruction, but for a complete
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reconstruction the model shows poor performance, as it can be seen from Figure 3.42 and
Table 3.9. With the comparison held with pDDPM, it has been shown that when the inpainting
methodology is included while training, the model performs better in terms of DICE and
AUPRC results. The minimum detectable FA value for the model is detected as setting
the threshold value 0.02 lower than the anomalies FA value. The experiments indicates
that, the models output creates meaningfull results in terms of IoU, DICE and accuracy
when threshold is set 0.02 lower than the anomalies FA value. Also it has been seen that
skull-stripping operation is important while setting the threshold, because the variety of the
skull leftovers does not affect the dataset domain, and in inference skull leftovers can distort

the resulting anomaly maps.

One of the secondary challenge after preserving healthy anatomy is, models inference time,
as it takes approximately 4 minutes and 50 seconds to generate a partial volume from the
whole 3D volume in the case of a 128x128x128 input for a mask with volume of 8x8x8, the
model had to generate 1540 partial parts which correspond to brain parts to generate whole
input which approximately takes 115.5 hours to generate a whole volume and with a mask
volume of 16x16x16 model had to generate 171 partial parts which approximately take 12

hours to generate a whole volume with using A100 GPU.
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5. CONCLUSIONS

Lately, unsupervised anomaly detection in medical imaging has been rapidly developing.
Aiming to overcome the scarcity of training data by leveraging unsupervised training
strategies, the unsupervised deep anomaly methods are applied to different problems in the
medical domain by introducing different model architectures. Nowadays, DDPMs showed
better results in unsupervised anomaly detection using a reconstruction approach instead of
GANs and VAEs. However, the challenging part while generating healthy approximations
in the pixel level is keeping the anatomy of the healthy region. In the case of this study,
unsupervised deep anomaly detection enhanced image inpainting is utilized with DDPMs to
narrow down the generated location for each step. In order to detect anomalies using roaming
inpainting masks on the input and generating each region, a healthy approximation of the

patient is generated.

An unconditional and conditional DDPM is utilized and compared to generate the inpainting
masks. The results show that conditional DDPM generates better results at a single
reconstruction. Also, the different masking types with different sizes, such as a complete
cubic mask and white matter-guided cubic masks, are applied, and the outcomes are obtained
to evaluate the generation performance of the proposed model. The results of this study
show that the proposed model can be used for the partial reconstruction of known anomalous
regions and shows better performance with higher deviations from healthy FA values. The
model generates an approximation of the healthy for input, yet it is not anatomically correct
for non-anomalous regions, which results in incorrectly predicted anomalies as an outcome

in the pixel level.

5.1. FUTURE WORKS

Different conditioning mechanisms such as spatial attention, channel attention, or conditional
normalization methods can be researched to better project the anatomical correctness of the
non-anomalous regions to increase generation performance and anomaly detection. The
effect of resampling from [12] can also be researched to correctly generate by harmonizing

anatomical parts of non-anomalous regions at each step and FA values for anomalous regions.



49

With weak supervision, FA values can be controlled while generation through a classifier
condition if the FA values for different diseases exist and are annotated in the upcoming
period. Also the improvement in inference time for 3D inputs can also be researched by

employing different sampling methods.
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APPENDIX A: ALGORITHMS

The python code implemented in this thesis work is provided through Algorithm A.2 to

Algorithm A.21 and the inference algorithm is provided in Algorithm A.22.

Algorithm A.1. Training Code for Conditional DDPM

import math

import numpy as np

import matplotlib.pyplot as plt
import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers
from tqdm import tgdm

from tensorflow.python.platform import tf_logging as logging
from keras.utils import io_utils
from tqdm.auto import tqgdm

import os

import datetime
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tf.keras.utils.set_random_seed(7777)
np.random.seed(7777)

[y
vl
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# Datagenerator for training
class datagencondition(tf.keras.utils.Sequence):
def __init__(self, path_context,path_input,
batch_size
):
self.path_context=path_context
self.path_input=path_input

self.files_x=o0s.listdir(path_context)
self.files=[]
for file in self.files_x:

if ".npy" in file:

self.files.append(file)

self.n = len(self.files)
self.batch_size=batch_size
self.trunc_tresh=0.2

def __load_data__(self,i):

condition=np.load(os.path.join(self.path_context,
self.files[i]))

condition=np.expand_dims(condition,axis=-1)
x_path_file=self.files[i]
x=np.load(os.path. join(self.path_input,x_path_file))
x=np.expand_dims(x,axis=-1)
x=(2*x)-1
return x,np.float32(condition),self.files[i]

def __get_batch__(self,index_interval):

i_start=index_interval[0]

i_end=index_interval[1]

batch=[]

batch_condition=[]

batch_files=[]

for i in range(i_start,i_end):
x,condition,file_name=self.__load_data__(i)
batch.append(x)
batch_condition.append(condition)
batch_files.append(file_name)

return (np.asarray(batch),

np.asarray(batch_condition),batch_files)
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def __getitem__(self, index):
X,X_Con,files=self.__get_batch__(index_interval=
[index * self.batch_size,(index + 1) * self.batch_size])
return X,X_Con, files

def __len__(self):
return self.n // self.batch_size

#Adding and extracting noise values in a corresponding time schedule
class GaussianDiffusion:
def __init__(
self,
beta_start=1e-4,
beta_end=0.02,
timesteps=1000,
clip_ min=-1.0,
clip_max=1.0,

self.beta_start = beta_start
self.beta_end = beta_end
self.timesteps = timesteps
self.clip_min = clip_min
self.clip_max = clip_max

# Define the linear variance schedule
betas = np.linspace(
beta_start,
beta_end,
timesteps,
dtype=np.float64, # Using float64 for better precision
)
self.betas=betas
self.num_timesteps = int(timesteps)
alphas = 1.0 - betas
alphas_cumprod = np.cumprod(alphas, axis=0)
alphas_cumprod_prev = np.append(1.0, alphas_cumprod[:-1])
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self.betas = tf.constant(betas, dtype=tf.float32)

self.alphas_cumprod = tf.constant(alphas_cumprod,
dtype=tf.float32)

self.alphas_cumprod_prev = tf.constant(alphas_cumprod_prev,
dtype=tf.float32)

# Calculations for diffusion gq(x_t | x_{t-1}) and others

self.sqrt_alphas_cumprod = tf.constant(
np.sqrt(alphas_cumprod), dtype=tf.float32

)

self.sqrt_one_minus_alphas_cumprod = tf.constant(
np.sqrt(1.0 - alphas_cumprod), dtype=tf.float32
)

self.log_one_minus_alphas_cumprod = tf.constant(
np.log(1.0 - alphas_cumprod), dtype=tf.float32
)

self.sqrt_recip_alphas_cumprod = tf.constant(

np.sqrt(1.0 / alphas_cumprod), dtype=tf.float32
)
self.sqrt_recipml_alphas_cumprod = tf.constant(
np.sqrt(1.0 / alphas_cumprod - 1), dtype=tf.float32
)
# Calculations for posterior q(x_{t-1} | x_t, x_0)
posterior_variance = (
betas*(1.0-alphas_cumprod_prev) / (1.0-alphas_cumprod)
)
self.posterior_variance = tf.constant(posterior_variance,
dtype=tf.float32)
self.posterior_log_variance_clipped = tf.constant(
np.log(np.maximum(posterior_variance, le-20)),
dtype=tf.float32
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self.posterior_mean_coefl = tf.constant(
betas * np.sqrt(alphas_cumprod_prev) /
(1.0 - alphas_cumprod),
dtype=tf.float32,
)

self.posterior_mean_coef2 = tf.constant(
(1.0 - alphas_cumprod_prev) * np.sqrt(alphas) /
(1.0 - alphas_cumprod),
dtype=tf.float32,
)
#Converts extracted informations into a tensor
def _extract(self, a, t, x_shape):

batch_size = x_shape[0]

out = tf.gather(a, t)

return tf.reshape(out, [batch_size, 1, 1, 1,1])
#Extraction of mean and variance at current timesteo
def q_mean_variance(self, x_start, t):

x_start_shape = tf.shape(x_start)
mean = self._extract(self.sqrt_alphas_cumprod, t,
x_start_shape) * x_start
variance = self._extract(1.0 - self.alphas_cumprod, t,
X_start_shape)
log_variance = self._extract(
self.log_one_minus_alphas_cumprod, t, x_start_shape

)
return mean, variance, log_variance

#Diffusing data with noise

def q_sample(self, x_start, t, noise):

x_start_shape = tf.shape(x_start)
return (
self._extract(self.sqrt_alphas_cumprod, t,
tf.shape(x_start)) * x_start
+ self._extract(self.sqrt_one_minus_alphas_cumprod,
t, x_start_shape)
* noise
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def predict_start_from noise(self, x_t, t, noise):
x_t_shape = tf.shape(x_t)
return (
self._extract(self.sqrt_recip_alphas_cumprod, t,
x_t_shape) * x_t
- self._extract(self.sqrt_recipml_alphas_cumprod,
t, x_t_shape) * noise
)
#Computing the mean and variance of the diffusion posterior.
def g_posterior(self, x_start, x_t, t):

x_t_shape = tf.shape(x_t)
posterior_mean = (
self._extract(self.posterior_mean_coefl, t, x_t_shape)
* x_start
+ self._extract(self.posterior_mean_coef2, t, x_t_shape)
* X_t
)
posterior_variance = self._extract(self.posterior_variance,
t, x_t_shape)
posterior_log_variance_clipped = self._extract(
self.posterior_log_variance_clipped, t, x_t_shape
)
return (posterior_mean, posterior_variance,
posterior_log_variance_clipped)

def p_mean_variance(self, pred_noise, x, t,clip_denoised=False):
x_recon = self.predict_start_from noise(x, t=t,
noise=pred_noise)
if clip_denoised:
x_recon = tf.clip_by_value(x_recon, self.clip_min,
self.clip_max)

model_mean, posterior_variance, posterior_log_variance =

self.q_posterior(x_start=x_recon, x_t=x, t=t)

return (model_mean, posterior_variance,
posterior_log_variance)
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#Sampling and denoising from diffusion model.

def

p_sample(self, pred_noise, x, t,clip_denoised=False):

model_mean, _, model_log_variance = self.p_mean_variance(
pred_noise, x=x, t=t, clip_denoised=clip_denoised
)
noise = tf.random.normal (shape=x.shape, dtype=x.dtype)
# No noise when t == 0
nonzero_mask = tf.reshape(
1 - tf.cast(tf.equal(t, 0), tf.float32),
[tf.shape(x)[0], 1, 1, 1,1])
return (model_mean + nonzero_mask *
tf.exp(0.5 * model_log_variance) * noise

def kernel_init(scale):
scale = max(scale, 1le-10)
return keras.initializers.VarianceScaling(

)

scale, mode="fan_avg", distribution="uniform"

class AttentionBlock(layers.Layer):

def

def

__init__(self, units, groups=8, **kwargs):
self.units = units

self.groups = groups

super() .__init__ (**kwargs)

self.query = layers.Conv3D(units,kernel_size=1,
padding="same", kernel_initializer=kernel_init(1.0))
self.key = layers.Conv3D(units,kernel_size=1,
padding="same", kernel_initializer=kernel_init(1.0))
self.value = layers.Conv3D(units,kernel_size=1,
padding="same", kernel_initializer=kernel_init(1.0))
self.proj =layers.Conv3D(units,kernel_size=1,
padding="same", kernel_initializer=kernel_init(0))

build(self,input_shape):
in_channels=input_shape[-1]
if in_channels <= 8:
groups = in_channels // 4
else:
groups = 8
self.norm = layers.GroupNormalization(groups=groups)

63



Algorithm A.8. Training Code for Conditional DDPM

0 NO VT WDN

BB DR DWW W W W W W W w WNNNNNNNDNDNDNRRRR R = = |2 3 =
WINRFREFSOWOONOUVIAE WNREUOWOLONOULEEAE WNRFRSOWOoWNOUULEASE WNRER SV

def

call(self, inputs):

batch_size = tf.shape(inputs)[0]

height = tf.shape(inputs)[1]

width = tf.shape(inputs)[2]

depth = tf.shape(inputs)[3]

scale = tf.cast(self.units, tf.float32) ** (-0.5)

g = self.query(inputs)
k = self.key(inputs)
v = self.value(inputs)

attn_score = tf.einsum("bhwdc, bHWDc -> bhwdHWD",q,k)*scale
attn_score = tf.reshape(attn_score,

[batch_size, height, width, depth,

height * width * depth])

attn_score = tf.nn.softmax(attn_score, -1)
attn_score = tf.reshape(attn_score,
[batch_size, height, width, depth,
height, width,depth])

proj = tf.einsum("bhwdHWD,bHWDc->bhwdc", attn_score, V)
proj = self.proj(proj)
return inputs + proj

class CrossAttentionBlock(layers.Layer):

def

def

__init__(self, units, groups=8, **kwargs):
self.units = units

self.groups = groups

super() .__init__ (**kwargs)

self.query = layers.Conv3D(units,1, "same",kernel_init(1.0))
self.key = layers.Conv3D(units,1, "same", kernel_init(1.0))
self.value = layers.Conv3D(units,1, "same",kernel_init(1.0))
self.proj =layers.Conv3D(units,1, "same", kernel_init(0))

build(self,input_shape):
in_channels=input_shape[0][-1]
if in_channels <= 8:
groups = in_channels // 4
else:
groups = 8
self.norm = layers.GroupNormalization(groups=groups)
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def call(self, inputs):
inputs, context = inputs

contex

t

= inputs if context is None else context

batch_size = tf.shape(inputs) [0]

height

= tf.shape(inputs)[1]

width = tf.shape(inputs)[2]

depth
scale

inputs

tf.shape(inputs) [3]
tf.cast(self.units, tf.float32) ** (-0.5)

= self.norm(inputs)

g = self.query(inputs)

k
v

attn_score
attn_score

self.key(context)
self.value(context)

tf.reshape(attn_score,
[batch_size, height, width, depth,
height * width * depth])

attn_score = tf.nn.softmax(attn_score, -1)

attn_score

proj =
proj =
return

tf.reshape(attn_score,
[batch_size, height, width, depth,
height, width,depth])

tf.einsum("bhwdHWD, bHWDc->bhwdc", attn_score, v)
self.proj(proj)
inputs + proj

class TimeEmbedding(layers.Layer):

__init__(self, dim, **kwargs):

super().__init__ (**kwargs)

self.dim = dim

self.half dim = dim // 2

self.emb = math.log(10000) / (self.half dim - 1)
self.emb = tf.exp(tf.range(self.half dim,

def

dtype=tf.float32) * -self.emb)

tf.einsum("bhwdc, bHWDc -> bhwdHWD",q k)*scale
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def call(self, inputs):
inputs = tf.cast(inputs, dtype=tf.float32)
emb = inputs[:, None] * self.emb[None, :]
emb = tf.concat([tf.sin(emb), tf.cos(emb)], axis=-1)
return emb

def gelu(x):
tanh_res = keras.activations.tanh(x * 0.7978845608 *
(1 + 0.044715 * (x**2)))
return 0.5 * x * (1 + tanh_res)

class GEGLU(keras.layers.Layer):
def __init__(self, dim_out):
super().__init__ Q)

self.proj=layers.Conv3D(dim_out*2,1, "same", kernel_init(1.0)

self.dim_out = dim_out

def call(self, x):
xp = self.proj(x)
X, gate = xp[..., : self.dim_out], xp[..., self.dim_out :]
return x * gelu(gate)

def normalize(inputs):
in_channels = inputs.shape[4]
if in_channels <= 8:
num_groups = in_channels // 4
else:
num_groups = 8
x = layers.GroupNormalization(num_groups,axis=-1,
epsilon=1e-6,) (inputs)
return Xx

def DownSample(width):
def apply(x):
x = layers.Conv3D(

width,
kernel_size=3,
strides=2,

padding="same",
kernel_initializer=kernel_init(1.0),
)X
return x
return apply
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def UpSample(width, interpolation="nearest"):
def apply(x):
x = layers.UpSampling3D(size=2) (x)
x = layers.Conv3D(
width, 3, "same",kernel_init(1.0)
)(x)
return X

return apply

def TimeMLP(units, activation_fn=keras.activations.swish):
def apply(inputs):
temb = layers.Dense(
units, activation_fn, kernel_init(1.0)
) (inputs)
temb = layers.Dense(units,kernel_init(1.0)) (temb)
return temb
return apply

def ResidualBlock(width, activation_fn=keras.activations.swish):
def apply(inputs):
X, t = inputs
input_width = x.shape[4]

if input_width == width:
residual = x

else:
residual = layers.Conv3D(
width, 1, kernel_init(1.0)
) (x)
temb = activation_fn(t)

temb = layers.Dense(width, kernel_init(1.0)) (temb) [
:, None, None,
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X = normalize(x)
X = activation_fn(x)
x = layers.Conv3D(
width, 3, "same", kernel_init(1.0)
)(x)
x = layers.Add() ([x, temb])
X = normalize(x)
X = activation_fn(x)
x = layers.Conv3D(
width, 3, "same", kernel_init(0.0)
)(x)
x = layers.Add() ([x, residual])
return x

return apply

class ReScaler(keras.layers.Layer):
def __init__(self, orig_shape):
super().__init__ Q)
self.orig_shape=orig_shape

def build(self,input_shape):
size_n=int(input_shape[1])//int(self.orig_shape[1])
self.average_pooling=tf.keras.layers.AveragePooling3D(

(size_n,size_n,
size_n)

)

def call(self, inputs):
return self.average_pooling(inputs)

class BasicTransformerBlock(keras.layers.Layer):

def

def

__init__(self, dim,):

super().__init__Q

self.attnl = AttentionBlock(dim)

self.attn2 CrossAttentionBlock(dim)

self.geglu = GEGLU(dim * 4)

self.dense =layers.Conv3D(dim,1,"same",kernel_init(1.0))

call(self, inputs):

X, context = inputs

X = self.attnl(xX) + x

x = self.attn2([x, context]) + X
return self.dense(self.geglu(x)) + x
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class SpatialTransformer (keras.layers.Layer):

def

def

def

__init__(self, channels):

super() .__init__Q

self.norm = layers.GroupNormalization(groups=8,epsilon=1e-5)

self.proj_in=layers.Conv3D(channels, 1, "same",
kernel_init(1.0))

self.transformer_blocks = [BasicTransformerBlock(channels)]

self.proj_out=layers.Conv3D(channels, 1, "same",
kernel_init(1.0))

build(self,input_shape):
shape=input_shape[0]
self.scaler=ReScaler(orig_shape=shape)

call(self, inputs):

X, context = inputs

context = x if context is None else context

if context is not None:
context=self.scaler(context)

b, h, w, d,c = x.shape

x_in = x

x = self.norm(x)

x = self.proj_in(x)

for block in self.transformer_blocks:

x = block([x, context])
return self.proj_out(x) + x_in

def build_unet_model(
input_shape,
context_shape,
widths,

has_

attention,

channel _multiplier,

num_res_blocks=2,
activation_fn=keras.activations.swish,
first_conv_channels=16,
use_spatial_transformer=True
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widths=[first_conv_channels*mult for mult in channel multiplier]

image_input = layers.Input(
shape=input_shape, name="image_input"

)

context = layers.Input(
shape=context_shape, name="context"

)

time_input = keras.Input(shape=(), dtype=tf.int64,
name="time_input")

x = layers.Conv3D(
first_conv_channels,
kernel_size=3,
padding="same",
kernel_initializer=kernel_init(1.0),
) (image_input)

temb = TimeEmbedding(dim=first_conv_channels * 4)(time_input)

temb = TimeMLP(units=first_conv_channels * 4,
activation_fn=activation_£fn) (temb)

skips = [x]

# DownBlock
for i in range(len(widths)):
for _ in range(num_res_blocks):
x = ResidualBlock(
widths[i], activation_fn=activation_fn
)([x, temb])
if has_attention[i]:
if use_spatial_transformer==True:
x = SpatialTransformer(widths[i]) ([x,context])
else:
context_x=ReScaler(
orig_shape=tf.shape(x)[0]) (context)
x=CrossAttentionBlock(widths[i]) ([x,context_x])
skips.append(x)

if widths[i] != widths[-1]:
x = DownSample(widths[i]) (x)
skips.append(x)
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# MiddleBlock

X = ResidualBlock(widths[-1] ,activation_fn=activation_fn) (
[x, temb]

)

if use_spatial_transformer==True:
X = SpatialTransformer(widths[i]) ([x,context])

else:
context_x=ReScaler(orig_shape=tf.shape(x)[0]) (context)
X = CrossAttentionBlock(widths[i]) ([x,context_x])

x = ResidualBlock(widths[-1], activation_fn=activation_£n)(
[x, temb]
)

# UpBlock
for i in reversed(range(len(widths))):
for _ in range(num_res_blocks + 1):
x = layers.Concatenate(axis=-1) ([x, skips.pop(])
X = ResidualBlock(
widths[i],activation_fn=activation_£fn
)([x, temb])
if has_attention[i]:
if use_spatial_transformer==True:
X = SpatialTransformer (widths[i]) ([x,context])
else:
context_x=ReScaler(tf.shape(x)[0]) (context)

x = CrossAttentionBlock(widths[i]) ([x,context_x])

if i 1= 0:
x = UpSample(widths[i]) (x)

# End block

X = normalize(x)
activation_fn(x)
layers.Conv3D(input_shape[-1], (3,3,3),"same",
kernel_init(0.0)) (x)
return keras.Model([image_input, context, time_input], x,
name="conditional_unet")

MM
I
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class DiffusionModel (keras.Model):
def __init__(self,input_shape,context_shape, timesteps,
checkpoint_path, special_checkpoint=None,
first_conv_channels=16,
channel _multiplier=[1, 2, 4, 8, 16],
has_attention=[False, False, False, True, Truel],
num_res_blocks=2,
):
super (DiffusionModel,self).__init__Q
self.shape=input_shape
self.c_shape = context_shape
self.first_conv_channels = first_conv_channels
self.channel_multiplier = channel multiplier
self.widths = [first_conv_channels *
mult for mult in channel_multiplier]
self.has_attention = has_attention
self.num_res_blocks = num_res_blocks
self.network = build_unet_model/(
input_shape=self.shape,
context_shape = self.c_shape,
widths=self.widths,
has_attention=self.has_attention,
num_res_blocks=self.num_res_blocks,
first_conv_channels=self.first_conv_channels,
channel _multiplier = self.channel_multiplier
)

self.timesteps=timesteps

# Get an instance of the Gaussian Diffusion utilities
self.gdf_util = GaussianDiffusion(timesteps=self.timesteps)
self.checkpoint_dir = os.path.join(checkpoint_path,
"checkpoint")
if not os.path.isdir(self.checkpoint_dir):
os.makedirs(self.checkpoint_dir)
print("New Checkpoint Folder Initialized...")

self.checkpoint_prefix = os.path.join(self.checkpoint_dir,
"ckpt")+

datetime.datetime.now().strftime("\%Y\%m\%d-\%H\%M\%S")

self.special_checkpoint=special_checkpoint
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else:
tf.print("-----————- Initializing from scratch---------

if return_epoch_number==True:
return int(self.checkpoint.epoch)+1

def train_step(self, inputs):
# Get the batch size
X,context,_=inputs
batch_size = tf.shape(x)[0]
self.checkpoint.step.assign_add(1l)
tf.summary.scalar(
"steps’, data=self.checkpoint.step,
step=self.checkpoint.step
)

# Sample timesteps uniformly
t = tf.random.uniform(
minval=0, maxval=self.timesteps,
shape=(batch_size,), dtype=tf.int64
)

with tf.GradientTape() as tape:
# Sample random noise to added to images in the batch
noise = tf.random.normal (shape=tf.shape(x),
dtype=x.dtype
)
# Diffuse the images with noise
x_t = self.gdf_util.qg_sample(x, t, noise)

# Pass the diffused images and time steps to network
pred_noise = self.network([x_t,context, t],
training=True

)

# Calculate the loss
loss = self.loss(noise, pred_noise)

# Get the gradients
gradients = tape.gradient(loss,
self.network.trainable_weights)
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def load(self,usage="train",return_epoch_number=True) :
self.checkpoint = tf.train.Checkpoint(
network=self.network,
optimizer=self.optimize;
step=tf.Variable(0),
epoch=tf.Variable(0)
)
try:
latest_checkpoint=tf.train.latest_checkpoint(
self.checkpoint_dir
)
except:
latest_checkpoint=None
pass

if (latest_checkpoint!=None and
self.special_checkpoint==None):
if usage=="eval":
self.checkpoint.restore(
latest_checkpoint
) .expect_partial ()

else:

self.checkpoint.restore(latest_checkpoint)
tf.print("-------- Restoring from {}-------- ", format(
latest_checkpoint)
)
tf.print("---------—-—- Step {}------————-—- " format(
int(self.checkpoint.step))
)

elif self.special_checkpoint!=None:
if usage=="eval":
self.checkpoint.restore(
self.special_checkpoint).expect_partial ()

else:
self.checkpoint.restore(self.special_checkpoint)
tf.print("----—----—-—-- Restoring from {}----------—- "
format
self.special_checkpoint))
tf.print("-----—————- Step {}------————- ", format(

int(self.checkpoint.step))
)

1
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# Update the weights of the network
self.optimizer.apply_gradients(
zip(gradients, self.network.trainable_weights)

)

# Return loss values
return {"loss": loss}

def test_step(self, inputs):
# Get the batch size
X,context,_=inputs
batch_size = tf.shape(x)[0]

# Sample timesteps uniformly
t = tf.random.uniform(
minval=0, maxval=self.timesteps,
shape=(batch_size,), dtype=tf.int64
)

# Sample random noise to be added to the images in the batch
noise = tf.random.normal (shape=tf.shape(x), dtype=x.dtype)

# Diffuse the images with noise
x_t = self.gdf_util.qg_sample(x, t, noise)

# Pass the diffused images and time steps to the network
pred_noise = self.network([x_t,context, t], training=False)

# Calculate the loss
loss = self.loss(noise, pred_noise)

# Return loss values
return {"loss": loss}

def generate_from_anomaly(
self,image,mask,condition,num_models=1
):
# Randomly sample noise (starting point for reverse process)
samples = tf.random.normal
shape=(num_models, self.shape[0], self.shape[1l],
self.shape[2],self.shape[3]), dtype=tf.float32
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time_range = reversed(range(0,self.timesteps))
print (f"Running DDPM Sampling {self.timesteps} timesteps")
iterator = tgdm(time_range, desc='DDPM Sampler’,
total=self.timesteps
)
for t, step in enumerate(iterator):
tt = np.full((num_models,), step)
pred_noise = self.network.predict(
[samples,condition,tt], verbose=0,
batch_size=num_models
)
alpha_cumprod = self.gdf util.alphas_cumprod[step]
gt_weight = tf.math.sqgrt(alpha_cumprod)
gt_part = gt_weight*image

noise_weight = tf.math.sqrt(l-alpha_cumprod)
noise_part = noise_weight*tf.random.normal (samples.shape)

weighted_gt = gt_part + noise_part
samples = (mask * samples)+ ((1 - mask) * (weighted_gt))

samples = self.gdf util.p_sample(
pred_noise, samples, tt, clip_denoised=True
)
# Return generated samples
return samples,pred_noise

num_epochs = 400

timesteps = 1000

learning_rate = le-4
save_per_epoch = 5
input_shape=(128,128,128,1)
context_shape = (128,128,128,1)
step_warmup = 15000
first_conv_channels = 16

channel _multiplier = [1,2,4,8,16]
has_attention = [False, False, False, True, True]
num_res_blocks = 2
special_checkpoint=None
batch_size=1
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model = DiffusionModel (
input_shape=input_shape,context_shape = context_shape,
timesteps=timesteps, checkpoint_path=checkpoint_path,
special_checkpoint=special_checkpoint,
first_conv_channels=first_conv_channels,
channel_multiplier=channel _multiplier,
has_attention=has_attention,
num_res_blocks=num_res_blocks,

)

model . compile(

loss=keras.losses.MeanSquaredError(),
optimizer=keras.optimizers.Adam(learning_rate=learning_rate),
)
initial_epoch = model.load(return_epoch_number=True)

callbacks=[]

callbacks.append(SaveCheckpoint (number_epoch=num_epochs,
per_epoch=save_per_epoch))

callbacks.append(LearningRateStepScheduler(initial_lr=learning_rate,
step_warmup=step_warmup))

traingen = datagencondition(path_context=condition_path,

path_input = data_path,
batch_size = batch_size)
model. fit(
traingen,
epochs=num_epochs,
batch_size=batch_size,
callbacks=callbacks,
initial_epoch=initial_epoch
)
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mask_size=16
x,x_cond,dir = testgen.__getitem__(0)
split = dir[0].split(’.’)
fullname = split[0].split(’_")
name = fullname[0]
save_path = ’/content/drive/MyDrive/full_reconstruction’
x_tmp = x.squeeze()
x_tmp = (x_tmp+1)/2
mask_size=16
coordinates = []
for i in range(0,128,mask_size):
for j in range(®,128,mask_size):
for k in range(®,128,mask_size):
z=x_tmp[i:i+mask_size,j:j+mask_size,k:k+mask_size]

ratio=len(np.where(z==0)[0]) /mask_size**3
if ratio<0.3:
coordinates.append([i,j,k])
for coor in coordinates:
i=coor[0]
j=coor[1]
k=coor[2]

if not os.path.isfile(save_path+f’/{name}_{i}_{j}_{k}.npy’):
cubemask = np.zeros_like(x,dtype=bool)
cubemask[0,i:i+mask_size, j:j+mask_size,k:k+mask_size,®]=True
famask = np.logical_and(x_cond, cubemask)
masked_img = x-x*famask
generated_part,_ = model.generate_from_anomaly_wot®(
masked_img,np. float32(famask),x_cond
)
np.save(save_path+f’ /{name}_{i}_{j}_{k}’,generated_part)
else:
print (f’There was {name}_{i}_{j}_{k} skipped’)
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