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Abstract

In recent decades, the increasing reliance on medical imaging for diagnostics has negatively impacted upon
healthcare costs and efficiency. One of the reasons for this is that acquisition, reconstruction, image analysis,
and diagnosis are traditionally separate steps, lengthening the diagnostic process. Accelerating these steps
can save time and reduce costs. Accelerated magnetic resonance imaging (MRI) speeds up acquisition by
minimising k-space samples, leading to aliased scans when linearly reconstructed. Deep learning methods,
like recurrent inference machines (RIM), can reconstruct these scans faithfully using learned priors but
currently exclude post-reconstruction tasks, missing the opportunity for improved performance through
joint optimisation.

This research examines the impact of multi-task approaches on the reconstruction and segmentation of sparse
MRI data. The multi-task learning for accelerated-MRI reconstruction and segmentation (MTLRS) model
is the baseline for this evaluation. This cascade-structured model incorporates multiple RIMs and Attention
U-net modules informing each other through hidden states. Various multi-task approaches are assessed
using uncertainty and predictive performance metrics, compared to MTLRS without a multi-task connection
(JOINT). This study uses the Stanford Knee MRI with Multi-task Evaluation (SKM-TEA) dataset, which
includes 155 3D Cartesian sampled Double Echo Steady State (DESS) knee scans with meniscus and cartilage
segmentation labels, undersampled with an 8 � 2D undersampling Gaussian mask. Each multi-task approach
is evaluated using reconstruction and segmentation metrics and an estimated quantitative T2 error metric.
Uncertainty quantification is applied to identify variability within the unrolled network.

The multi-task approach using a module with spatially adaptive semantic guidance (SASG) significantly
improves reconstruction metrics compared to the JOINT approach. The Tukey honest significance difference
(Tukey HSD) test demonstrated that, at a 95% confidence level, p < 0:001 for all metrics. Additionally,
uncertainty estimation of intermediate predictions shows faster convergence to lower uncertainty with the
SASG approach, indicating a positive impact on reconstruction.

This research demonstrates that the SASG approach enhances the performance of the MTLRS model, which
shows its validity across various unrolled multi-task reconstruction and segmentation networks. Furthermore,
the proposed validation method could guide performance assessments of other unrolled network architectures.
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1 Introduction

MRI is a powerful and noninvasive medical imaging modality widely used to visualise the internal structures
of the human body. The increase in diagnostic imaging in current healthcare systems has a significant
negative impact on both time and costs [1]. This has created a demand to accelerate the diagnostic pathway.
Currently, acquisition, reconstruction, and medical image analysis are often treated as separate, sequential
processes, which increases the length of time and limits the ability to introduce techniques for learning
between tasks. Combining multiple MRI-related tasks could improve diagnostic performance owing to shared
representation and combined inference [2].

MRI visualises internal structures by utilising magnetic relaxation properties captured in the spatial fre-
quency domain known as k-space. During acquisition, k-space is affected by hardware limitations and noise,
which the forward model does not fully describe. MRI reconstruction aims to produce an image from the
acquired data while minimising noise effects. This process is often defined as an ill-posed inverse problem
[3], meaning that an exact solution might be impossible. Instead, one minimises the difference between the
exact and the recovered image.

MRI acquisition can be accelerated by reducing the number of k-space measurements, directly affecting the
time needed. Reconstructing undersampled k-space data increases the difficulty of the inverse problem due
to the limited measurements. Reconstruction models incorporating regularisation can be used for accelerated
MRI reconstruction, as they are capable of learning from prior examples [4].

The RIM has been proposed as a deep learning solution to address inverse problems by directly learning the
inference procedure. The RIM is an unrolled network that iteratively updates the initial representation using
recurrent neural network (RNN) architectures [5]. It performs updates by evaluating the inverse problem’s
log-likelihood gradient without explicitly evaluating the prior. Unlike other unrolled networks, such as the
End-to-End-variational network (E2E-VN) [6] and MoDL [7], the RIM learns the prior of the update instead
of the whole scan [8].

The prior term is based on the available data used during the model’s training phase. To create a generalised
solution, a comprehensive representation of real-world data is needed. Introducing a related task implements
additional data within the network’s learning process, enhancing understanding of real-world situations.

A related task for image reconstruction is tissue segmentation. Tissue segmentation is crucial for detecting
pathological abnormalities and contains valuable texture information. Furthermore, Adler et al. suggest
that the optimisation formalism in segmentation and reconstruction have similarities, indicating that joint
optimisation could improve both tasks [9]. Joint image reconstruction and segmentation have been proposed,
but many lack the full advantages of combined inference. Models like RecSeg [10], SegNet [11], and IDSLR
[12] do not focus on propagating the segmentation into the reconstruction unrolled network. Studies in other
fields suggest that incorporating the segmentation output within the physics reconstruction network could
be beneficial [13].

Karkalousos et al. presented a Multi-Task Learning with joint Reconstruction and Segmentation model
(MTLRS) for accelerated MRI reconstruction and segmentation [14]. The model uses a cascade of RIMs
and Attention U-nets for the joint reconstruction segmentation task. Their research showed significant per-
formance increases when combining both networks within each cascade. The most competitive approaches,
joint and multi-task, differ due to a connection between the segmentation output and the RIM’s memory
layers.

However, the evaluation technique showed the effect of the added multi-task connection to be insignificant.
Only one multi-task technique was implemented, making it hard to determine whether the method or the
evaluation technique fell short. Therefore, this study focuses on two research questions:

1. Which evaluation technique can indicate whether the multi-task connection significantly improves the
MTLRS performance?

2. Which multi-task approach is most beneficial for the MTLRS model?
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This study proposes an extensive evaluation method using three validation metrics and two internal uncer-
tainty quanti�cation methods to evaluate predicted performance and stability within the prediction forma-
tion.

Furthermore, four alternative multi-task approaches are proposed, presenting a selection of existing tech-
niques used in various multi-task architectures. All four approaches will be compared with the joint and
multi-task approaches suggested in the MTLRS paper on the Stanford Knee MRI with Multi-Task Evaluation
(SKM-TEA) dataset [15].
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2 Technical background

This chapter provides essential background information for understanding the principles used in this research.
Due to the complexity of the data and models, a general understanding of physics and numerical de�nitions
is needed.

2.1 Magnetic resonance imaging (MRI)

MRI is a technique for visualising tissues within the body by measuring the e�ects of magnetic relaxation, a
property related to hydrogen bonds within tissue molecules. The MRI signal originates from hydrogen nuclei,
each containing a single proton exhibiting a quantum mechanical property known as spin. Conceptually,
spin can be visualised as a charge distribution rotating around an axis, creating a magnetic dipole moment
aligned with the spin's direction (Figure 2A) [16].

Initially, the spatial orientation of individual proton dipole moments is random, resulting in zero net mag-
netisation. However, when a magnetic �eld (B0) is applied, it in
uences the alignment of some proton dipole
moments (Figure 2B). Although most remain randomly oriented, the alignment of a few protons creates a
positive net magnetisation, which is the vector sum of all individual dipole moments, proportional to the
applied magnetic �eld strength [17]. The proton spin precesses about the external �eld axis at a frequency
known as the Larmor frequency.

The external magnetic �eld establishes an equilibrium net magnetisation. Applying a 90-degree radio-
frequency (RF) pulse (B1) perpendicular to the static magnetic �eld ( B0) excites the net magnetisation out
of its equilibrium state. The RF pulse, which varies over time and rotates at the Larmor frequency, a�ects
protons precessing at the Larmor frequency, rotating the magnetisation from the z-axis into the transverse
plane, thereby creating transverse magnetisation (Figure 2C).

Following the RF pulse, relaxation occurs in two dimensions: longitudinal relaxation (T1), where the net
magnetisation returns to equilibrium, and transverse relaxation (T �

2 ), where the transverse magnetisation
dephases. These relaxation properties are tissue-dependent and are used to create di�erent types of weighted
MRI images (e.g., T1-weighted, T2-weighted), highlighting various tissue characteristics and providing dis-
tinct contrast in MRI signals.

Figure 2: A: Schematic visualisation of the dipole moment and proton spins; B: Orientation of protons
without a magnetic �eld vs. orientation with B0 applied; C: Orientation of proton dipole moments
and spins after an RF pulse [18].

2.1.1 K-space formalisation

In MRI, gradients are used to encode the spatial position of each signal. As visualised in �gure 3, these
gradients induce varying precession frequencies and phases within the homogeneous magnetic �eld. After
excitation, proton spins exhibit unique precession frequencies and di�erent phases based on their local
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magnetic �elds. Detecting these unique frequency and phase signatures allows the system to localise and
distinguish signals from di�erent locations, constructing a spatial frequency domain called k-space.

These gradients control movement through k-space, where the gradient amplitude determines the speed and
the gradient direction determines the movement within k-space. Furthermore, these gradients make the
selective acquisition of certain lines within k-space possible during acquisition.

Figure 3: The employment of phase and frequency encoding, utilised for the localisation of magnetisation
signals within the scan [19].

2.2 (Accelerated) MRI reconstruction

The acquired k-space represents the scanned object but is also a�ected by acquisition choices and inherent
noise. Mathematically, the relation is described by the forward model shown in equation (1), where the
measurementy (k-space) is a combination of the signal of interestx (scan) a�ected by the forward operator
A and an additive noise vectorn [20].

y = A(x) + n (1)

2.2.1 Inverse problem

MRI reconstruction aims to recover faithfully the signal of interest while minimising the e�ects of noise
by identifying appropriate parametric models. This inverse problem is often ill-posed, meaning multiple
solutions may exist due to uncertainties in the measurements [3]. Instead of directly recovering the actual
object, an objective function minimises the di�erence between the recovered and the actual object. The error
of least squares is commonly used in MRI reconstruction, as it is well-suited for normally distributed noise.
The inverse problem for MRI reconstruction is represented in (2), where ^x denotes the optimal solution,
A(x) is the forward operator applied to x, and y represents the noisy measurements.

x̂ = arg min
x

1
2

jjA(x) � yjj2
2 (2)

For Cartesian-sampled MRI, the forward operator A(x) typically involves a Fast Fourier Transform (FFT)
followed by sub-sampling of the Fourier coe�cients [21]. The original object can be approximated with
x̂ = 1

N A � (y), assuming all conditions of fully Cartesian sampling are satis�ed, including adherence to the
Nyquist criterion [21]. Here, A � is the adjoint operator, and N is the number of k-space measurements. This
approximation can be evaluated using the inverse Fast Fourier Transform (iFFT).

Accelerated MRI focuses on increasing the speed of the MRI acquisition process by minimising the total
k-space sampling time. Over the past decades, various sequence strategies have been proposed to acceler-
ate MRI, reducing the time, by e�ciently measuring in k-space [22]. This research, however, focuses on
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techniques that target minimising the total number of k-space measurements, thereby decreasing the overall
sampling time. This approach a�ects the Cartesian grid, making the iFFT inadequate for retrieving the
actual image. Since parametric optimisation of the normal inverse problem can lead to noise ampli�cation
and over�tting, a new problem statement is formulated with an additive regularisation term [21] (3).

x̂ = arg min
x

1
2

jjA(x) � yjj2
2 + �R (x) (3)

The variational model shown in (3) illustrates the interplay between the data consistency term1
2 jjA(x) � yjj2

2,
which aims to recover the image ^x by aligning with the forward model, and the regularisation term R(x). The
regularisation term incorporates prior knowledge about the likely appearance of the actual image, helping
to constrain the solution and mitigate the e�ects of noise and over�tting.

Various forms of regularisation can be employed. A commonly chosen regularisation term is the Total
Variation (TV), which approximates the image gradient using �nite di�erences [23]. Alternatively, neural
networks can determine this regularisation term, often through trainable parameters within convolutional
layers [4].

2.2.2 Deep learning accelerated MRI reconstruction

Deep learning accelerated MRI focuses on reconstructing sparsely sampled data into high-resolution scans
using neural networks [24]. Compared to numerical approaches, such as compressed sensing (CS), deep
learning avoids complicated optimisation-parameter tuning and performs faster during inference [25].

Deep learning accelerated MRI reconstruction can be performed using several approaches. Two distinct
approaches are supervised and unsupervised learning, which di�er based on the available data. In the case
of unsupervised learning, the training does not rely on paired data with known targets. Instead, it aims to
learn patterns and structures within the data [26]. In supervised learning, the training process uses paired
data with known targets. A sampling mask is applied to create undersampled k-space data, simulating the
real-world scenario of sparse sampling. The model is trained to reconstruct the target from the undersampled
data, e�ectively learning the inverse of the undersampling process. The supervised reconstruction of sparsely
sampled k-space can be seen as an extended forward model in which the undersampling mask is included,
as shown in �gure 4.

The inverse problem for supervised reconstruction is depicted in �gure 4. This example shows the inverse
problem for sensitivity-encoded (SENSE) k-space. It is important to mention that all available information
is included inside the forward model, as described in (4). Here, the forward model describes the formulation
of coil-speci�c and sparsely sampled k-spaceyi , in which the linear forward operator A models the sub-
sampling process of multi-coils data. P represents the sub-sampling mask selecting a fraction of the total
number of measurements,F the FFT projecting the image into k-space, and� is the expand operator aiming
to transform the image of interest, x, into coil-speci�c images x i . These coil-speci�c images are based on a
speci�c coil's sensitivity map Si .

yi = A(x) + ni

A = P � F � �;

� (x) = ( S0 � x; :::; Sc � x) = ( x0; :::; xc)
(4)

The adjoint operator A � can then be given by (5), with F � 1 the iFFT, PT the transpose of the utilised
mask and � representing the reduce operator, which transforms the multi-coil images into the actual scan.
Here, H represents the Hermitian complex conjugate of the sensitivity maps.

A � = � � F � 1 � PT ;

� (x0; :::; xc) = (
cX

i =1

SH
i � x i ); (5)
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Figure 4: Schematic overview of the forward model for supervised MRI reconstruction of undersampled for
sensitivity encoded MRI [27]. Here x re
ects the target scan, F the FFT, which is the linear
relation between the target and the Cartesian fully sampled k-space,P the undersampling mask,y
the undersampled k-space,F � 1 the iFFT, re
ecting the linear relation between the undersampled
k-space and the aliased scan. Lastly,SH

c the Hermitian complex conjugate sensitivity maps decode
the coil-speci�c reconstructed aliased scan.

However, when the adjoint operator is applied to the sparsely sampled k-space, the reconstructed image
is a�ected by the undersampling mask, resulting in an aliased image. Therefore, a deep learning-driven
parametric model can be utilised to retrieve the actual image.

2.2.3 Recurrent inference machine (RIM)

One approach for solving the supervised inverse problem for MRI reconstruction of sparsely sampled k-space
is the RIM. The RIM is a generic physics-based unrolled model designed to solve inverse problems using
a recurrent neural network [8]. The RIM aims to solve the inverse problem by optimising the Maximum
A Posterior (MAP) estimate, as shown in equation (6). This approach is similar to the variational model
presented in (3). However, while both approaches solve inverse problems, the MAP approach is inherently
Bayesian, focusing on maximising the posterior probability [28]. The variational model utilises a deterministic
approach and minimises the di�erence between observed and predicted data [29]. It is important to note that
the functions used to determine posterior probability in the MAP approach are deterministic and similar to
those in the presented variational model.

x̂ = arg max
x

(log p(yjx) + log p(x)) (6)

Equation (6) illustrates the MAP approximation, where x̂, the best approximation, is determined based on
the likelihood distribution of the forward model p(yjx), and the parametric prior p(x), which regulates the
most likely appearance of the MR image.

The RIM is an unrolled network that re�nes the initial reconstruction using an iterative structure. Compared
to alternative methods, the RIM primarily focuses on providing a gradient update to the initial prediction,
gradually improving the estimate over each iteration. This iterative re�nement allows the RIM to enhance
progressively the reconstructed image's quality.

x t +1 = x t + 
 t r (log p(yjx) + log p(x))( x t ) (7)

This recursive process is represented in (7), which determines the estimation of the next prediction,x t +1 ,
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based on the current prediction x t . The update is guided by a gradient, regulated by the learning rate
 t ,
and the MAP approximation r (log p(yjx) + log p(x))( x t ) based on the current prediction.

Figure 5: Schematic overview of the recurrent structure of MAP estimation: (A) The three boxes represent
likelihood model p(yjx), the parametric prior p� (x ) , and update function 
 . In each iteration,
likelihood and prior collect the current estimate of x t to send a gradient to 
 . 
 then produces
a new estimate ofx. Grey boxes represent internal, data-independent modules, while blue boxes
represent external, data-dependent modules. (B) Model simpli�cation. Componentsp(x) and 

are combined into one model with trainable parameters� . The model recurrently produces new
estimates through feedback fromp(yjx) and previous updates. (C) A Recurrent Inference Machine
is unrolled in time where a hidden memory states is added. During training, estimates at each
time step are subject to an error signal from the ground truth signalx to perform backpropagation
[8].

As visualised in �gure 5, the RIM consists of three main components: the likelihood driven by the forward
model p(yjx), the parametric prior for the intended solution p� (x ) , and the update function 
 . In each
iteration, the model collects the current estimate of x t , computes the gradient of the combined likelihood
and parametric prior, and then updates the estimate ofx. To simplify this approach, the prior and the
update functions have been combined into a single model with trainable parameters.

This simpli�es the optimisation task because formulating a parametric prior can be extremely challenging
due to the broad variability in MR images. The RIM's recursive approach allows the model to evaluate the
gradient of the parametric prior rather than the parametric prior itself. Furthermore, the likelihood derived
from the forward model is treated as an input to the RIM, which means no additional trainable parameters
are required to describe this relationship.

The recursive function can now be rewritten into a function containing the combined trainable parameters
(8). Here r y jx t is a simpli�ed notation of r logp(yjx)(x t ), � the combined trainable parameter based on
the parametric prior parameter � , and learning rate 
 . Equation (9) visualises the input of the update
function. This shows that the RIM is solely optimised on the basis of the gradients of the parametric prior.
Furthermore, g� (r y jx t ; x t ) explicitly de�nes the likelihood as an input of the RIM, re
ecting the extrinsic
information (forward model) that is injected into the model. The deterministic formulation of the gradient
of the log-likelihood function, r y jx t , is given by (10).

x t +1 = x t + g� (r y jx t ; x t ) (8)

g� (r y jx t ; x t ) = 
 t (r y jx t + r x t ) (9)

r y jx t :=
1
n2 A � (A(x t ) � y) (10)

Lastly, the RIM also contains latent memory, a typical characteristic of recurrent networks. This allows
for memory storage for tracking progression and curvature, and determining a stopping criterion during
training to prevent over�tting. The recursive function is adapted to (11) incorporating the hidden states of
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the memory layers. Hereg�
� is the update function for h, the hidden states, andg� is the update function of

x, the predictions. Also, both initial statements have been added, whereA � is the adjoint operator.

h0 = 0 ; x0 = A � (y);

ht +1 = g�
� (r y jx t ; x t ; ht ); x t +1 = x t + g� (r y jx t ; x t ; ht +1 ); (11)

Due to the nature of storing memory, RNN's perform well on out-of-distribution data [30]. However, com-
pared to the deep end-to-end schemes, such as E2E-VN [6], the RIM performs slightly less due to the
limited number of iterations required to avoid gradient instability. Therefore, a cascade-like architecture was
designed to increase the number of iterations without vanishing or exploding gradients.

Karkalousos et al. proposed a method that combines multiple RIMs in a cascade formation [27]. This makes
building a deep RNN network possible, increasing the model's number of trainable parameters. In this way,
the RIM will act as a regulator updating the prediction with the update function shown in (12). Here, xk+1

is the reconstructed scan of the next cascade, andxk is the intermediate reconstruction. It is essential to
mention that the RIM commonly uses a gated recurrent unit (GRU), which is vulnerable to exploding or
vanishing gradients [31]. However, the RIM used within the CIRIM is based on independently recurrent
neural networks (IndRNN). The IndRNN solves gradient problems by making the neurons independent and
constraining the recurrent weights. This helps to maintain a stable gradient 
ow over long sequences, making
it easier to train very deep RNNs [32].

xk+1 = xk + �R RIM k (xk ) (12)

This adaptation has made the CIRIM competitive with other deep learning-driven unrolled networks. Com-
pared to other state-of-the-art unrolled networks, CIRIM is the only one that explicitly de�nes the forward
model as an input and learns exclusively from the gradient of the parametric prior.

2.3 Multi-task learning

MRI reconstruction primarily focuses on retrieving the actual image from the measured data. However,
post-processing tasks such as segmentation, classi�cation, and pathological detection are crucial for med-
ical decision-making within the diagnostic pathway. Therefore, it would be valuable to integrate post-
reconstruction optimisation tasks with the inverse MRI reconstruction problem.

Multi-task learning focuses on using shared representations between tasks to enhance the performance of each
individual task [2]. Therefore, it is crucial to identify whether the tasks have con
icting needs, which could
result in destructive interference (negative transfer), which means the improvement of one task damages the
performance of the other task [33].

Adler et al. proved that task adaptive reconstruction, which integrates post-processing steps in the inverse
problem optimisation, improves the performance of the model [9]. Furthermore, they showed that classi-
�cation and segmentation are suitable additional tasks due to their Bayesian optimisation approach, like
the inverse reconstruction problem [9]. Figure 6 shows the work
ow of clinical MRI, in which the recovered
model parameter undergoes several downstream processing steps before being integrated into decision-making
processes. A task-adaptive model combines the last three steps into one parametric model.

R̂ : y ! x

T̂ : x ! s

T̂ � R̂ : y ! x

(13)

In the case of segmentation, this can be stated as in (13). HerêR : y ! x is the explicit forward operator
of a trainable neural network for the reconstruction task, T̂ : x ! s is the explicit forward operator of a
trainable neural network for the segmentation and T̂ � R̂ : y ! s is the combined forward operator of the
reconstruction and the segmentation task.
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Figure 6: Typical work
ow involving an inverse problem. The second row represents the data acquisition,
where raw data are acquired and pre-processed, resulting in cleaned data. In the third row, the
cleaned data are used as input to a reconstruction step that recovers the model parameter, which
is then post-processed to extract features used as input for model building. The outcome is a
task-adapted model that can be used for decision-making. The dotted part outlines steps that are
uni�ed by task-adapted reconstruction [9].

When combining both forward operators, di�erent optimisation approaches can be applied. Three opti-
misation approaches can be applied: Sequential optimisation based on separate loss functions, end-to-end
optimisation based solely on the adapted task loss function, and joint optimisation using a combined loss
function with weighted factors. All these methods rely on the assumption that optimising one task bene�ts
the other task. According to the results presented in Adler et al. research, joint optimisation results in
better post-processing tasks (segmentation and classi�cation) performance. Furthermore, alternative papers
presenting joint MRI reconstruction segmentation networks show similar results [10], [11] [12].

However, one fundamental design choice has been made within these task adaptive networks. The segmenta-
tion task is identi�ed as a post-processing step, re
ecting only an output. Therefore, the segmentation task
cannot be used as an informative operator for the reconstruction task. Utilising the segmentation output to
enhance the reconstruction's performance could improve the overall performance. Multi-task architectures,
where information sharing is applied between both networks, can be a valid solution to achieve this.

2.3.1 Multi-task networks

When developing multi-task architectures, it is vital to encourage information sharing that enables positive
transfer while reducing the sharing of information that leads to negative transfer [34]. Therefore, the degree
of shared information has to be �ne-tuned to the speci�c needs of the combined optimisation task.

Hard parameter sharing is widely used in multi-task learning to improve e�ciency and reduce over�tting by
learning a common representation that generalises well across tasks. Hard parameter sharing involves the
use of the same trainable layers for all tasks, while task-speci�c layers are used for each task's output. This
approach reduces the risk of over�tting and enhances learning by leveraging commonalities between tasks
[2].

However, due to the fundamental di�erences between tasks, hard parameter sharing may not always be
appropriate, particularly when tasks have con
icting requirements. In such cases, soft parameter sharing
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can be more e�ective, as they have their own trainable layers but share information through that encourage
similarities between extracted features. This method allows for precisely detecting shared representation to
enhance the overall performance. [35].

In the case of reconstruction and segmentation, the tasks are sequential, making it challenging to create
a network where parameters are shared. However, in the case of cascade architectures, the output of one
cascade can be connected to the next, ensuring information sharing between the two tasks [36]. Furthermore,
this also leverages the ability to integrate attention modules, enhancing shared representation between tasks
[37].

Karkalousos et al. suggested a Multi-Task Learning Reconstruction Segmentation (MTLRS) model [14]. This
model uses the CIRIM as a backbone and incorporates an Attention U-Net within each cascade [38]. The
optimisation strategies mentioned in Adler et al. were tested and evaluated [9]. Furthermore, an additional
multi-task approach was added, which propagates each segmented intermediate prediction into the memory
layers of the next cascade.

However, based on the results presented in the paper, no signi�cant di�erence was found between the joint
and the multi-task approaches. Since only one multi-task technique was implemented, and the evaluation
approach was only based on two performance metrics, it is hard to argue whether the integrated approach
bene�ted overall performance. Therefore, this research will implement di�erent multi-task approaches and
identify which is most bene�cial for MRI reconstruction and segmentation within the MTLRS architecture.

2.4 Uncertainty Quanti�cation

Using deep learning approaches in medical imaging has signi�cantly improved speed and image quality [39].
However, deep learning models can be highly biased towards their training data or protocols, leading to
misleading performance evaluation [40]. Within deep learning models for MRI reconstruction, Antun et al.
have shown that small perturbations in the acquired k-space can result in signi�cant artefacts, which could
lead to wrong diagnosis [41]. As long as these perturbations a�ect current inverse solvers, an e�ective means
to quantify the risk of failures is needed [42]. Uncertainty quanti�cation is a proven framework to asses the
malfunction of deep learning models predictions [43]. Predictive uncertainty exists out of two distinctive
uncertainties: aleatoric and epistemic uncertainties.

Aleatoric uncertainty is an e�ect of the used data [43]. Provided data always includes bias and invalid
measurements, ultimately a�ecting the trained models. This uncertainty is inherent to the data distribution,
which makes it unabated. When assessing the model's uncertainty, the aleatoric uncertainty is always
included.

Epistemic uncertainty refers to the lack of knowledge within the model. This type of uncertainty results from
how the model interoperates and learns from the given data. There are two types of epistemic uncertainty:
structural and parametric. Structural uncertainty focuses on the model's architecture, whereas parametric
denotes the uncertainty in estimating the parameters under a speci�c speci�cation [42].
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3 Method

This research utilises the MTLRS model to evaluate di�erent approaches of multi-task connections. The
cascade structure of the reconstruction model (RIM) and the segmentation model (AttentionUnet) leverage
the ability to propagate combined information into a following cascade. This research's key focus is on the
connection of combined information between the segmentation and reconstruction modules. Several methods
for combining and propagating information between these networks have been drawn from the literature and
implemented in the MTLRS architecture. These will be thoroughly tested and evaluated with the help of
the SKM-TEA dataset.

3.1 Dataset: SKM-TEA

SKM-TEA dataset is used in this research [15]. This dataset contains raw and processed DESS knee MRI
scans. The dataset also includes soft tissue segmentations, pathological detection, and an analytical method
to obtain T2 magnetic tissue information from the knee. The dataset consists of two tracks: the DICOM
track, which is only used for segmentation, detection and quanti�cation, and the RAW Benchmark track,
which is used for reconstruction and multi-task implementation.

The SKM-TEA dataset consists of 155 patient scans, roughly 25,000 slices. These patients represent sixteen
pathological categories across joint e�usion and meniscal, ligament, and cartilage lesions.

3.1.1 Provided datatypes

The raw MRI data consist of a target 3D reconstructed scan, a hybridized k-space (one dimension is already
converted into image domain (x; ky ; kz )), a sensitivity map estimated for the (ky ; kz ) plane, and a mask
generating synthetic sparsely sampled k-space in the (ky ; kz ) plane. The k-space datatype contains eight
or sixteen coil-speci�c k-space measurements; the number of coils varies between patients. Furthermore,
each k-space object consists of two echoes, which can be used to estimate an analytical tissue-speci�cT2

measurement. Figure 7 presents an overview of the data in the dataset for a speci�c patient.

3.1.2 Analytical T2 estimation

The DESS sequence used for acquiring the SKM-TEA dataset has a physical property in which the transversal
relaxation time T2 can be determined based on the two measured echoes. Due to the relation between the
two acquired echoes,T2 estimation can be performed.

Sveinsson et al. propose an extended phase graph model to develop a linear approximation between the two
echoes [44]. This linear relation can be used for accurateT2 estimation. The equation described in (14)
demonstrates this relation is based on acquisition parameters.

S2

S1
= e� � 2( T R � T E )

T 2
1 + e� T R

T 1

2
(14)

Here, TR re
ects the repetition time, TE the echo time, S2/ S1 the fraction between the two echo signals
and T1 the longitudinal relaxation time. In the case of very long T1, the second term becomes redundant.

The SKM-TEA dataset utilizes this linear operation to determine the T2 value of speci�c soft tissue regions
based on the two echoes,TR, TE, and the T1 of the meniscus, which is derived from the literature [45].

3.2 Data preparation

The provided dataset is extensive and provides all the information needed to train a deep-learning model.
However, the transversal (x,ky ,kz ) reconstruction approach limits the segmentation performance due to the
limited number of slices containing multiple classes (Figure 8). Therefore, it would be advisable to reconstruct
the raw data in the sagittal ( kx ,ky ,z) plane. Unfortunately, due to the hybridised provided k-space, data
transformation must be applied before the reconstruction over the sagittal plane can be performed.
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Figure 7: Overview of the provided dataset of a speci�c patient and slice. These images re
ect the dataset
over the transversal axes with a resolution of 512� 160 pixels.

Figure 8: Target scan with segmentation labels in transversal, coronal and sagittal plane [15]. The Sagittal
plane shows all the soft tissue classes within one slice. Furthermore, each class is represented by
relatively big areas. Alternative orientations contain little or no slices with all the segmentation
classes, and each class is represented only by small areas. The red label indicates the patellar
cartilage, blue indicates the femoral cartilage, yellow is the tibial cartilage, and purple is the
meniscus.
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3.2.1 Transformation

The SKM-TEA dataset was acquired in a multi-coil setting with 2x1 parallel scanning (Accelerated MRI
technique) [15]. A fully sampled k-space was synthesised from the undersampled k-space data. Afterwards,
an iFFT was applied to generate the hybridised k-space alongside the readout dimension (kx ! x). In this
research, the readout dimension will be over thekz axis. Therefore, a data transformation is needed. An
FFT is performed to transform x to the frequency domain (kx ). Afterwards, the iFFT is applied to hybridise
the kz -axis into a spatial domain (z), resulting in a k-space which can be sagittal reconstructed.

(a) K-space before transformation where the k-space data
can be described by (x; k y ; kz ). The transversal orienta-
tion is a visualization of ky and kz , the coronal of x and
kz , and sagittal ky and x.

(b) K-space after transformation where the k-space data
can be described by (kx ; ky ; z). The transversal orienta-
tion is a visualization of ky and z, the coronal (2) of kx

and z, and sagittal ky and kx .

Figure 9: K-space orientation: (a) the original k-space orientation, (b) the k-space orientation after trans-
formation. Here, ki indicates if an axis is in the spatial-frequency domain, with i being a speci�c
axis. Here, x re
ects the axis running from the inferior to the superior side, y from the anterior
to the posterior side, andz from the left to the right side.

3.2.2 Cropping and interpolation

The data have a size of 512� 512� 160 voxels for each patient; when reconstructing over thez-axis, each
image to reconstruct consists of a total of 512� 512 = 262; 144 pixels. This can be computationally heavy,
especially when using a deep neural network with many trainable parameters. This research focuses on
providing more insight into multi-task approaches within the MTLRS. Since many models will be trained,
lowering the resolution increases the speed of inference and training. Furthermore, the results are saved as a
3D representation, and lowering the number of slices will signi�cantly reduce the memory needed for storage.
The k-space was cropped into a size of 256� 256� 80 voxels by removing the outer lines, which leaves solely
the inner center of the k-space. The cropping is applied to the unhybridized k-space (kx ; ky ; kz ).

Since the k-space consists of frequency information, removing the outer frequencies a�ects the data by
lowering the resolution of the reconstructed scan. The segmentations and sensitivity maps do not represent
frequency information. Therefore, cropping can not be applied. Interpolation using the nearest-neighbour
method transforms the same data representation into a smaller size and, as a consequence, obtains bigger
voxels. However, the sensitivity maps were acquired in the (y,z) plane, which results in imperfect estimation
within the ( x,y) plane. As visualised in �gure 10, the sensitivity maps contain slice artefacts, the horizontal
lines in the image. This was not a result of the interpolation since the same artefacts were visual in the high-
resolution sensitivity maps. However, this is a result of the sensitivity maps being estimated in a di�erent
orientation.

The provided mask is only usable within the transversal plane due to the 2D undersampling formation.
Therefore, the mask will be designed with the help of a designed masking function [14]. During training, a
random 2D Gaussian mask with a centre-fraction of 0:02 and acceleration factor of 8 will be used to create a
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sparsely sampled k-space. During inference, the Gaussian mask is identical for each patient to ensure valid
comparison between di�erent trained models. The mask ensures that each patient only contains 12:5% of
the original fully sampled k-space. Figure 10 shows the transformed data and the synthesised mask used
within this research.

Figure 10: Data representation of transformed and resized data: (a) re
ecting the cropped k-space, (b) the
sensitivity map interpolated with the nearest neighbour, (c) the generated undersampling mask
based on Gaussian distribution and (d) the reconstructed target scan (linear reconstruction as
presented in Figure 11) with interpolated segmentation by nearest neighbour.

Figure 11: Reconstruction of a single slice from hybridized cropped k-space (kx ,ky ,z) to a 2D image. The
process includes: (a) k-space data acquisition, (b) iFFT Shift for frequency positioning, (c) 2D
iFFT, (d) FFT Shift, (e) application of sensitivity maps using Hermitian conjugated transfor-
mation, and (f) combining individual coil-speci�c images by summation.

After applying the transformations, the k-space can be reconstructed along the sagittal axis. The reconstruc-
tion of the hybridised k-space along the sagittal dimension can be performed using the discrete 2D iFFT and
the interpolated sensitivity maps, which are implemented in the forward model of MTLRS (Figure 11).
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