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Abstract

Quality control (QC) of MR images is essential to ensure that downstream analyses such
as segmentation can be performed successfully. Currently, QC is predominantly performed
visually and subjectively, at significant time and operator cost. We aim to automate the
process using a probabilistic network that estimates segmentation uncertainty through a
heteroscedastic noise model, providing a measure of task-specific quality. By augmenting
training images with k-space artefacts, we propose a novel CNN architecture to decouple
sources of uncertainty related to the task and different k-space artefacts in a self-supervised
manner. This enables the prediction of separate uncertainties for different types of data
degradation. While the uncertainty predictions reflect the presence and severity of artefacts,
the network provides more robust and generalisable segmentation predictions given the
quality of the data. We show that models trained with artefact augmentation provide
informative measures of uncertainty on both simulated artefacts and problematic real-
world images identified by human-raters, both qualitatively and quantitatively in the form
of error bars on volume measurements. Relating artefact uncertainty to segmentation Dice
scores, we observe that our uncertainty predictions provide a better estimate of MRI quality
from the point of view of the task (gray matter segmentation) compared to commonly used
metrics of quality including signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR),
hence providing a real-time quality metric indicative of segmentation quality.

Keywords:  Machine Learning, MRI Quality Control, Segmentation, Bayesian Deep
Learning, Uncertainty, MRI Artefacts, Data Augmentation, Student Teacher Networks

1. Introduction

Quality control (QC) in magnetic resonance imaging (MRI) is the process of establishing
whether a scan or dataset meets a required set of standards. QC typically relates to the
acceptable level of image quality required for a particular task, which may be affected by
acquisition noise, resolution, and/or image artefacts induced for instance by blood flow,
patient motion, field-of-view (FOV)/aliasing, bias field, and zipper or radio-frequency (RF)
spikes. Indeed, in MRI, a large variety of potential artefacts need to be identified so that
problematic images can either be excluded or accounted for in further image processing
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Figure 1: Two scans failing visual QC due to motion artefacts. a) The artefact located in
the brain and affecting downstream gray matter segmentation task. b) Artefact
localised at the bottom of the image, leaving the brain unaffected. From an
algorithmic point of view, this image could have been used for a segmentation
task, highlighting the distinction between visual and algorithmic QC.

and analysis. To date, the gold standard for identification of these issues remains labour-
intensive manual visual inspection of the data (Graham et al., 2018).

However, with the current trend towards acquiring and exploiting large imaging datasets,
the time and resources required to perform visual QC have become prohibitive. Further-
more, visual QC is subject to inter and intra-rater variability due to differences in radi-
ological training, rater competence, and sample appearance (Sudre et al., 2019). Some
artefacts, such as those caused by motion, can be difficult to detect with visual QC, as their
identification requires careful examination of every slice in a volume. These challenges have
led to increased interest in automated methods. In addition to the challenges inherent to
visual QC, it is worth highlighting the task-dependent nature of a quality assessment: what
is deemed acceptable quality for a radiological assessment may not be sufficient to provide
reliable measurements for any automated analyses the image might undergo. Furthermore,
manual QC is typically based on the perceptual “visual quality” of the image rather than the
acceptable level of quality required for a particular algorithmic task, such as segmentation.

Figure 1, presents two T1 images from the ADNI (Alzheimer’s Disease Neuroimaging
Initiative) database, illustrating this difference. Both images, graded by trained analysts,
have been deemed “unusable” for containing artefacts due to motion (the criteria used for
the QC is described in detail on the ADNI website!). However, since in the right image
the artefacts do not intersect the brain, the task of segmenting gray matter would not be
affected and the scan should have been kept for this analysis. Thus, there is a distinction be-
tween perceptual quality and the quality required for algorithmic processing. Furthermore,
by training with augmentation, convolutional neural networks (CNNs) make the internal
representation of the data more robust to noise, so from an algorithmic perspective, some
image degradation may be tolerated before observing a drop in performance. These obser-

1. http://adni.loni.usc.edu/methods/mri-tool/mri-analysis/
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vations allow us to define MRI quality as the model’s ability to perform the task, rather
than a subjective visual grading of quality.

Therefore, in this work, we propose to estimate uncertainty using a Bayesian Deep
Learning framework and show that the resulting uncertainty predictions can be used as a
measure of quality for the task of gray matter segmentation. Furthermore, to isolate the
impact of artefacts on the segmentation, we present a novel decoupled uncertainty model,
where decoupled uncertainty predictions reflect the presence of different artefacts, assuming
that the artefact processes are conditionally independent. For example, patient movement
and RF-spikes are clearly independent effects. Furthermore, in terms of the acquisition
physics, the point spread function (PSF) is dependent on image resolution and window
size, while noise is a product of the receiver coils, meaning that blurriness due to low
resolution is independent of the coil noise and sensitivity.

The ability to identify sources of uncertainty can have a direct impact on the man-
agement of both clinical and research logistics. For instance, if the observed uncertainty
is associated with acquisition artefacts (noise, for example) inspection of the scanner by
an engineer may be required. In contrast, if the uncertainty stems from subject motion,
recall of the subject may be the appropriate path of action. In addition, in the context
of population studies, obtaining the uncertainty associated with the desired measurement
allows for appropriate statistical treatment of the samples while limiting the number of ex-
clusions for quality reasons. Lastly, real-time indication of levels of uncertainty concerning
a downstream task would enable radiographers to best manage session time and ensure
repeat scans are taken as needed.

Given the challenge of decoupling the effect of different artefacts, we must appreciate
that the image degradation possibilities in MRI are wide-ranging and artefact appearance
is varied. Artefacts may be image-wide or localised within a volume, making their detec-
tion difficult. Classification of artefacts and attributing labels to artefact sub-types is also
problematic. For instance, at a voxel-level, patient motion can appear similar to blurring
or Gibbs ringing. Furthermore, motion artefacts are often categorised by QC-raters into
“blurring,” “ringing” and “ghosting,” but it can be difficult to distinguish between them.
Artefact classification is not consistent across raters and is protocol dependent; for exam-
ple, artefacts may be ignored if they lie outside of the skull. These QC inconsistencies
impede the use of real-world QC labels for training/validating of models. Additionally,
multiple artefact sub-types may be present in a scan, further complicating the decoupling
task. However, modelling the noise due to artefacts through an uncertainty model allows us
to handle this naturally. Our proposed probabilistic network, discussed in section 3, learns
the best way it can (from the point of view of minimising the loss) of decoupling uncer-
tainty from the data in a self-supervised fashion, without the need for explicit artefact labels.

Contributions The main contributions of this work are three-fold:

1. A general method of estimating MRI segmentation quality in a self-supervised manner.

2. A novel cascading student-teacher CNN architecture and probabilistic loss function
to decouple sources of uncertainty related to the task and different image artefacts.

3. Validation of uncertainty predictions as a measure of segmentation quality on prob-
lematic images identified by expert raters.
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Journal Extensions This manuscript builds upon our work presented at the MIDL 2020
conference (Shaw et al., 2020). In this paper we make the following extensions:

1. Better motivation of the problem is described; specifically, the issue of “visual” QC
vs “algorithmic” QC with regards to segmentation quality. We also discuss the ad-
vantages of being able to decouple predictive uncertainty due to artefacts and why,
for our model, specific sources of artefacts may be considered independent.

2. A more extensive literature review to reflect the growing research into automated QC
using Deep Learning and uncertainty-based methods. Since our original paper was
published, a number of papers have been released tackling automatic QC and, in a
similar approach to our work, using uncertainty for this purpose. Due to the paper’s
extended length, the related works section is now divided into sub-sections for clarity.

3. Our model has been extended to include patient movement artefact augmentation.
Prior work did not include motion artefacts due to time limitations. This was a
significant barrier to validating on real-world data since motion artefacts are one of
the most common types of MRI artefacts in the datasets we have available.

4. Extended quantitative validation experiments have been carried out to investigate the
use of decoupled artefact uncertainty. In these additional experiments, we show that
by relating the decoupled artefact uncertainty from our model to segmentation Dice
scores, the uncertainty predictions can be used as a metric of segmentation quality. We
compare this metric to signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR)
and show that on both simulated data and real-world data, our metric of quality is
better correlated to the segmentation quality as measured by Dice score.

5. The discussion and limitations sections have been extended to address comments from
reviewers. In short, the model has shown promising results, but we want to highlight
a number of current limitations with the model that readers should be made aware of
if the work is to be taken forwards for future research.

2. Related Works

Uncertainty in Deep Neural Networks The basis of this work uses Bayesian CNNs to
predict the uncertainty of segmentation predictions. In recent years, estimating uncertainty
in the data/model has become increasingly recognised as an important step to enable the
safe transition of automated methods into the clinical environment, for instance in (Wang
et al., 2018), (Kohl et al., 2018), (Tanno et al., 2019) and (Hu et al., 2019). In Bayesian Deep
Learning, two main types of uncertainty are commonly distinguished: epistemic uncertainty
which is uncertainty in the model, and aleatoric uncertainty which depends on noise or
randomness in the data (Kendall and Gal, 2017).

Epistemic uncertainty is modelled by placing a prior distribution over the model weights
and capturing how the weights vary given the data. Often, Bayesian inference is computa-
tionally intractable and is approximated using Laplace approximation, Markov chain Monte
Carlo methods or variational methods (Combalia et al., 2020). Monte Carlo dropout is used
to create an ensemble of predictions, and the uncertainty is estimated as the variance over
predictions. It consists of training a model with dropout at each layer of the network and
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performing many forward passes of the dropout network to sample from the approximate
posterior (Gal and Ghahramani, 2016). Alternatively, predictions can be generated using
an ensemble of differently trained neural networks (Lakshminarayanan et al., 2017).

Aleatoric uncertainty, on the other hand, captures noise inherent in the observations.
This could be a result of measurement noise, resulting in uncertainty which cannot be re-
duced even with the collection of more data. To capture the aleatoric uncertainty, we learn
the observation noise parameter , by minimising a log-likelihood loss function assuming
that the noise can be modelled with some distribution - usually, a Normal distribution is as-
sumed, as we do in this work. In a similar approach to the one presented in this work, Prado
et al. (2019) have used a dual network to learn both epistemic and aleatoric uncertainty,
assuming their independence. However, since the focus of this work is on the assessment of
image quality, only the aleatoric uncertainty is considered here.

Deep Learning-based QC Estimating MRI quality for automated QC remains an open
problem, but a number of learning-based approaches have been proposed. Muelly et al.
(2017) use CNNs for three QC tasks: 1) classifying MRI diagnostic quality, 2) determining
if artefacts are present, and 3) classifying scan sequence type. They use transfer learning
on a dataset of images categorised by an experienced radiologist. In Graham et al. (2018),
the authors use CNNs to detect motion artefacts in diffusion-weighted MRI. Addressing the
drawback of supervised approaches, which require time-consuming and subjective manually
labelled data for training, simulated data is used in addition to some manually labelled
real-world data for a final calibration step.

Using a GAN, Brusini et al. (2020) estimate the quality of brain segmentations by
learning a mapping from the segmentation to the MR image with the pix2pix framework
(Isola et al., 2017). Comparing the generated MRI from a potentially bad segmentation to
the original MRI results in an error map, highlighting regions where they do not match,
i.e. where segmentation errors may be present. Also using a generative model, Wang et al.
(2020) learn a manifold of “good-quality” image segmentation pairs of Cardiac MRI scans.
The quality of a given test segmentation is assessed by evaluating the difference from its
projection onto the good-quality manifold.

With a similar approach to ours, estimating image quality from segmentation uncer-
tainty, Devries and Taylor (2018) propose a two-stage architecture. First, a CNN produces
a segmentation prediction and uncertainty map, and second, a segmentation quality CNN
produces a quality estimate. The uncertainty map can be used to interpret the segmen-
tation network’s output, while the quality estimate can automatically reject, or alert the
user to poor segmentations. However, our work remains distinct through the use of novel
k-space augmentations to isolate uncertainty due to image artefacts. Also using segmen-
tation uncertainty of T1 images for QC purposes, Roy et al. (2019) introduce Bayesian
QuickNAT'. They predict epistemic, or model, uncertainty utilising test-time dropout sam-
pling to generate multiple segmentation realisations, and introduce four metrics to measure
the structure-wise uncertainty. They show that by increasing input image noise the uncer-
tainty is correlated with segmentation Dice score. However, our work differs from this by
modelling the aleatoric uncertainty with a heteroscedastic model allowing us to learn the
data-dependent uncertainty as a function of the input data.
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Classical QC Methods Non-Deep Learning approaches to MRI QC include Sun et al.
(2014), an open-source tool performing a number of QC tests including: geometric dis-
tortion, slice thickness/position accuracy, percentage signal ghosting, high contrast spatial
resolution and low contrast object detectability. Gedamu et al. (2008) present an automated
method for assessing MRI quality acquired in a clinical trials environment, with the follow-
ing QC procedures: 1) patient identity veri cation, 2) alphanumeric parameter matching,
3) SNR estimation, 4) gadolinium-enhancement veri cation, and 5) detection of head move-
ment ghosting. Each procedure provides an automated quantitative measurement which is
compared against an acceptance threshold based on receiver operating characteristics of
traditional manual and visual QC performed by trained experts. Sadri et al. (2020) present
an open-source QC tool MRQy with two main objectives: 1) to interrogate MRI cohorts
for site- or equipment-based di erences, and 2) quantify the impact of MRI artefacts on
relative image quality. MRQy extracts several quality measures: noise ratios, variation
metrics, entropy and energy criteria, and MR image metadata. Esteban et al. (2017) show
that task-dependent measures such as entropy-focus criterion (EFC) and INU (intensity
non-uniformity) amongst others, can be used for QC, targeting speci ¢ artefact sub-types.

Data Augmentation  In Deep Learning, data augmentation is important to making net-
works more generalisable and robust to image corruption/unseen data. The amount and
type of augmentation to apply during training is an important aspect of this work and learn-
ing the best polices of data augmentation remains an active area of research (Cubuk et al.,
2019). Image augmentations often include geometric transforms such as scaling, transla-
tion, rotation, ipping, and elastic deformations, or changes to image intensity, gamma,
saturation, and random noise. More recently, augmentation methods blending multiple im-
ages/augmentations together such as AugMix (Hendrycks et al., 2020), CutMix (Yun et al.,
2019), and MixUp (Zhang et al., 2018), have demonstrated improved model performance
and robustness. Our augmentation pipeline is similar, except augmentations are combined
in the k-space to better re ect the MRI acquisition process. Ideally, any data augmentation
should be physically plausible for the particular task. As such, we use a k-space augmenta-
tion model to generate physically realistic artefacts for MR images, detailed in section 5.

Student-Teacher Networks Our decoupled uncertainty model (section 3) is based on
knowledge distillation and student-teacher networks (Hinton et al., 2015). Distillation,
usually implemented for model compression, uses a large network to teach a smaller one
with fewer parameters. The large network learns \soft" labels and consistency losses force
the smaller one to replicate it's behaviour. Here, the aim is not compression, but output
decoupling: a student network learns the outputs of separate teacher networks trained
with di erent augmentations. Each teacher learns the uncertainty due to a single artefact
sub-type, and a student learns all uncertainties by attempting to replicate their respective
outputs. This side-steps the need for labels of uncertainty, since the uncertainty is learned
in an unsupervised way. Our work resemblances \Noisy Student" training (Xie et al., 2020),
which extends distillation with equal-or-larger student models. A teacher generates \pseudo
labels" for unlabelled images and a student is trained on both labelled and pseudo labelled
images. The process is iterated replacing the student with the teacher, and injected noise
(dropout/augmentation) enables the student to generalise better than the teacher.
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3. A Heteroscedastic Aleatoric Uncertainty Model

In this section we present an uncertainty model to predict aleatoric uncertainty. The
aleatoric uncertainty is classically divided into two categories; the homoscedasticcompo-
nent is the task-dependent uncertainty, while the heteroscedasticcomponent depends on
the input data, re ecting for instance its quality, and can be predicted as a model out-
put. Following this classi cation, task-specic image quality is modelled according to a
heteroscedastic noise model. Heteroscedastic models assume that observation noidecan
vary with the input x, allowing for regions of the observation space to have higher noise
levels than others (Kendall and Gal, 2017).

In this work, a single task, grey matter segmentation is considered; thus task uncertainty
should be similar across experiments. The total predicted uncertainty is further assumed to
be the sum of the task uncertainty (uncertainty given clean data) and the heteroscedastic
uncertainties introduced as a function of image corruption.

For the segmentation task, the problem is presented as a voxel-wise classi cation. The
likelihood to maximise is de ned as the softmax function of the scaled output logits, i.e.
p(yjfW (x); ) =Softmax fW (x)= 2 wheref%W (x) is the output of a neural network with
weights W and input x (Bragman et al., 2018). The negative log likelihood is therefore:

logp(y = ¢ifV (x); )= log Softmax izfé’v (x) (1)

1,w X 1,w
—fc (X)+log  exp —fo (x) 2)

c0

where fV (x) is the c" element of the output vector fW (x). Note, in practice for seg-
mentation we compute the unscaled Cress entropy loss of, given by CE y = ¢;fW (x) =
log Softmax f& (x) = f¥(x)+log oexp f¥ (x) . Substituting this into Eq. 2:

_ 1 exp W (x)
logp(y = ¢f¥ (x); )= SCE y=cf¥(x) +log o 2 —+ 3)
oexp f4¥(x) 2

P 1
Following Kendall et al. (2017) the likelihood is approximated: 0 EXp fé’é’ x) 2
L 0 EXp %fé’é’ (x) . Substituting into Eq. 3 results in the weighted cross entropy loss
that is used as the base loss function for all segmentation networks, as given by Eq. 4.

Liw = 5CE yif¥ (x) + 2 log ? (4)

4. Decoupling Multiple Uncertainties

We use the weighted cross entropy loss in Eq. 4 to learn voxel-wise uncertainty, i.e. the
network has two outputs: the segmentationy and the variance 2, as shown by the task
network in Figure 2. We adapt this loss function to predict multiple uncertainty quantities
related to di erent aspects of image quality. The aim is to decompose the total predicted
uncertainty 2 into multiple uncertainty quantities related to the inherent di culty of the
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Figure 2. Proposed network architecture and training strategy: First, the task network is
trained on clean imagesx; to predict segmentation y; and task uncertainty 2.
Then, for each augmentationi, a teacher network is trained to predict both the
task uncertainty ~? and augmentation uncertainty ,2 where the output from the
task network supervises with consistency loss (*?; 2). Lastly, a combined stu-
dent network is trained, where the uncertainty outputs from all previous teacher
networks supervise its uncertainty predictions in a similar fashion. The loss func-

tions for each CNN at each training stage are shown in corresponding colours.

task and to di erent types of image degradation or augmentation that may a ect image
quality. Our model assumes the variance sum law for independent events, such that the
total predicted variance is the sum of the individual @riances associated with each mode of
augmentation, i.e. 2= 2+ 2+ 3+::+ 2= 2+ N 2for N possible augmentations,
where ? is the task uncertainty and ,2 is the uncertainty due to the i augmentation.
This assumption of independence has the merit to simplify the model and ensure training
tractability. While interactions with task uncertainty (task harder to learn with noisier
data) or between degradation types (blurring and noise for instance) exist, their modelling
would require the learning of new covariance terms and would greatly complexify both
model and training procedure.

Substituting for 2 in Eq. 4 results in the combined loss function in Eq. 5.

CE y;f%W(x) 1 X
L combined = —. PN 5t éloq e+ i (5)
tt = i=1

The purpose of L compined iS t0 enable the network to predict task uncertainty ? and
augmentation uncertainty ? for each mode of augmentation. Since networks trained with
this probabilistic loss function learn uncertainty in an unsupervised way, we do not have
explicit labels for uncertainty. Therefore the network cannot determine how to decompose
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the total variance into separate quantities 2 and ? by itself, i.e. without supervision. To
do this, inspired by student-teacher networks (Tarvainen and Valpola, 2017) and knowledge
distillation (Hinton et al., 2015), (Xie et al., 2019), we use a series of intermediate teacher
networks where each network predicts the uncertainty due to a single augmentation, creat-
ing \pseudo labels" of uncertainty maps. By training these teacher networks sequentially,
the output uncertainties from each intermediate network are used as self-supervising la-
bels for the uncertainties predicted by a nal combined student network. This is shown
schematically in Figure 2.

The training procedure can be summarised in the following three steps: 1) Train a
teacher network on clean data only to predict the segmentationy, and task uncertainty 2.
2) Freeze the task network and train a new networkN; for each mode of augmentation we
wish to decouple, where each augmented network predicts the segmentatioy, the task
uncertainty and the noise uncertainty ,2 for augmentation i. The output uncertainty from
the rst network acts as a \pseudo label" for the task uncertainty. 3) Freeze all previous
networks and train a nal student network with all modes of data augmentation to predict
the task uncertainty and all possible augmentation uncertainties, where each uncertainty is
supervised by the pseudo uncertainty labels from their respective teacher networks.

For each network to learn the task uncertainty, an additional consistency loss term
L(~?; 2) is added to the weighted cross entropy loss to minimise the di erence between
the uncertainty outputs from two networks. Therefore, each augmentation network N;
minimises a loss functionL 544, given by Eq. 6,

CE vyi; W (x 1
Lag = =2 Jlog Fr P e L(VE ) ©
t i
where,
L(*% 2= Lu("% 2+ Lgaa("% A+ Lssim (V% %) (7)

L, is the L1 loss of the uncertainty andL 454 is the L1 loss of gradient di erences of the
uncertainty maps in all three axes. The termLgss;m computes the 3D structural similarity
(SSIM). The gradient and structural similarity losses help preserve the structure of the
predicted uncertainty maps as the level of degradation increases. However, in the presence
of severe image artefacts, the position, shape, appearance/visibility of the segmentation
boundary can change causing SSIM to breakdown. Thereforess;y is down-weighted by

=0:1. Asimplied SSIMwitha 3 3 3 average lter is used in our implementation.

This choice of consistency loss function was empirically driven. Using an L2 loss pro-
duced over-smoothed uncertainty estimates, while using L1 terms and structural similarity
produced sharper uncertainty predictions. This particular form of loss terms is a common
choice for many pixel-wise regressions problems, for example in Zhao et al. (2017).

5. k-Space Augmentation

During the training of each segmentation CNN, randomised k-space augmentations a ecting
image quality are applied on-the-y. The types of augmentation are designed to emulate
realistic MRI artefacts and are detailed below. Each augmentation is applied to the k-space
by computing the 3D Fast Fourier Transform (FFT) of the input image volume, modifying
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(@) (b) (©) (d) (e)

Figure 3: Examples of simulated k-space augmentations applied during the training of each
CNN, a) RF spike artefact b) Gaussian noise in the k-space c) low-pass Iter along
one or more axes d) aliasing/wraparound artefact e) patient movement artefact.

the k-space, and then computing the inverse 3D FFT, taking the magnitude image scaled
between 0 and 1 as input to the network. All augmentations are applied at a rate such
that roughly 50% of images seen by each CNN during training contain artefacts. The order
in which k-space augmentations are applied is important to best re ect the MR imaging
process, with for instance RF spike noisé lowpass lter/k-space sampling. In addition
to k-space augmentation, image rotation, scaling and ipping augmentations in all three
axes are applied by default to all images, as well as bias eld augmentation to account for
variation in image intensity across samples.

RF spike artefact is characterised by dark stripes over the image, as shown in Figure 3
a) caused by the convolution of spikes in k-space of very high/low intensity during the FFT
(Zhuo and Gullapalli, 2006). For augmentation we sample uniformly its location in k-space
which speci es the angle/frequency of stripes, and its magnitude which de nes the intensity
of the stripes from between 1 and 10 times the maximum magnitude of the original k-space.

k-Space noise augmentation involves injecting Gaussian noise into the k-space, as shown
in Figure 3 b), to model Rician noise in the image domain. The desired signal-to-noise ratio
(SNR) of the image is uniformly sampled between [-10dB, 20dB] and the corresponding
amount of complex noise with zero mean and equal variance is added to the k-space.

Blurring artefact  can be observed when acquiring data at lower resolution along an axis
prior to resampling. Low-pass lIter applied by truncating the k-space along one or more
randomly chosen axes as shown in Figure 3 c¢) can simulate this e ect. The width of the Iter
de nes the equivalent downsampling ratio, which is uniformly sampled between 2 and 12 .

Aliasing/wrap artefact occurs when the imaging eld of view (FOV) is smaller than the
anatomy being imaged. This is retrospectively simulated by masking out k-space lines as
shown in Figure 3 d). A proportion of k-space lines are either randomly masked uniformly,

10
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Figure 4. Qualitative results on a hold-out test set of simulated artefacts. First row:
artefact-corrupted input image x, second: resulting segmentatiory, third: pre-
dictive task variance £, and fourth: corresponding augmentation uncertainties

2_ 2 2 2 2 - - iai
= 1 foiser rffspike + blurs wrap9- Best viewed zoomed-in on digital copy.

or at regularly spaced intervals, along a random axis that de nes the wraparound direction.

Motion artefact  occurs when the patient moves during the scanning process, and can
manifest as blurring, ringing or ghosting e ects in the image, depending on the amount and
timing of patient movement with regards to the k-space scan trajectory. To simulate motion
artefacts, we use the implementation from Shaw et al. (2020). The input image volume is
resampled according to a randomly sampled movement model, de ned by a sequence of "de-
meaned' 3D a ne transformations. Their respective 3D Fourier transforms are combined

to form a composite k-space, which is transformed back to the image domain producing the
nal artefact volume containing motion.

6. Experimental Setup

Proposed Network Architecture All CNNs use the updated 3D U-Net architecture from
Isensee et al. (2019) as their base architecture implemented in NiftyNet (Gibson et al., 2017).
Each network is modi ed to have two output heads, one for the segmentation predictiong
and one for the uncertainty 2, where the uncertainty output from each CNN has a di erent
number of channels { one for each decoupled uncertainty prediction. We rst train the task
network to learn a single task uncertainty 2. We then train N teacher networks for each
augmentation i, where each CNN outputs two uncertainties ? and 2, corresponding to the
task and i'™" augmentation uncertainty respectively. Finally a combined network is trained
to learn the task uncertainty and N augmentation uncertainties. Each CNN is trained for

11
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30,000 iterations with a patch size of 98 and batch size of 2 across 4 GPUs with Adam
optimiser (Kingma and Ba, 2015) and an initial learning rate of 10 *.

Implementation Details As in Kendall et al. (2017), for numerical stability, each CNN
is trained to predict log variance s := log 2 instead of variance 2. In addition, the ex-
ponential mapping 2 = exp(s) enforces valid positive uncertainty values. We add a small
constant to the variance to ensure the proper de nition of the weighted cross entropy loss,
Ly =CE=( 2+ )+ %Iog 2+ . It's value controls the network's sensitivity to noise
and the amount of output uncertainty. For instance, if is small, the network is penalised
more for making mistakes, outputting higher uncertainty to compensate. If is large, the
amount the network is penalised is limited by CE= as 4 0. Furthermore, smaller values
of lead to training instability. Initially,  is set to 05 and divided by 2 every time the loss
plateaus until < 10 3. In parallel, at each of these steps, the learning rate is also halved.

Training Data  for this work was obtained from the Alzheimer's Disease Neuroimaging
Initiative 2 (ADNI). Launched in 2003, ADNI attempts to assess whether medical imaging
and biological markers and clinical assessment can be combined to measure progression of
Alzheimer's Disease. For training we use 272 MPRAGE scans that were deemed to be
artefact-free, split into 80% train, 10% valid and 10% test. We evaluate our model on sim-
ulated and real-world artefacts in the task of grey matter segmentation.

7. Simulated Data Experiments

A model trained with artefact augmentation was used to perform inference on the hold-
out test set. Figure 4 presents a selection of qualitative results. For each image sample,
predicted segmentation, task and corresponding augmentation uncertainties are displayed.
Areas of high uncertainty are generally in the artefacted regions. This enables us to quickly
locate in the volume the image quality issue and judge its e ect on the prediction by the
level of uncertainty. Note, that in cases of heavy noise, the task uncertainty decreases as
the signal is impaired, and therefore the model reverts back to the prior distribution.

Entropic Segmentation Uncertainty The per-voxel variance values predicted by the
network pertain to the logit space and are unbounded. While these values directly are
useful indicators of uncertainty given the data, they relate to the actual uncertainty of the
segmentation prediction through the entropy®. Therefore, we can esiignate a measure of
uncertainty in our probabilities by computing the entropy as H = cPclogpe, where
pe = p(y = ¢f W (x); ) are the scaled output logits from the network passed through the
Softmax function. Furthermore, assuming the probabilities are normal distributed (as an
approximation), we can use the variance-entropy relation (Jee and Ratnaparkhi, 1986),

H = %m(z e?) =) 2=expH)=(2 e) (8)

2. adni.loni.usc.edu
3. https://github.com/OATML/bdI-benchmarks/tree/alpha/baselines/diabetic_retinopathy_
diagnosis
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() (b)

Figure 5: Predicted con dence intervals at on volume measurements from the grey
matter segmentation for images with a) increasing noise and b) increasing blur.

to extract an estimate for the variance 2 of the probability from the entropy. Approx-
imate error bars for the predicted segmentation volume are then obtained by summing the
per-voxel variances, resulting in the total variance of the segmentation volume . In Fig-
ure 5, we use our uncertainty predictions to estimate the con dence interval for increasing
noise (decreasing SNR) and blurring (increasing downsampling ratio) in the image, rela-
tive to clean data. As this is a relative measure of uncertainty, i.e. even noise-free images
will have some level of predicted uncertainty, we must transform the uncertainty by some
amount to obtain calibrated error bars. In this work we simply compute the di erence from
the known uncertainty of a noise-free image, but these scaling parameters could be learnt
from the data as in (Eaton-Rosen et al., 2019).

Segmentation Quality Estimation By posing the issue of MRI quality from the per-
spective of the downstream task we wish to solve, i.e. a \task-specic" notion of quality
as opposed to human-perceived \visual quality," we can use the decoupled predictive un-
certainties from our model as a measure of segmentation quality. In a real-world data ac-
quisition setting, with the absence of any ground-truth segmentation from a newly scanned
patient, clinicians and radiographers would be able to immediately obtain an estimate of
the achievable segmentation quality and re-scan the patient if necessary.

‘ grtefacts ‘ SNR ‘ CNR
-0.850 | 0.326| 0.200
p-value | 1:39% 24 | 0.002 | 0.068

Table 1: Simulated experiment: Spearman's rank correlation between Dice scores and three
guality metrics. There is a stronger correlation between the predicted uncertainty
from our model to the segmentation Dice scores compared to SNR and CNR.

In this experiment, we explore the e ectiveness of using the total artefact uncertainty
(decoupled from the task uncertainty ?) from our model to quantify gray matter segmen-
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Figure 6: Simulated experiment. Left: samples from the test set. First row: artefact input
X, second: predicted segmentationy, third: I:predictive task variance 2, and
fourth: total decoupled artefact uncertainty ,2 Right: total augmentation

uncertainty over the datasets.

@) (b) ()

Figure 7: Simulated experiment: gray matter segmentation Dice scores against di erent
quality metrics, a) uncertainty measured by the mean artefact variance, b) SNR,
¢) CNR. The decoupled uncertainty best re ects the resulting segmentation qual-
ity with a Spearman's rank coe cient of = 0:850 and p-value = 1:395% 24,

tation quality when in the presence of image corruption caused by k-space artefacts. We do
this by relating the decoupled artefact uncertainty, measured as the mean of the total arte-
fact variance over the image, given by Eq. 9, to the resulting Dice scores computed between
the predicted and ground-truth segmentation maps. Ground-truth segmentation maps are
obtained from the clean artefact-free scans using a non-Deep Learning approach (Cardoso
et al., 2015). By simulating k-space artefacts on clean MRI data, we have access to the
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ground-truth segmentation maps to compute the corresponding Dice scores. We compare
the resulting Dice-uncertainty correlation to that from commonly used metrics of MR image
quality, including the signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR).
2 e = (©)
artefacts Nyoels . i
|

The model was trained using the clean ADNI dataset as before, with simulated k-space
artefact augmentation applied during training. A test set of artefacts was created using the
10% hold-out set and simulating k-space artefacts for each unique subject in all 5 artefact
sub-type categories described in section 5, resulting in 140 artefact scans. Each artefact scan
was generated randomly, thus creating a varied dataset with a range of image degradation
severity. These artefacts were combined with the clean test images to produce the nal test
set. Inference was performed on the test set, producing 3D segmentation predictiorys,
task uncertainty estimates ¢, and 5 artefact uncertainty estimates for each of the artefact
sub-types 2. The decoupled artefact uncertainty maps were summed to produce the total
artefact uncertainty decoupled from the task, and the mean variance over the image volume
was computed as our metric of segmentation quality. A sample of these results are shown
in Figure 6.

For comparison, we compute the SNR and CNR for each scan in the test set. SNR is
estimated using Eq. 10, where the signal intensity is measured as the mean of the intensity
distribution of gray matter, while the noise signal is measured as its standard deviation.

SNR = signal — _ gray matter (10)

noise gray matter

CNR is computed using Eg. 11, where g is the contrast between tissuesA and B,
estimated by the absolute di erence in mean signal intensities o and g from tissues A
and B respectively. For our experiments, contrast is measured between the mean of white
and grey matter tissues and their standard deviations provides the noise measurements.

C j j . .
CNRag = A - LA Bl - JSNRgray matter ~ SNRwhite matter ] (11)

noise noise

Figure 7 shows the segmentation Dice scores against the three metrics: decoupled arte-
fact uncertainty (mean variance), SNR and CNR. Spearman's rank correlations were com-
puted for each metric and the results are displayed in table 1. From the plots we observe
that the decoupled artefact uncertainty has the strongest correlation with the resulting
Dice scores, with a rank coe cient of = 0:850 and a p-value of 139% 24, signifying a
very strong correlation. This compares favourably to the SNR metric with = 0:326 and
p-value of 0002 and to CNR with = 0:200 and a p-value of @68. Therefore, these results
suggest that the mean artefact uncertainty, when decoupled from the task) provided by our
decoupled uncertainty model is better correlated with the nal segmentation quality than
SNR and CNR metrics, and provides a good indicator of segmentation quality.
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7.1 Real-world Experiments

Using the model trained on simulated artefacts, we performed inference on a hold-out
dataset of real-world artefact images identi ed as low quality by expert raters, predicting
segmentation mapsy, decoupled task uncertainty ? and artefact uncertainties ?. A se-
lection of qualitative results are shown in Figure 8 (left) for scans identi ed as containing
noise and wrap artefacts. The resulting uncertainty predictions show that the model gen-
eralises to real-world artefacts, with generally higher uncertainty in the artefacted regions,
immediately highlighting problematic areas in the images. Note, the uncertainty decoupling
between artefacts is not perfect and there is some leakage of uncertainty across the outputs.

Boxplots of total decoupled artefact uncertainty over the clean and artefact datasets
are shown in Figure 8 (right). Note, the decoupled artefact uncertainty of the artefact set
is higher than the clean set, with higher median uncertainty and higher upper and lower
guartiles, although the di erence is not as signi cant as one might expect. This is a result of
summing many voxels each with small variance, as even when the model is presented with
clean images the model trained with log-likelihood loss outputs a small amount of variance
per-voxel | the model cannot output zero variance, so areas of high uncertainty will be
found in the tail of the output distribution. This can be partly mitigated by thresholding
the variance with a heuristic value, but this would be equivalent to imposing a human-driven
quality metric which is inherently subjective. Another reason for the smaller than expected
disparity stems from an issue with the labelled data itself. ADNI QC raters label images
artefacted if they have an artefact anywhere in the brain, or even outside of the brain, if it is
judged to impact downstream brain analysis according to QC protocot, subject to rater in-
terpretation. However, our uncertainty model relates only to the gray matter segmentation
region. Thus, if the artefact is not intersecting the gray matter segmentation (or the artefact
is in the neck region or outside the skull entirely), the predicted segmentation uncertainty
will be low but the image can be still labelled artefacted. This means the segmentation
uncertainty can be similar between scans classi ed as \clean" and as \artefacted.” Many
ADNI scans in the test set deemed unusable have low uncertainty in the brain due to the
artefacts being localised outside of the gray matter segmentation, further highlighting the
distinction between perceptual quality and algorithmic segmentation quality.

Segmentation Quality Estimation To further investigate how the model performs on
real-world artefacts, we repeated the previous segmentation quality experiment with a sep-
arate hold-out test set of 40 scans which had failed manual visual QC inspection by expert
raters. A selection of these are shown in Figure 9. The scans failed QC due to a number of
reasons including patient motion, image blurring, noise, and wrap artefacts present in the
images. Inference was performed on each of the 40 scans using our decoupled segmentation
uncertainty model trained with simulated k-space artefacts and the gray matter segmenta-
tions and decoupled uncertainty maps were predicted. Since we don't have ground-truth
segmentation maps for the real-world artefact data as we had in the simulated experiment,
the quality of the predicted segmentation maps were blindly rated (without observing the
original image or the network's uncertainty outputs) on scale from 1-4, where 1 is the worst
segmentation quality and 4 is the best quality. The resulting segmentation quality scores

3. https://adni.loni.usc.edu/wp-content/uploads/2010/09/ADNI_MRI_Tech_Proc_Manual.pdf
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Figure 8: Left: Real-world artefact results. From left to right: artefact input image X,
predicted segmentationy, task uncertainty 2, and augmentation uncertainties
Grap @nd 2. Right: total augmentation uncertainty over the datasets.

are plotted against the mean artefact uncertainty, in addition to the estimated SNR and
CNR as before. The resulting plots are shown in Figure 10 and the Spearman's rank cor-
relations were computed for each metric and are shown in table 2. Again, we observe that
compared to the SNR and CNR metrics, the decoupled artefact variance has the strongest
correlation with our estimation of segmentation quality, with a Spearman's rank coe cient

of = 0:745 and p-value ofp = 9:101e 2. The uncertainty results show a much stronger
correlation to the segmentation quality than SNR or CNR metrics with correlation coe -
cients of = 0:045 and 0361 and p-values of 6730 and Q005 respectively. Examining the
resulting uncertainty maps, we also note that the uncertainty predictions generalise well
to out of domain real-world artefacts and that the uncertainty is generally higher in the
artefact regions.

‘ Artefacts ‘ SNR ‘CNR
-0.745 | -0.045| 0.361
p-value | 9:10%e 12 | 0.730 | 0.005

Table 2: Real-world experiment: Spearman's rank correlation between segmentation quality
scores and the mean artefact variance, SNR and CNR. The artefact uncertainty is
better correlated to the segmentation quality compared to SNR and CNR.

8. Discussion

This work aimed to build a Deep Learning framework capable of identifying and decou-
pling sources of uncertainty due to MRI artefacts that may a ect a given segmentation
task. Rather than modelling the perceptual visual quality of MRI scans which is inherently
subjective, we have posed the question of scan quality from the perspective of the task. We
have shown that, using our uncertainty model, it is possible to obtain approximately decou-
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