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A B S T R A C T

Magnetic Resonance Imaging (MRI) has become one of the prevail-
ing imaging modalities in modern radiology. As it is capable of non-
invasively providing a multitude of comprehensive anatomical and
physiological information, MRI is essential for diagnosis, guides treat-
ment planning and is the method of choice for therapy follow-up.
Despite its great versatility, MRI is an inherently slow technique - a
problem that scales in quantitative methods, where multiple MRI ac-
quisitions are required for parameter encoding. Although these tech-
niques have great potential for comprehensive tissue and hence dis-
ease characterization, the long scan times are the main challenge that
prevents them from being widely adopted into clinical routine. Also,
with prolonged acquisitions, MRI scans become more susceptible to
motion artifacts, which constitutes another major problem of clinical
MRI.

This work aims at developing Deep Learning (DL) methods for
fast and robust multiparametric MRI. It builds on the recent break-
through of Machine Learning (ML) in general and DL in particular to
meet the practical needs on the way to a broad clinical deployment of
quantitative MRI biomarkers. Taking advantage of physics-informed
Neural Network (NN) concepts, the core of this thesis is to present
methodological advances all along the MRI pipeline. To this end, a
highly accelerated MRI acquisition that simultaneously encodes for
multiple physiological parameters is combined with advanced image
reconstruction and multiparameter inference to solve the underlying
multivariate regression task. With the goal to improve clinical accep-
tance of quantitative MRI techniques, feasibility and potential bene-
fits of the proposed multiparametric acquisition and reconstruction
frameworks are validated and initial clinical experience with glioma
and multiple sclerosis patients is demonstrated.
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Z U S A M M E N FA S S U N G

Die Magnetresonanztomographie (MRT) hat sich zu einer der vorherr-
schenden Bildgebungsmodalitäten in der modernen Radiologie ent-
wickelt. Da sie auf nicht-invasive Weise eine Vielzahl aussagekräftiger
anatomischer und physiologischer Informationen zur Verfügung stel-
len kann, ist die MRT für die Diagnostik unverzichtbar, ist Grundlage
für die Behandlungsplanung und ist die Methode der Wahl zur Thera-
piekontrolle. Trotz ihrer enormen Vielseitigkeit ist die MRT allerdings
auch eine von Natur aus langsame Technik - ein Problem, das sich
bei quantitativen Methoden, bei denen mehrere MRT-Akquisitionen
für die Parameterkodierung erforderlich sind, verstärkt. Die langen
Akquisitionszeiten sind die größte Herausforderung, die verhindert,
dass diese Techniken trotz ihres großen Potenzials für eine umfassen-
de Charakterisierung von Gewebe und somit auch von Krankheitsbil-
dern breitflächig in die klinische Routine übernommen werden. Au-
ßerdem werden die MRT Aufnahmen bei längeren Akquisitionen an-
fälliger für Bewegungsartefakte, was ein weiteres schwerwiegendes
Problem der klinischen MRT darstellt.

Ziel dieser Arbeit ist es Deep Learning (DL) Methoden für schnelle
und robuste multiparametrischen MRT zu entwickeln. Die vorliegen-
de Dissertation baut auf dem jüngsten Durchbruch des Maschinel-
len Lernens (ML) im Allgemeinen und des DLs im Besonderen auf,
um die praktischen Anforderungen auf dem Weg zu einer breiten
klinischen Anwendung von quantitativen MRT-Biomarkern zu erfül-
len. Unter Nutzung der Vorteile von Physik-informierten Konzepten
Neuronaler Netzwerke besteht der Kern dieser Arbeit darin, metho-
dische Fortschritte entlang des gesamten MRT Bildgebungsprozesses
zu präsentieren. Zu diesem Zweck wird eine hochbeschleunigte MRT-
Akquisition, die mehrere physiologische Parameter gleichzeitig ko-
diert, mit einer leistungsstarken Bildrekonstruktion und Multipara-
meter-Schätzung kombiniert, um die zugrunde liegende multivariate
Regression zu lösen. Mit dem Ziel, die klinische Akzeptanz quantita-
tiver MRT-Techniken zu verbessern, werden Machbarkeit und poten-
zielle Vorteile der vorgeschlagenen multiparametrischen Ansätze für
Akquisition und Rekonstruktion validiert und erste klinische Erfah-
rungen mit Gliom- und Multiple Sklerose-Patienten demonstriert.
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Part I

I N T R O D U C T I O N A N D S U M M A RY O F
C O N T R I B U T I O N S





1
I N T R O D U C T I O N

Since Lauterbur [15], Mansfield [16], Damadian [17] and Ernst [18]
laid the basis for MRI in the early 1970s, it has emerged as a power-
ful imaging modality and now plays a major role in the detection
and diagnosis of a wide variety of medical conditions in modern
radiology [19]. In contrast to X-ray computed tomography (CT) [20,
21], Single-Photon Emission Computed Tomography (SPECT) [22] or
Positron Emission Tomography (PET) [23], MRI does not involve ion-
izing radiation, but exploits the Nuclear Magnetic Resonance (NMR)
effect. This makes it the diagnostic method of choice in many clini-
cal applications - from diagnosis, treatment planning to monitoring
of therapy response [24]. The great versatility of MRI is in turn at-
tributed to the intrinsic sensitivity of the NMR signal to the wide
range of physico-chemical interactions, including relaxation [25, 26],
motion such as perfusion [27] or self-diffusion [28, 29], or chemical ex-
change [30, 31]. Therefore, MRI does not only provide comprehensive
anatomical information but also enables imaging of various physio-
logical processes of tissue function that goes beyond morphological
imaging alone. As such, MRI represents a mainstay of personalized
medicine, a concept that aims to tailor medical therapy decisions to
each individual patient [32, 33].

Although in theory the fundamental concept of NMR allows for
measuring any of these physico-chemical tissue properties in a quan-
titative sense [34], modern clinical practice is dominated by qualitative
MRI. The basic principle of qualitative or contrast-weighted MRI is to
generate images that are weighted by NMR relaxation times, Proton
Density (PD) or other tissue properties, creating contrast differences
between individual tissue types [35]. This gives rise to the generation
of a multitude of differential contrast-weighted acquisitions.

Despite its superior soft-tissue contrast that is instrumental in the
widespread usage of MRI, the potential of quantitative MRI for tis-
sue and hence disease characterization is underutilized in state-of-the-
art routine imaging practice. The predominantly qualitative nature of
current clinical MRI protocols - not only in terms of MRI image gen-
eration, but also with respect to interpretation and analysis - limits its
reliability and reproducibility due to dependence on a variety of con-
founds, e.g. the specific set of acquisition parameters. This is in clear
contradiction to the overall strive for precision medicine and person-
alized treatment. Aiming for objective disease detection and charac-
terization, e.g. to reveal spatial heterogeneity in tumors, quantitative
MRI is therefore a previously not fully exhausted opportunity on the

3



4 introduction

way to accurate, reproducible and standardized imaging biomarkers
for clinical decision making as well as for valid comparison across
multiple time-points, subjects or sites [36].

The main challenge that prevents quantitative MRI techniques from
being widely adopted into clinical routine is that MRI image acqui-
sition is an inherently slow process. For quantitative tissue property
mapping, this drawback is particularly problematic as multiple MRI
acquisitions are required for encoding the parameters of interest in
addition to the spatial encoding. The resulting long scan times of
quantitative MRI techniques are a main barrier for routine clinical
practice [37]. Also, with prolonged acquisitions, these techniques be-
come more susceptible to voluntary and involuntary motion. This
further complicates clinical application especially in children, elderly
and severely ill patients who have difficulty lying still.

With the goal of accelerating MRI, significant technical advances
on both hardware and computation side have entered the field over
the recent years. Key technologies such as Parallel Imaging (PI) [38],
sparsity-based reconstruction techniques [39], including Compressed
Sensing (CS) [40], and more recently also the breakthrough of ML and
specifically DL methods [41] made MRI to evolve towards shorter
scan times, whilst simultaneously targeting higher image qualities.
As such, these advancements have great potential to also pave the
way towards quantitative MRI that is feasible for widespread use in
clinical routine [42].

Still, the high degree of acceleration, which can now be achieved,
usually comes at the expense of spatially undersampled k-space infor-
mation. Although advanced reconstruction and parameter estimation
algorithms have proven capable of compensating for this in a variety
of applications, they are computationally intensive and oftentimes
result in clinically infeasible reconstruction times. In spite of the on-
going research efforts to progress from single parameter to more effi-
cient multiparameter encoding strategies, state-of-the-art quantitative
MRI methods are still confined to only a small number of parameters,
e.g. T1 and T2 relaxation times. In addition, susceptibility to motion ar-
tifacts remains a complex and only partially solved problem for MRI
in general and for quantitative mapping methods in particular. De-
spite its great diagnostic potential, these practical limitations, which
have not been adequately resolved yet, have hampered broad clinical
adoption to date. In view of the tremendous success that DL methods
have demonstrated in various fields, including medical imaging and
specifically MRI, they can significantly contribute to address these
practical limitations of quantitative MRI research to eventually bring
its broad clinical translation forward.

Therefore, the main objective of this thesis is to develop fast and ro-
bust multiparametric MRI by taking advantage of DL concepts. In par-
ticular, this thesis presents DL-driven methodological contributions
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starting with an efficient quantification of T1, T2 and PD, which in
turn enables the synthesis of contrast-weighted MRI images, through
the extension of multiparametric encoding beyond T1 and T2 to diffu-
sion tensor information to a motion correction for fast 3D multipara-
metric MRI.

This dissertation is structured as follows. Part I gives an introduc-
tion to the theoretical background in Chapter 2 and the key concepts
and methodology that are used in the works relevant to this disser-
tation in Chapter 3. Chapter 4 summarizes the main contributions of
this thesis.

Part II is composed of three peer-reviewed publications [1–3], con-
stituting the main contribution of this thesis, in Chapter 5. Each of
these journal and conference papers is presented in a self-contained
section, starting with a summary of the publication.

In Part III of this thesis, Chapter 6 provides a discussion of the
presented work. In Chapter 7, conclusions are drawn and an outlook
to future research directions is given.

Appendix A comprises three peer-reviewed conference abstracts
that are not relevant to the evaluation of this thesis but complement
the main publications thematically, either presenting initial results or
relevant side projects.





2
T H E O R E T I C A L B A C K G R O U N D

To set the theoretical background and to provide a concise summary
of the key methodologies that this thesis builds on, this chapter gives
an introduction to the concepts of NMR, MRI and DL. However, it is
not intended to be a complete review of the respective research fields.

2.1 nuclear magnetic resonance

In the following, the theoretical concepts of MRI are introduced. For
a more comprehensive description of MRI physics that goes beyond
this high-level review, the reader may be referred to Levitt [43] and
Haacke [44].

2.1.1 Nuclear spin and macroscopic magnetization

Clinical MRI primarily relies on NMR of the hydrogen nucleus 1H, i.e.
a single proton, that is omnipresent in water (H2O) and lipid (CH2)
molecules in the human body.

The fundamental principle of NMR is the interaction of the nuclear
angular momentum I, termed nuclear spin, and external static and
dynamic magnetic fields B. Protons (with I = 1

2 ) and all other nuclei
with a non-zero quantum number I 6= 0 possess a nuclear angular
momentum or spin I with an associated non-vanishing magnetic mo-
ment µ

µ = γI, (1)

where γ is the gyromagnetic ratio with γ = 2.675× 108s−1T−1 for
protons.

Although nuclear spin is a quantum mechanical property, the macro-
scopic behaviour of a large number of nuclei, so-called spin isochro-
mates, that is actually measured in NMR, can be described by classi-
cal mechanics [45].

In the absence of a magnetic field B, the individual spins do not
precess and are oriented randomly, with a uniform distribution of
their directions in space. This results in a near zero macroscopic mag-
netization M =

∑
i µi. However, when exposed to a static magnetic

field B0, the individual spins start to precess around its direction with
a frequency ω0, referred to as Larmor frequency, proportional to the
magnetic field strength B0

ω0 = γB0. (2)

7



8 theoretical background

Without loss of generality, B0 is assumed to point in the positive z-
direction, i.e. B0 = B0êz.

At the same time, a macroscopic equilibrium magnetization M0 =

M0êz builds up gradually as individual spins have a tendency to
align with B0. However, at body temperature and the commonly
applied magnetic field strengths, thermal energy has a significantly
stronger effect on the nuclear spins than the applied magnetic field.
For this reason, only a weak alignment sets in. The high natural abun-
dance of hydrogen nuclei in the human body is what makes the net
magnetization still measurable.

2.1.2 Radiofrequency excitation

In order to actually detect the net magnetization M in the vicinity
of the large external magnetic field B0, it is flipped out of its equi-
librium state into the perpendicular plane to B0. To do so, an addi-
tional Radiofrequency (RF) field B1(t) (B1 << B0) is applied orthog-
onal to B0 causing the net magnetization to precess around both of
the magnetic fields. Exploiting the magnetic resonance phenomenon,
the oscillation frequency of B1(t) is tuned to the Larmor frequency
ω1 = ω0 to perturb the magnetization out of its initial equilibrium
state aligned with B0.

The amount of excitation that is achieved by a temporary RF-field
B1(t), commonly referred to as RF-pulse, over a time interval ∆t is
described by the flip angle α

α = γB1∆t. (3)

The dynamics of the net magnetization M = (Mx,My,Mz)
> when

exposed to an external magnetic field B(t) = B0 + B1(t) is described
by the Bloch equations

dM(t)

dt
= γM(t)× (B0 + B1(t)) = γM(t)×



B1 cos(ω1t)

B1 sin(ω1t)

B0


 . (4)

The relation in Equation 4 is commonly appreciated via a transfor-
mation from the stationary (x,y, z) to a rotating frame of reference
(x ′,y ′, z ′) that rotates around B0 with a frequency ω. For the reso-
nance condition ω = ω1 = ω0, Equation 4 simplifies to

dM(t)

dt

ω=ω1= γM(t)×




B1

0

B0 −
ω1
γ




ω1=ω0= γM(t)×



B1

0

0


 = γM(t)×Beff.

(5)
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The resulting transverse magnetization M⊥(t) = Mx(t) + iMy(t) ro-
tates around B0 with the Larmor frequency ω0 and can be expressed
as

M⊥(t) =M⊥(0)e
iω0t. (6)

2.1.3 Relaxation mechanisms

After excitation, interactions of the spins among each other (spin-spin)
and with their surrounding (spin-lattice) cause the net magnetization
M to eventually return to its equilibrium state M0. This process is
described by two fundamental relaxation mechanisms.

The longitudinal or spin-lattice relaxation describes the recovery of
the longitudinal magnetization Mz along the axis of B0. This expo-
nential restoration of Mz to its thermal equilibrium is characterized
by the longitudinal relaxation time T1.

The transverse or spin-spin relaxation time T2 characterizes the de-
cay of the transverse magnetization M⊥ due to a loss of phase coher-
ence of the precessing spins. The individual spins within the isochro-
mate interact with each other through their own oscillating magnetic
fields. This causes the spins to gradually dephase and ultimately re-
sults in a decaying transverse magnetization M⊥.

Taking both longitudinal and transverse relaxation into account,
the Bloch equations from Equation 4 become

dMx(t)

dt
= γ (M(t)×B(t))x −

Mx(t)

T2
dMy(t)

dt
= γ (M(t)×B(t))y −

My(t)

T2
dMz(t)

dt
= γ (M(t)×B(t))z −

Mz(t) −M0

T1
.

(7)

The relationships in Equation 7 can also be expressed in matrix form:

dM(t)

dt
= γM(t)×B(t) −




1
T2

0 0

0 1
T2

0

0 0 1
T1


 (M(t) − M0) . (8)

After RF-excitation via B1(t), the analytical solution for the Bloch
equations for a constant, homogeneous magnetic field B0 is given by

Mz(t) =M0 − (M0 −Mz(0))e
− t
T1

M⊥(t) =M⊥(0)e
iω0te

− t
T2 .

(9)

This evolution of the magnetization M(t) is referred to as Free Induc-
tion Decay (FID): The transverse magnetization M⊥ decays exponen-
tially with the time constant T2 while precessing around B0 with the
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Larmor frequency ω0. The longitudinal magnetization Mz recovers
exponentially with the time constant T1.

Measuring the current that the rotating transverse magnetization
M⊥ induces via receiver coils is the basic principle of NMR experi-
ments. Generally, a series of RF-pulses, commonly referred to as pulse
sequence, is played out to generate NMR signals that are a function
of the underlying physico-chemical tissue parameters, such as T1, T2
or PD.

2.2 magnetic resonance imaging

2.2.1 Spatial encoding via imaging gradients

To ultimately form MRI images, the NMR signal needs to be spatially
encoded. This is achieved by superimposing a linear magnetic field
gradient g(t) = (gx,gy,gz)> onto the static magnetic field B0 = B0êz
such that

B(r, t)êz = (B0 + r · g(t))êz. (10)

Consequently, a spatial dependency of the Larmor frequency ω is
introduced

ω(r, t) = γB(r, t) = γB0 + γr · g(t) = ω0 + γr · g(t). (11)

This in turn causes transverse magnetization M⊥ to accumulate a
spatially dependent phase φ(r, t) over time

φ(r, t) =
∫t
0

ω(r, t ′)dt ′ = ω0t+ γr ·
∫t
0

g(t ′)dt ′ = ω0t+ r · k(t), (12)

where the spatial frequency vector k(t) is given by

k(t) = γ
∫t
0

g(t ′)dt ′. (13)

Taking the spatial dependency of the magnetic field into account, the
solution of the Bloch equations from Equation 9 becomes

Mz(r, t) =M0(r) − (M0(r) −Mz(r, 0)) e−
t
T1

M⊥(r, t) =M⊥(r, 0)e−iφ(r,t)e
− t
T2 .

(14)

Assuming a spatially varying spin density ρ(r)

M =

∫
V

ρ(r)d3r, (15)
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the measured signal S̃(t) is derived by integrating the expression
for the transverse magnetization M⊥(r, t) from Equation 14 over the
imaging volume V

S̃(t) =

∫
V

M⊥(r, t)d3r

=

∫
V

M⊥(r, 0)e−iφ(r,t)d3r

=

∫
V

ρ(r)e−iω0te−ir·k(t)d3r

= eiω0t
∫
V

ρ(r)e−ir·k(t)d3r,

(16)

where T2 relaxation effects are neglected for simplicity. Also neglect-
ing the high frequency phase modulation e−iω0t, the signal S(t) be-
comes

S(t) = S̃(t)e−iω0t =

∫
V

ρ(r)e−ir·k(t)d3r. (17)

From the above relationship, it becomes clear that the measured sig-
nal S(t) = S(k(t)) is the Fourier transform of the spatial spin density
ρ(r). In turn, an approximation of ρ(r) can be reconstructed via the
inverse Fourier transform of the acquired signal

ρ(r) =
∫
k

S(k(t))eir·k(t)d3k. (18)

The above Fourier relationship between the spatially-encoded NMR
signal and the spatial spin density, established by magnetic gradient
fields, constitutes the fundamental principle of MRI.

2.2.2 Slice selection

Spatial encoding of the NMR signal as described before is realized
after the initial RF-excitation. That is, the RF-pulse excites all spins
in a given 3D volume that have a Larmor frequency equal to the
frequency of the oscillating B1 field. This is therefore commonly re-
ferred to as non-selective excitation. To achieve slice-selective excitation,
a magnetic field gradient, e.g. along the z direction, is already ap-
plied during the initial RF-pulse. Due to the spatial varying Larmor
frequency ω(z) = γ(B0 + zgz), only the spins in a plane perpendicu-
lar to the direction of the gradient field meet the resonance condition
ω1 = ω(z). In this case, Equation 16 reduces to

S(kx(t),ky(t)) =
∫
V

ρ(x,y)e−i(kxx+kyy)dxdy. (19)

The thickness ∆z of the xy-plane that is excited depends on the band-
width of the RF-pulse ∆ω and the strength of the gradient field gz

∆z =
∆ω

γgz
. (20)
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2.3 diffusion in mri

2.3.1 Diffusion

Diffusion refers to random interactions of particles due to thermal
motion. Free diffusion, i.e. the movement of particles from regions
with high concentration to regions with low concentration, are de-
scribed by Fick’s laws [46].

In an isotropic medium, the diffusion flux vector j and the concen-
tration gradient ∇c(r, t) are related via the diffusion coefficient D, as
given by Fick’s first law

j(r, t) = −D∇c(r, t). (21)

Together with the principle of mass conservation

∇j(r, t) = −
∂c(r, t)
∂t

, (22)

Equation 21 yields Fick’s second law

D∇2c(r, t) =
∂c(r, t)
∂t

. (23)

With diffusion being a random process, the probability density func-
tion for free isotropic diffusion is given by a three-dimensional Gaus-
sian distribution

P(r | r0, t) = (4πDt)−
3
2 exp

(
−
1

4Dt
(r − r0)

2

)
, (24)

where ∆r = r0 − r is the displacement in a time t [47]. The mean-
squared displacement 〈∆r2〉 is given by the variance σ2 of the Gaus-
sian distribution

〈∆r2〉 = σ2 = 2NDt, (25)

with N = 1, 2, 3 being the dimensionality of the diffusion process.

2.3.2 Bloch-Torrey equations

The Bloch equations from Equation 7 and Equation 8, respectively,
can be extended to also include the effect of diffusion on the temporal
evolution of the magnetization in addition to the relaxation effects.
For isotropic diffusion, the resulting Bloch-Torrey equations [48] are
given by

dM(t)

dt
= γM(t)×B(t) −




1
T2

0 0

0 1
T2

0

0 0 1
T1


 (M(t) − M0) +D∇2M(t).

(26)
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To measure diffusive motion, again magnetic field gradients are ap-
plied to introduce spatially varying Larmor frequencies. In the pres-
ence of a diffusion-encoding magnetic field gradient g(t), the time
evolution of the transverse magnetization M⊥(r, t) in the rotating
frame of reference is described by an additional diffusion term

dM⊥(r, t)
dt

= −iγ(B0 + r · g(t))M⊥(r, t) −
M⊥(r, t)
T2

+D∇2M⊥(r, t).

(27)
Assuming

M⊥(r, t) = A(t) exp
(
−iγ

(
B0t+ r ·

∫t
0

g(t ′)dt ′
)
−
t

T2

)
, (28)

where A(t) is the diffusion-induced change of the amplitude over
time, Equation 27 yields

dA(t)

dt
= −Dγ2

(∫t
0

g(t ′)dt ′
)2
A(t). (29)

This differential equation can be solved by

A(t) = A(0)e−Db, (30)

where the b-value is given by

b = γ2
∫t
0

(∫t ′
0

g(t ′′)dt ′′
)2
dt ′. (31)

For unrestricted isotropic diffusion, the measured diffusion-weighted
signal intensity is therefore given by

S(b,D) = S(b = 0)e−bD, (32)

where S(b = 0) is the signal intensity without diffusion-encoding
gradients.

2.3.3 Diffusion tensor model

Going beyond the specific case of isotropic diffusion, characterized
by a single diffusion coefficient D, anisotropic diffusion behavior can
be described by the diffusion tensor D

D =



Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz


 , (33)

where the three diagonal elements (Dii) refer to the diffusion coef-
ficients measured along the principal x-, y- and z-axes [49]. The six
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off-diagonal terms (Dij = Dji) are the covariance terms. For the spe-
cial case of isotropic diffusion, D becomes

D =



Dxx 0 0

0 Dyy 0

0 0 Dzz


 , (34)

with Dxx = Dyy = Dzz = D.
For the general case of anisotropic diffusion, the expression for the

measured signal intensity in Equation 32 can be rewritten as

S(b, n, D) = S(b = 0)e−bnDn> , (35)

where the unit vector n refers to the respective diffusion-encoding
direction.

Diagonalization of D such that D = EΛE> yields the eigenvalues
λ1,2,3 = diag(Λ) with λ1 > λ2 > λ3 and the corresponding eigenvec-
tors ε1,2,3, representing the matrix columns of E = (ε1 | ε2 | ε3). The
principal diffusion orientation is given by the principal eigenvector
ε1.

From the derived eigenvalues λ1,2,3, scalar diffusion metrics can be
calculated, including the Mean Diffusivity (MD) or Apparent Diffu-
sion Coefficient (ADC)

MD = 〈D〉 = 〈λ〉 = 1

3

3∑
i=1

λi, (36)

the Axial Diffusivity (AD)

AD = D‖ = λ‖ = λ1, (37)

the Radial Diffusivity (RD)

RD = D⊥ = λ⊥ =
λ2 + λ3
2

, (38)

and the Fractional Anisotropy (FA)

FA =

√√√√3
∑3
i=1(λi − 〈λ〉)2
2
∑3
i=1 λ

2
i

. (39)

2.4 deep learning-based information processing

This section gives a brief introduction to the concept of DL-based
information processing - from the theoretical foundation of artificial
neurons to the formation of an Artificial Neural Network (ANN) and
Convolutional Neural Network (CNN) entities. For a deeper insight
into the field of DL, the reader is referred to the relevant literature,
e.g. [50–52].
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Figure 1: Artificial neural networks. The mathematical concept of an artifi-
cial neuron (left) constitutes the basic building block for ANNs. A
Perceptron (right) is the simplest architecture of ANNs.

2.4.1 Artificial neurons

The fundamental concept of DL is the formulation of an artificial
neuron as a mathematical construct. In analogy to the information
processing in biological neurons, an artificial neuron combines the
information or activation received from other neurons in a weighted
sum, which is then processed by a non-linear activation function ϕ
as illustrated in Figure 1. Mimicking excitatory and inhibitory trans-
mission, commonly used activation functions are the sigmoid func-
tion σ(x) = 1

1+e−x , the tangens hyperbolicus tanh(x) = ex−e−x

ex+e−x or
the Rectified Linear Unit (ReLU) function ReLU(x) = max(0, x). The
incorporation of such activation functions makes artificial neurons
capable of approximating not only linear but also non-linear relation-
ships. As such, the output of an artificial neuron f(x) given the input
x = (x1, ..., xn) is defined by

f(x) = ϕ(w>x +w0), (40)

where w = (w1, ...,wn) is a weight vector and w0 is a bias term [53].

2.4.2 Types of Neural Networks

Building on this basic concept of artificial neurons, the two different
types of NNs in DL that are relevant to this thesis, are the concepts
of ANNs and CNNs.

(artificial) neural networks To increase modeling capaci-
ties, individual artificial neurons are combined to form an ANN. The
most common type of ANNs is a fully-connected structure. Here, the
individual neurons are arranged in layers with fully pairwise connec-
tions of all neurons between two adjacent layers and no connections
within a layer. Given a sufficiently large number of neurons N, any
continuous function f(x) can in principle be approximated by a single
layer ANN

f(x) =
N−1∑
i=0

viϕ(w>i x +w0,i), (41)
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Input Kernels Output 
(Feature maps)

Figure 2: Convolutional neural networks. A CNN is based on convolving
the input with a weight matrix, the convolutional kernel. This con-
cept can be extended to further feature dimensions, the so-called
channels.

where vi are the combination weights. The simplest structure of an
ANN is the so-called Perceptron, consisting of an input layer, i.e. the
first layer, one hidden layer and an output layer, i.e. the last layer (Fig-
ure 1). ANN architectures with more than one hidden layer are there-
fore referred to as Multi-Layer Perceptrons (MLPs) or deep ANNs.

convolutional neural networks Just like fully-connected
ANNs, CNNs are comprised of neurons that are connected via weights
and biases with a subsequent non-linear activation. However, in con-
trast to MLPs, CNNs are constructed by convolution and pooling lay-
ers that precede a fully-connected output layer. With these two core
building blocks, CNNs account for local connectivity and preserve
spatial relationships when progressing from one dimensional to two
or higher dimensional problems. Convolutional layers are linear op-
erations that rely on matrix multiplication to convolve its input with
a weight matrix, referred to as kernel or filter. As such, convolutional
layers connect each neuron to only a local region of the input and
all neurons within one layer share the same weights (Figure 2). This
results in a drastically reduced number of model parameters com-
pared to fully-connected layers. The output of the linear convolution
operations, called feature maps, is then passed through a nonlinear
activation function. Along with convolutional layers, pooling layers
are introduced in-between successive convolutional layers to progres-
sively reduce the dimension of the feature representations. That is, a
pooling layer constitutes a downsampling operation, which can also
be expressed as a matrix operation with fixed weights, typically em-
ploying average or maximum pooling.
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2.4.3 Neural Network training

Independent of the actual topology of NNs, the overall goal is to
optimize the trainable weight and bias parameters to approximate
the non-linear relationship between its input and the desired output.
How well the targeted relationship is modelled by the NN with its
particular set of parameters θ is determined by a loss function L(θ).
Therefore, the fundamental aim of NN training is to minimize the
loss function by adjusting the model parameters via gradient descent.
To use gradient descent (or variants thereof) for training deep NNs,
backpropagation constitutes a key concept as it enables the efficient
computation of gradients based on the chain rule [54].

To minimize L(θ), the trainable parameters θ = (θ1, ..., θN) are
gradually adjusted via gradient descent

θj+1 = θj − λ∇L(θj),

θj+1n = θjn − λ
∂L

∂θ
j
n

,
(42)

where λ is the learning rate and j indicates the jth iteration. The partial
derivative of the loss function with respect to a parameter ∂L

∂θn
is cal-

culated by iteratively applying the chain rule. To do so, the non-linear
activation function of the artificial neurons needs to be differentiable.





3
M E T H O D O L O G Y

3.1 from qualitative to quantitative mri

Traditional contrast-weighted MRI relies on the sensitivity of the NMR
signal to various tissue properties. Alongside this purely qualitative
perspective, quantitative MRI techniques aim for an actual measure-
ment of these parameters to ultimately produce quantitative maps
instead of / in addition to qualitative anatomical images. Just like
qualitative MRI, quantitative techniques also rely on the principle of
image formation in the Fourier domain as introduced in Section 2.1.
However, while qualitative MRI contrasts are sensitive to the various
physico-chemical tissue properties, quantitative MRI aims at encod-
ing for these in order to measure the underlying tissue parameters.
To do so, NMR signals are not only encoded spatially, but the se-
quence design has to be expanded to additional parameter-encoding
dimensions, e.g. by introducing a signal variation over time. To de-
scribe the resulting signal evolution in the k-t domain, Equation 17
can be generalized to

y(k(t), t) := S(k(t), t) =
∫
V

ρ(r)ft(r)e−ik(t)rd3r. (43)

The k-t-space signal is now denoted as y(k(t), t) := S(k(t), t) follow-
ing the convention in [55]. The additional parameter encoding dimen-
sion in Equation 43 is accounted for by introducing a temporal depen-
dence to the k-space signal via ft(r)

ft(r) = ft (η(t),θ(r)) (44)

that links the set of time-dependent acquisition parameters η(t), in-
cluding flip angle α, Repetition Time (TR) or Echo Time (TE), and the
spatially-varying tissue parameters θ(r), such as T1 and T2 relaxation
times or the diffusion tensor D.

The image-space signal x(r, t = τ) after the τth RF excitation at
voxel location r can therefore be written as

x(r, τ) = ρ(r)fτ(r) = ρ(r)fτ (η(τ),θ(r)) , (45)

where the full signal evolution at voxel location r along T time points
is given by x(r, t) = (x(r, τ = 1), x(r, τ = 2), ..., x(r, τ = T))> ∈ CT .

To describe the full spatio-temporal image evolution X ∈ CN×T for
N voxels, a formal encoding operator E that comprises both spatial
Fourier and parameter encoding can be introduced

E = UFS. (46)

19
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The encoding operator E itself is composed of the operators U that
describes the undersampled k-space acquisition, F that is the Fourier
Transform, and S that refers to the coil sensitivity profiles.

With the formulation of the encoding operator in Equation 46, the
reconstructed image time-series X can be written as a function of the
acquired raw k-t data Y ∈ CM×T with M sampled k-space locations
per time point

Y = EX. (47)

Although the large variety of quantitative MRI methods results in
different formulations of the encoding operator, they all share the
common goal to quantify the tissue parameters of interest θ. In gen-
eral, this is achieved by enforcing voxelwise consistency between a
biophysical signal model and the acquired image time-series, e.g. by
means of model fitting or dictionary grid search techniques (see Sec-
tion 3.5).

Despite their great capabilities, quantitative MRI techniques also
share a common drawback, the additional parameter-encoding di-
mensions result in (clinically impractically) long scan times compared
to conventional contrast-weighted MRI. Also, quantitative MRI tech-
niques are generally limited to probing only one or a few parameters
at a time, which additionally prolongs MRI protocols if multiparamet-
ric information is required and sequential quantitative MRI acquisi-
tions have to be performed.

For broad clinical deployment, quantitative MRI therefore has to
achieve scan times that meet the tight clinical time constraints. Recent
technical developments to accelerate quantitative MRI address this
requirement by presenting

1. Novel multiparametric encoding and signal modeling motives,

2. Accelerated acquisition schemes,

3. Advanced image reconstruction algorithms,

4. Efficient parameter estimation,

and often a combination of the above.
In the following, a brief introduction of these concepts in the partic-

ular context of fast multiparametric mapping are given. This section
has a particular focus on transient-state methods such as Magnetic
Resonance Fingerprinting (MRF) schemes as they build the core tech-
niques of this thesis. For more comprehensive insights into the re-
spective methodologies and related research activities, the reader is
referred to the relevant literature.

3.2 multiparametric encoding and signal modeling

As the MRI signal depends on the various physico-chemical tissue
properties θ (T1, T2, M0, etc.), the respective acquisition parameters
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Figure 3: Pulse sequence diagram of a 2D SSFP-based MRF scheme. An ini-
tial inversion pulse (with Inversion Time (TI)) is followed by a vari-
able flip angle train α1,2,...,N to jointly encode T1 and T2 relaxation
times in the transient state: while the beginning of the sequence is
mainly sensitized to T1 due to the inversion recovery, T2 informa-
tion is primarily encoded via the formation of stimulated echoes.
As the signal response evolves over time, one interleaf of an under-
sampled spiral trajectory is acquired in each repetition. To achieve
spatial incoherence, k-space undersampling is generally random-
ized by rotating the spiral waveforms from one repetition to the
next, e.g. with golden angles.

η (TR, TE, α, etc.) and hardware properties (B0, B1, etc.), a compre-
hensive understanding of these relationships and their mathemati-
cal formulation into an appropriate signal model is a key requisite
for any quantitative MRI technique. Compared to single parameter
mapping, multiparametric MRI techniques exploit this inherent de-
pendency of the MRI signal to simultaneously encode for multiple
parameters within a single scan. For joint T1-T2-relaxometry [56], this
is generally accomplished by either multicontrast steady-state MRI or
through variations of balanced or unbalanced Steady-state Free Pre-
cession (SSFP) readouts [57–61]. Although being grounded on an in-
version recovery SSFP scheme, the seminal work on MRF [62, 63] gave
rise to a conceptionally novel type of fast multiparametric MRI. In
MRF [64] and other newly emerged techniques such as Quantitative
Transient-state Imaging (QTI) [7, 65] or Magnetic Resonance Spin To-
mogrAphy in Time-domain (MR-STAT) [66, 67], the signal is acquired
in the transient state. Instead of enforcing a steady state, parameter
encoding in the transient state is driven by continuous variation of
acquisition parameters as schematically shown in Figure 3. This way,
these techniques present highly efficient strategies to simultaneously
encode for spatial and multiparameter information in the k-t-space.
While MRF was initially implemented using a pseudo-random vari-
ation of acquisition parameters, sequence design is now more and
more optimized for increasing parameter encoding efficiency, e.g. by
means of Bayesian methods [65, 68] or Crámer-Rao Lower Bounds
[69, 70].
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While for the steady-state signal response, the time-dependent en-
coding function ft(r) simplifies to an analytical time-invariant expres-
sion f(r), signal modeling in the transient state is more complex as the
magnetization evolves dynamically in time. The transient signal re-
sponse to RF excitation or gradient dephasing can be recursively mod-
eled via Bloch simulation or using the Extended Phase Graphs (EPG)
formalism [71]. In EPG theory, the temporally evolving magnetization
vector M = (Mx,My,Mz)

> is described by a change into the refer-
ence system of complex magnetization components (M+,M−,Mz)

>

that are expressed as Fourier states

M±(r) =Mx(r)± iMy(r) =
∫
V

F̃±k e
ikrd3k

Mz(r) =
∫
V

Z̃ke
ikrd3k

(48)

so that

F̃±k =

∫
V

M±(r)e−ikrd3r

Z̃k =

∫
V

Mz(r)e−ikrd3r.
(49)

Here k is the dephasing order and the complex conjugate operation ∗

relates the magnetization M− =M∗+ as well as the de- and rephasing
configuration states

(
F̃+k
)∗

= F̃−k ,
(
Z̃k
)∗

= Z̃−k. The Fourier configu-
ration states are efficiently comprised in a state matrix Ω

Ω =



F̃+0 F̃+1 F̃+2 · · ·
F̃−0 F̃−1 F̃−2 · · ·
Z̃0 Z̃1 Z̃2 · · ·


 . (50)

As such, the temporal evolution of the magnetization is efficiently
modelled by linear operators acting on the state matrix Ω. The state
matrix Ωt at time t is consequently described in a recursive form

Ωt = ft(η,θ)Ωt−1. (51)

Neglecting effects such as magnetization transfer or coherent and
incoherent motion, the encoding operator ft(η,θ) is composed of
the linear operators Tθ(α), S(∆k) and E(∆t, T1, T2) that account for
RF excitation, gradient dephasing due to unbalanced gradient wave-
forms and tissue relaxation, respectively [65]. The encoding function
ft(η,θ) can therefore be expressed as

ft(η,θ) = E(∆t, T1, T2)S(∆k)Tθ(α), (52)

where η comprises the time-dependent acquisition parameters, i.e.
flip angle α and phase φ of the RF excitation, the timings of the pulse
sequence ∆t in terms of TE and TR as well as an indirect measure
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of the gradient moments via ∆k. θ are the tissue-specific parameters,
typically T1 and T2. In theory the EPG formalism can also be extended
to motion phenomena, e.g. flow or diffusion. Although the theoreti-
cal framework is in principle capable of incorporating physiological
effects such as anisotropic diffusion through the diffusion tensor D,
such calculations become computationally infeasible in practice [72].

3.3 accelerated acquisition

To achieve acceptable scan times, MRI acquisitions oftentimes rely
on fast alternatives to traditional spin-warp imaging, which fills the
k-space row by row based on sequential phase encodings with subse-
quent frequency encoding steps. Common alternatives to spin-warp-
based acquisition techniques can be divided into Cartesian imaging
strategies, such as Echo-planar Imaging (EPI), and non-Cartesian tech-
niques, such as but not limited to spiral or radial trajectories [73].

Independent of the actual sampling trajectory, the aim of speeding
up the inherently slow MRI process has triggered the development of
two major classes of acceleration strategies: PI and CS. PI relies on the
simultaneous acquisition of multi-coil data and therefore requires less
k-space data to be acquired, ultimately shortening MRI scan times
without causing artifacts in the reconstructed images [74]. To achieve
acceleration beyond the Nyquist limit, CS and other sparse sampling
methods rely on incoherent undersampling in the spatial and / or the
parametric domain with a subsequent transformation of the original
signal into a sparse representation for image reconstruction [40, 75].

3.4 advanced image reconstruction algorithms

Non-Cartesian trajectories offer several advantages over Cartesian
sampling schemes, including faster readout times, higher robustness
to subject motion, better Signal to Noise Ratio (SNR). Image recon-
struction of the non-uniformly sampled k-space, however, constitutes
the main drawback of non-Cartesian sampling schemes as it is more
complex and therefore computationally more expensive. Also, as non-
Cartesian gradient waveforms do not have unique frequency- and
phase-encoding directions, artifacts appear as rather diffuse image
blurring instead of coherent ghosting or geometric distortions as in
case of Cartesian sampling and are therefore more difficult to cor-
rect for. The uniformly sampled k-space from spin-warp techniques
can be efficiently reconstructed by means of a Fast Fourier Transform
(FFT). In contrast, non-Cartesian raw data is commonly reconstructed
by resampling the acquired k-space to a Cartesian grid, which is com-
monly referred to as (re-) gridding. In general, this involves a den-
sity compensation of the k-space data, convolution with a (re-) grid-
ding kernel and inverse FFT. All reconstructions of 2D or 3D spiral
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trajectories performed in the works relevant to this thesis, employ
Non-uniform Fast Fourier Transform (NUFFT) operations, i.e. fast,
generalized implementations of the above k-space processing steps
that can be applied to any non-Cartesian sampling scheme [76]. To
take advantage of the benefits of non-Cartesian over Cartesian acqui-
sitions, which are still predominant in clinical routine imaging, there
has been significant advance in addressing its inherent practical con-
cerns on both hardware and software side. This includes the devel-
opment of efficient NUFFT implementations [77] or the transfer of
Cartesian PI algorithms, such as Generalized Autocalibrating Partial
Parallel Acquisition (GRAPPA) or Sensitivity Encoding (SENSE) [78],
to non-Cartesian sampling [73].

Independent of the underlying sampling scheme, i.e. Cartesian or
non-Cartesian, undersampled k-space acquisitions are an effective
measure to reduce scan time. This however comes at the cost of
aliasing artifacts in the reconstructed images. Therefore, significant
research effort has been put into developing advanced reconstruction
techniques to resolve these corruptions and to reconstruct aliasing-
free image data from highly undersampled k-space measurements. In
this context, sparsity-driven methods, including CS reconstructions,
gained a lot of popularity. Sparse reconstruction methods generally
rely on the assumption that there is redundancy in the MRI data.
This can be exploited to undersample the k-space in an incoherent
way to generate noise-like aliasing artifacts as touched upon in Sec-
tion 3.3. To eventually reconstruct high quality MRI data from k-space
data sampled below the Nyquist limit, these algorithms take advan-
tage of the existence of a sparse representation. Although sparse re-
construction methods are generally based on this basic assumption,
there is large variety of how this is reflected in the actual reconstruc-
tion process. In case of CS reconstruction, the core assumption is that
although the MRI data is not per se an intrinsically sparse domain, it
can be transferred into a sparse representation by means of a sparsi-
fying transform Ψ. Here total variation or wavelet transforms are two
popular representatives for k-space. In the spirit of a model-constraint
optimization, the a priori ill-posed image reconstruction problem can
be formulated as a minimization problem [75]

arg min
X
‖EX − Y‖22 + λ‖ΨX‖1, (53)

where the first data fidelity term enforces consistency between the re-
constructed image and the acquired k-space via the formal encoding
operator E. The second regularization term ensures a sparse represen-
tation, e.g. via L1 regularization in terms of CS.

CS and other sparsity-driven reconstruction algorithms have proven
to be powerful methods for reconstructing high fidelity MRI images
from massively undersampled k-space data [79]. In the context of
this thesis, a CS reconstruction with efficient spatiotemporal regular-



3.5 efficient parameter estimation 25

isations [8] is employed to suppress the aliasing artifacts due to the
highly undersampled k-space acquisition [2] (Section 5.1).

Although achieving convincing image reconstruction quality in a
multitude of MRI reconstruction scenarios, the iterative optimization
makes them an inherently slow reconstruction. Here, recent achieve-
ments in the context of DL-based image reconstruction have demon-
strated great potential in achieving similar performances as conven-
tional methods or even outperforming the current state of the art in
terms of image qualities, reconstruction speed or computational effi-
ciency [80, 81]. In general, most of the recently proposed DL-based
reconstruction approaches for accelerated MRI acquisitions rely on
one of the following strategies [82]: image quality enhancement / de-
noising in the image [83, 84] or k-space domain [82], cascaded NN
architectures with data consistency measures between k-space and
image domain via (inverse) Fourier Transform [85, 86] and end-to-end
k-space to image-space learning [87]. While most of these recent DL
techniques were initially developed for image quality enhancement,
they are now more and more transferred from the pure image recon-
struction task to related fields of application along the MRI pipeline.
For example, in Section 5.3, a CNN, which falls into the first category
of DL-strategies, is employed to resolve motion-induced artifacts in
the context of fast multiparametric mapping via QTI [3].

3.5 efficient parameter estimation

Independent of the parameter encoding and acquisition strategies,
the overarching goal of all single- and multiparametric MRI tech-
niques is the voxelwise quantification of the respective parameter(s)
of interest. This is commonly achieved by formulating the parameter
estimation as a voxelwise optimization problem

θ̂(r) = arg min
ρ,θ
‖x(r, t) − ρ(r)ft(η(t),θ(r))‖22. (54)

However, for complex signal models ft (η(t),θ(r)) that may not have
an analytical solution like in case of the recursive formulation via
EPGs, conventional optimization techniques become computationally
expensive. Also, in case of non-convex objective functions Non-Linear
Least Square algorithms might converge to a local minimum, causing
parameter estimation errors as a consequence.

To circumvent these drawbacks, MRF-based multiparameter esti-
mation relies on a brute force dictionary matching technique. Follow-
ing an orthogonal matching pursuit [88], the measured signal x(r, t)
is matched to a dictionary of pre-computed signal responses x̃i(t)
obtained from Bloch simulations

î(r) = arg max
i

〈x(r, t), x̃i(t)〉
‖x(r, t)‖2‖x̃i(t)‖2

(55)
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in a voxelwise manner. The dictionary entry î with the highest corre-
lation in terms of the complex inner product is retained and the asso-
ciated set of parameters θi yields the parameter estimates θ̂(r) = θî
for the voxel r. A relative density estimate ρ̂(r) is determined as the
scaling factor between x(r, t) and x̃î(t).

Although this grid search approach has proven to allow for robust
parameter mapping, it is an intrinsically slow method. Also, dictio-
nary matching does not yield continues estimates but is restricted
to the preset parameter grid. The goodness of the parameter esti-
mates is therefore dependent on the discretization of the dictionary.
To achieve sufficiently high precision of the the parameter estimates,
dictionaries are typically computed with fine granularity over the en-
tire range of feasible values. As dictionary size increases exponen-
tially with the number of parameters, the resulting memory and com-
putational requirements, however, make a broad application of the
dictionary matching impracticable. Recent methodological advances
address these inherent drawbacks of pattern matching, e.g. by propos-
ing compressing techniques for dimensionality reduction along the
temporal dimension [89, 90], and thereby increasing computational
efficiency of the matching procedure.

More recently, DL-based approaches have emerged as an efficient
alternative to expensive dictionary matching by learning the non-
linear mapping between the measured signal evolutions and the tar-
geted multiparametric output [91]. The underlying multivariate re-
gression task has either been approached as a voxelwise inference
by means of a fully-connected NN model [92–95], or by spatially-
constrained implementations [96, 97]. Independent of the potential
strengths and weaknesses of the specific model implementations, DL-
based parameter mapping has been demonstrated to offer fast pa-
rameter inference with high accuracy without being bound by finite
grid sizes [91]. In the course of this thesis, NN-based inference of
T1 and T2 relaxation times was extended to also estimate PD, e.g.
when integrated in to 3D QTI scheme [7]. In particular, Section 5.1
and Section A.2 demonstrate that the proposed NN is an efficient
and clinically feasible alternative to expensive dictionary matching
[2, 5]. Section 5.2 and Section A.1 show that DL-based parameter in-
ference constitutes a promising tool for expanding multiparametric
MRI to higher dimensional parameter spaces, where conventional ap-
proaches become infeasible because the underlying biophysical signal
model is too complex or inaccurate [1, 4].
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To contribute to the integration of quantitative MRI into clinical rou-
tine, this thesis proposes methodological advances towards fast and
robust multiparametric mapping. Building on the concept of physics-
informed DL [98], it addresses aspects along the entire imaging pipe-
line, i.e. covering the aspects of image reconstruction and parameter
inference when combined with highly accelerated transient-state ac-
quisitions. Complementing the ongoing research efforts to unlock the
great potential of quantitative MRI for comprehensive disease detec-
tion and characterization for clinical practice, this thesis presets the
following three contributions:

efficient quantification of t1 , t2 and pd On the way to
fast multiparametric MRI, highly accelerated acquisition schemes, in-
cluding transient-state imaging techniques such as MRF [62, 63], have
recently been proposed to address the clinical time constraints. To
achieve clinically feasible image qualities despite the massive spatial
undersampling that usually makes such short scan times possible, ad-
vanced reconstruction algorithms are employed. Also, in contrast to
the initially proposed dictionary matching for MRF-based parameter
mapping, recent works aimed at learning the non-linear relationship
between the complex MRI signal and the encoded parameters of in-
terest [92–94]. Voxelwise parameter inference via NNs, which can be
trained on purely simulated signal dynamics, has thus emerged as
an efficient mean to circumvent the memory and runtime expensive
grid search method. Still, the aforementioned approaches only com-
prise regression of T1 and T2 without providing a relative PD estimate
so far and therefore cannot completely replace dictionary matching.

Building on these previous works, a fully-connected NN was devel-
oped in the course of this thesis that also infers a relative PD estimate
together with T1 and T2. Only by incorporating the quantification of
the relative PD within the NN framework, it can be considered a
full replacement of the dictionary matching pursuit. As an alterna-
tive to synthetic MRI methods, the joint inference of T1, T2 and PD
now enables the subsequent synthesis of clinically relevant image con-
trasts [99–101] with the potential to eliminate the need for additional
contrast-weighted scans.

With a mainly technical focus, the NN-based T1, T2 and relative
PD quantification was initially presented in Gómez et al. [7] as an
integral feature of the 3D QTI acquisition and reconstruction scheme.
With a particular emphasis on its clinical practicability, Section 5.1

27
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presents an initial assessment of its feasibility for the clinical setting
of routine glioma imaging and its potential for providing quantitative
MRI biomarkers.

joint relaxation times and diffusion tensor quantifi-
cation Despite the significant technical advances, most of the novel
multiparametric mapping techniques are still incapable of estimating
more than two parameters at once [102]. In the context of dictionary-
based parameter estimation with MRF, a potential expansion beyond
the quantification of T1, T2 and PD generally comes along with high
computational and memory burdens due to the exponential scaling
of the dictionary size with the dimensionality of the parameter space.
Due to its transient nature, sensitizing the signal encoding and acqui-
sition scheme to physiological effects, such as diffusion, will also in-
crease susceptibility to motion-induced artifacts. These reasons pose
significant challenges for joint relaxation and diffusion quantification,
limiting previous work to the estimation of the ADC only [103–107].

To overcome these difficulties, the underlying sequence design and
the subsequent parameter inference were approached as a joint prob-
lem in Section 5.2 [1]: A MRF-type sequence was extended beyond
the encoding of T1 and T2 to also accumulate sensitization to orien-
tational diffusion information along the excitation train. Combining
this acquisition scheme with a CNN-based multivariate regression,
enables a high degree of acceleration by deliberately going against
established imaging paradigms of diffusion MRI at the expense of
image quality. While established (model-based) parameter mapping
methods break down in such high-parametric and artifact-prone do-
mains, the proposed CNN proved capable of recovering the implicit
physical relationships between the spatiotemporal MRF data and the
scalar and tensorial parameters. Finally, to demonstrate its feasibility
and generalizability, parameter mapping results were reported for a
cohort of healthy volunteers and multiple sclerosis patients who are
expected to have significant alterations of the tissue microstructure in
white matter lesions.

As such, this work constitutes a proof of concept of how DL meth-
ods can bridge the gap towards higher parametric domains that were
previously out of scope with conventional parameter inference ap-
proaches. Providing multiparametric information that are naturally
obtained in the same image space, facilitates data analysis immensely
and is an important step towards lowering the practical barriers for
comprehensive clinical diagnostics.

retrospective 3d motion correction for fast multipara-
metric mri The recent research efforts towards faster acquisition
schemes also constitute crucial advances to reduce the susceptibility
to motion artifacts compared to the lengthy scan protocols of state-



contribution of this thesis 29

of-the-art quantitative MRI exams. Nevertheless, (in-) voluntary body
movements are still an omnipresent challenge in current radiologi-
cal practice because motion artifacts make MRI images unusable and
scans have to be repeated frequently [108]. This problem is amplified
in quantitative MRI techniques in general and transient-state methods
in particular. Here not only a single image but the entire temporal sig-
nal evolution is affected and eventually causes parameter misquantifi-
cation. To address this problem, previous works have demonstrated
motion correction approaches for MRF-type parameter mapping tech-
niques. However, they focused almost exclusively on 2D acquisition
schemes [109–111].

Going beyond the specific scenario of 2D scanning, Section 5.3 ad-
dresses the problem of subject motion for 3D fast multiparametric
MRI [3]. Using 3D QTI as an example, a navigator-based realignment
[112] is combined with a 3D multiscale CNN for retrospective mo-
tion correction. The CNN was trained to learn the error between the
high-quality motion-free reference and the motion-affected parameter
maps with remaining artifacts that could not be resolved by an initial
registration-based correction due to the limited temporal resolution
of the navigators. Taking advantage of the sparsity in the residual
maps, the proposed two-stage correction substantially enhanced the
quality of T1, T2 and PD maps in case of healthy volunteers as well as
pediatric and adult patients with pathological findings.

Enabling fast multiparametric mapping with high immunity to sub-
ject motion is an important step to facilitate clinical routine scanning
with quantitative MRI.

The use of DL methods to tailor efficient (multi-) parameter en-
coding and advanced reconstruction algorithms has great potential
to advance the establishment of quantitative MRI for broad clinical
application. With the above research at the interface of Magnetic Res-
onance (MR) physics and computer science, this doctoral thesis aims
to contribute to the paradigm chance on the way to the ultimate goal
of precision medicine and, as a first step, to make quantitative imag-
ing biomarkers more suitable and hence more attractive for clinical
practice.
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P E E R - R E V I E W E D J O U R N A L A N D C O N F E R E N C E
PA P E R S

This chapter comprises three publications that propose DL-based im-
provements on the way to fast and robust multiparametric MRI. Build-
ing on the work of Gómez et al. [7], Accelerated 3D whole-brain T1, T2
and proton density mapping: feasibility for clinical glioma MR imag-
ing reports clinical experience of fast, whole-brain multiparameter
quantification with QTI for routine glioma imaging. In Deep learning-
based parameter mapping for joint relaxation and diffusion tensor
MR Fingerprinting, a novel acquisition and CNN-based parameter
inference for jointly mapping T1, T2 and the full diffusion tensor are
presented and validated. Based on these initial results in terms of clin-
ical feasibility, a DL-based motion correction is proposed to increase
robustness of the QTI framework in Residual learning for 3D motion
corrected quantitative MRI: Robust clinical T1, T2 and proton density
mapping.
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5.1 accelerated 3d whole-brain t1 , t2 and proton den-
sity mapping : feasibility for clinical glioma mr imag-
ing

Peer-reviewed journal paper

Authors: CM. Pirkl, L. Nunez-Gonzalez, F. Kofler, S. Endt, L. Grundl,
M. Golbabaee, PA. Gómez, M. Cencini, G. Buonincontri, RF. Schulte,
M. Smits, B. Wiestler, BH. Menze†, MI. Menzel†, JA. Hernandez-Tama-
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In: Neuroradiology (Apr. 2021). [2]

Abstract: "Purpose Advanced MRI-based biomarkers offer comprehen-
sive and quantitative information for the evaluation and characteriza-
tion of brain tumors. In this study, we report initial clinical experience
in routine glioma imaging with a novel, fully 3D multiparametric
quantitative transient-state imaging (QTI) method for tissue charac-
terization based on T1 and T2 values.

Methods To demonstrate the viability of the proposed 3D QTI tech-
nique, nine glioma patients (grade II–IV), with a variety of disease
states and treatment histories, were included in this study. First, we
investigated the feasibility of 3D QTI (6 : 25 min scan time) for its use
in clinical routine imaging, focusing on image reconstruction, param-
eter estimation, and contrast-weighted image synthesis. Second, for
an initial assessment of 3D QTI-based quantitative MR biomarkers,
we performed a ROI-based analysis to characterize T1 and T2 compo-
nents in tumor and peritumoral tissue.

Results The 3D acquisition combined with a compressed sensing
reconstruction and neural network-based parameter inference pro-
duced parametric maps with high isotropic resolution (1.125×1.125×
1.125 mm3 voxel size) and whole-brain coverage (22.5× 22.5× 22.5
cm3 FOV), enabling the synthesis of clinically relevant T1-weighted,
T2-weighted, and Fluid-Attenuated Inversion Recovery (FLAIR) con-
trasts without any extra scan time. Our study revealed increased T1
and T2 values in tumor and peritumoral regions compared to con-
tralateral white matter, good agreement with healthy volunteer data,
and high inter-subject consistency.

Conclusion 3D QTI demonstrated comprehensive tissue assessment
of tumor substructures captured in T1 and T2 parameters. Aiming for
fast acquisition of quantitative MR biomarkers, 3D QTI has potential
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to improve disease characterization in brain tumor patients under
tight clinical time-constraints."
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Abstract
Purpose Advanced MRI-based biomarkers offer comprehensive and quantitative information for the evaluation and character-
ization of brain tumors. In this study, we report initial clinical experience in routine glioma imaging with a novel, fully 3D
multiparametric quantitative transient-state imaging (QTI) method for tissue characterization based on T1 and T2 values.
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Results The 3D acquisition combined with a compressed sensing reconstruction and neural network-based parameter inference
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× 22.5 × 22.5 cm3 FOV), enabling the synthesis of clinically relevant T1-weighted, T2-weighted, and FLAIR contrasts without
any extra scan time. Our study revealed increased T1 and T2 values in tumor and peritumoral regions compared to contralateral
white matter, good agreement with healthy volunteer data, and high inter-subject consistency.
Conclusion 3D QTI demonstrated comprehensive tissue assessment of tumor substructures captured in T1 and T2 parameters.
Aiming for fast acquisition of quantitative MR biomarkers, 3D QTI has potential to improve disease characterization in brain
tumor patients under tight clinical time-constraints.
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Introduction

Gliomas are the most frequent primary brain tumors in
adults. This diverse group of brain tumors comprises glio-
blastomas, astrocytomas, oligodendrogliomas, and
ependymomas [1]. Although there have been great ad-
vances in glioma research, and treatment continues to
evolve with new methods and strategies, gliomas remain
a disease with poor prognosis [2]. State-of-the-art glioma
treatment includes a multi-disciplinary approach, combin-
ing surgical resection, chemotherapy, and radiation thera-
py [3]. Treatment strategy and prognosis for each individ-
ual case depend on tumor grade, which is defined upon
histopathologic appearance and molecular features ac-
cording to the 2016 WHO criteria [4]. High-grade gliomas
(grade IV), so called glioblastomas, are aggressive, fast-
growing tumor types that require immediate treatment.
For lower-grade gliomas (grades II, III), including various
types of astrocytic, oligodendroglial, and ependymal tu-
mors, extensive treatment is often delayed as long as pos-
sible [5].

For all types of gliomas, comprehensive multimodal
neuroimaging is fundamental for disease characterization
[6, 7]. It also guides the individualized therapy planning
and is required to monitor treatment response and progres-
sion of the disease. Here, MRI has become the key diag-
nostic measure for the evaluation and characterization of
brain tumors: while the multitude of image contrasts of
conventional structural MRI allows for better detection of
tumor-infiltrated areas, advanced image-based physiologic
and molecular biomarkers have been demonstrated to offer
comprehensive and quantitative information about the bi-
ological characteristics of tumor types and tumor substruc-
tures [8]. For the ultimate goal of an as-precise-as-possible
therapy [9], quantitative MRI can therefore provide versa-
tile tissue characterization [10]. This in turn is essential to
better comprehend the complex proliferative and invasive
behavior, to identify and describe structures of interest,

such as enhancing tumor structures, or critical thresholds
in a reliable and reproducible way to better predict therapy
response and treatment outcomes.

Usually, long acquisition times of such conventional
quantitative MR techniques, however, hinder their adop-
tion into clinical practice. Routine imaging protocols
therefore rely on mainly qualitative information so far.
Also, visual inspection and qualitative interpretation are
dominating clinical MRI-based diagnosis because the
analysis of complex multi-parametric, multimodal, and
even multi-temporal image data sets remains a major chal-
lenge. These issues, together with the lack of MRI proto-
col standardization [11], hamper a reliable identification
of tumor substructures, render an exact quantification of
infiltration patterns impossible, and complicate monitor-
ing of treatment response in follow-up examinations.

Tomeet the clinical need for fast acquisition of quantitative
MR biomarkers, advanced multiparametric MRI schemes
have been proposed, offering reproducible and accurate diag-
nostic information, which is less affected by system and inter-
pretation biases [12–16]. They all share the common goal of
revealing clinically relevant tissue characteristics, which are
not appropriately captured in standard qualitative MRI, with
clinically practicable scan times.

Aiming for joint T1 andT2mapping, different acquisition
and data processing strategies based on (undersampled) k-
space data are used to achieve optimal multiparametric esti-
mation [12–15, 17]. In thiswork,we present the feasibility of
a novel, fully 3Dmultiparametric quantitative transient-state
imaging (QTI) technique [18] for simultaneous mapping of
T1 and T2 relaxation times and relative proton density (PD)
for use in clinical routine glioma imaging. With 3D QTI, we
demonstrate a 3D acquisition with high isotropic resolution
that allows us to go beyond the resolution of other recently
presented quantitative MRI methods based on 2D (multi-)-
slice acquisitions. We pursue a conceptionally different ap-
proach compared to steady-state magnetization techniques
and acquire the signal evolution in the transient state. In

Table 1 Patient demographics, diagnoses, and treatment histories

Patient ID Age Gender Diagnosis Treatment

1 69 y f Giant cell glioblastoma, IDH wild type Resection, radiation therapy, chemotherapy

2 63 y m Anaplastic astrocytoma (WHO grade III) Chemotherapy

3 49 y m Glioblastoma, IDH wild type Chemotherapy

4 69 y m Glioblastoma Resection, chemotherapy

5 63 y m Transitional cell oligodendroglioma (WHO grade II) Resection, radiation therapy

6 52 y f Glioblastoma Resection, radiation therapy, chemotherapy

7 50 y m Oligodendroglioma (WHO grade II) Resection, radiation therapy, chemotherapy

8 58 y f Anaplastic oligodendroglioma, IDH mutant and 1p/19q co-deleted Resection, chemotherapy

9 25 y f Low-grade astrocytoma Resection, chemotherapy

Neuroradiology
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contrast to Cartesian readout schemes, the combination of
efficient spiral k-space (under-)sampling with transient-
state imaging in 3D QTI constitutes an attractive candidate
for fast multiparametric MRI under tight clinical time
constraints.

As a form of clinical stress test for 3D QTI, we chose a
variety of glioma patients (grades II–IV) with heterogenous
disease states and treatment histories to demonstrate the via-
bility of this technique. In this study, we focus on two main
aspects:

I. Initial clinical experience with 3D QTI: We demonstrate
the feasibility of this fast, multiparametric sequence with
whole-brain coverage and high isotropic resolution for
being used in routine brain tumor imaging protocols. We
examine the applicability of 3D QTI with its clinically
relevant scan time of 6:25 min, focusing on its image
reconstruction and parameter estimation approaches.
Based on the quantitative parameter maps, we synthesize
qualitative image contrasts and explore their clinical rele-
vance. We also assess the behavior of the 3D QTI scheme
in the presence of patient movement, i.e., rigid head mo-
tion and non-rigid physiological motion.

II. Application to quantitative characterization of tumor sub-
structures: We identify tumor tissue heterogeneity that is
captured by T1 and T2 values to offer comprehensive
tissue assessment of tumor substructures and quantifiable
differentiation of healthy tissue. We therefore character-
ize T1 and T2 components in a variety of glioma patients
with different disease stages and treatment histories. We
aim to gain insights into potential benefits of 3D QTI in
cases where pseudo-regression, pseudo-therapy response,
or radiation-induced necrosis complicate follow-up as-
sessments [19].

Materials and methods

Subjects

Within the course of this study, we collectedMR data and respec-
tive demographic and clinical data from nine glioma patients who
had been scheduled for follow-up clinical imaging (Table 1). The
study included a variety of patients who were initially diagnosed
with glioblastoma (anaplastic and low-grade), astrocytoma (transi-
tional cell and anaplastic), or oligodendroglioma. Prior treatment
strategies cover surgical resection, chemotherapy, radiation thera-
py, or a combination thereof.

MR imaging

Clinical contrast-weighted MRI

All MRI data were acquired on a 3T MR750 system (GE
Healthcare, Milwaukee, WI) using a 16-channel head, neck,
and spine array coil. The multimodal MRI protocol included a
pre-contrast T1-weighted fast spoiled gradient echo (FSPGR)
sequence (T1w), a T2-weighted PROPELLER sequence
(T2w), and a fluid-attenuated inversion recovery (FLAIR) se-
quence which were followed by a gadolinium (Gd)-enhanced
T1-weighted FSPGR sequence (T1c). All imaging parameters
are shown in Table 2.

3D QTI acquisition and reconstruction

In addition to the clinical sequences, and before contrast agent
administration, the patients were scanned with the proposed
3D QTI acquisition with an inversion time TI = 18 ms, repe-
tition time TR = 7.8 ms, and echo time TE = 1.8 ms. Flip
angles (0.8° ≤ ɑ ≤ 70°) follow a ramp-up/ramp-down pattern,

Table 2 MR sequence parameters

3D QTI T1-weighted FSPGR
(T1w)

Gd-enhanced T1-weighted
FSPGR (T1c)

T2-weighted
PROPELLER (T2w)

CUBE FLAIR
(FLAIR)

Acquisition 3D 3D 3D 2D 3D

Native resolution
(mm3)

1.125 × 1.125 ×
1.125

0.47 × 0.47 × 0.8 0.47 × 0.47 × 0.8 0.5 × 0.5 × 3.3 0.8 × 0.47 × 0.47

Matrix size 200 × 200 × 200 512 × 512 × 212 512 × 512 × 212 512 × 512 × 46 192 × 512 × 512

Field of view (mm3) 225 × 225 × 225 240 × 240 × 170 240 × 240 × 170 260 × 260 × 152 154 × 240 × 240

Slices - - - 46 -

Native slice thickness
(mm)

- - - 3.0 -

TE (ms) 1.8 2.1 2.1 120.7 92

TR (ms) 7.8 4.6 7.1 5751 5002

TI (ms) 18 - - - 1701

ɑ (°) 0.8 ≤ ɑ ≤ 70 12 12 160 90

Acquisition time
(min)

6:25 1:54 4:43 5:15 4:48
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comprising 880 repetitions. Highly undersampled k-space da-
ta (undersampling factor of 628 for each of the 880 3D k-
space volumes) is acquired in the transient state [16, 20] using
a spiral readout (22.5 × 22.5 × 22.5 cm3 FOV, 1.125 × 1.125 ×
1.125 mm3 isotropic voxel size) with in-plane and spherical
rotations to achieve full 3D coverage. The total scan time of
the 3D QTI acquisition was 6:25 min.

3D QTI data was reconstructed using a compressed sens-
ing (CS) approach with joint spatial and temporal

regularizations, referred to as low-rank and total-variation
(LRTV) method [21]. To demonstrate the anti-aliasing that
is achieved by this iterative k-space processing, we com-
pared this reconstruction to naïve zero-filling and k-space
weighted view-sharing [22]. Figure 1 a schematically shows
the 3D QTI reconstruction pipeline with these three k-space
processing alternatives in step ➁. In all cases, we applied
dimensionality reduction via SVD subspace projection (step
➂) to compress the full temporal signal evolution to its first

a

b

Fig. 1 3D QTI data processing. a Reconstruction and processing. After
acquisition (➀), raw k-space data is processed via naïve zero-filling (dot-
ted line), k-space weighted view-sharing (dashed line), or a compressed
sensing LRTV technique (solid line). All methods in ➁ are followed by
dimensionality reduction via SVD subspace projection in the time domain
(➂), gridding onto a Cartesian grid followed by a 3D IFFT (➃), and coil
sensitivity estimation and combination (➄). The reconstructed image se-
ries are then fed into a neural network or are matched to a precomputed
dictionary to output parametric maps of T1, T2 and PD (➅). We then

synthesize clinical image contrasts using the parametric maps (➆). b
Neural network architecture for parameter inference. The model receives
the complex, voxel-wise signal in SVD subspace x and infers the under-
lying tissue parameter vector θ with T1, T2, and a PD-related scaling
factor. The input signal x is phase-aligned (green lines) to transfer the
complex into real-valued signal, followed by a normalization layer (pur-
ple lines). The model then divides into separate pathways, each with three
ReLU-activated hidden layers and 200, 100, and one node, to eventually
yield the concatenated parametric output vector θ
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ten singular images. SVD projection was followed by
gridding onto a Cartesian grid using gpuNUFFT [23] and
3D inverse fast Fourier transform (IFFT, step ➃). In step
➄, coil sensitivity maps were computed using adaptive coil
combination [24].

For parameter mapping in step ➅, the reconstructed, com-
plex SVD images were fed into a compact multi-path neural
network for voxel-wise T1, T2, and PD inference, which has
shown to be a time and memory-efficient alternative to con-
ventional dictionary matching [25, 26]. Note that neural net-
work inference and dictionary matching can be applied inde-
pendent of the previously performed k-space processing.

The proposed neural network architecture, as depicted in Fig.
1b, receives the first ten singular components of the SVD com-
pressed QTI signal x as input and outputs the underlying tissue
parameters T1, T2, and a PD-related scaling factor, comprised in

the output vector θ, with the final PD estimate PD ¼ xk k2
θ3
: The

latent-space input signal is phase-aligned [18], transferring the
complex into a real-valued signal, and normalized in the subse-
quent layer. The model then splits into separate pathways, each
consisting of three hidden layers with rectified linear unit (ReLU)
activations and 200, 100, and one node, to eventually form the
concatenated parametric output θ.

To train the neural network, we generated a dataset of syn-
thetic QTI signals for 10 ms ≤ T1 ≤ 5000 ms and 10 ms ≤ T2 ≤
2000 ms using the extended phase graphs formalism [27]. T1
values were sampled in steps of 10ms for 10ms ≤T1 ≤ 2000ms

and in steps of 100 ms for 2100 ms ≤ T1 ≤ 5000 ms. T2 values
were increased in steps of 5 ms for 10 ms ≤ T2 ≤ 300 ms and in
steps of 10 ms for 310 ms ≤ T2 ≤ 2000 ms. The dataset was also
used to obtain a dictionary matching reference. For model train-
ing, we used 80% of the samples in the simulated dataset and
added white complex Gaussian noise to the generated signal
time-series. The network was trained for a maximum of 1000
epochs with mean absolute percentage error loss and stochastic
gradient descent optimization with a learning rate of 1e-4 and a
dropout rate of 0.8. We kept the model state that achieved the
best validation loss for the remaining 20% of the signals.

With the obtained T1, T2, and PD estimates, we generated
synthetic T1-weighted, T2-weighted, and T2-weighted
FLAIR image contrasts by applying the respective voxel-
wise signal equations to the estimated parameter maps, as
motivated by [18, 28]. To assess the quality of the synthetic
images, we evaluated them against the corresponding acqui-
sitions in the clinical protocol.

Annotation and quantitative analysis of tumor
substructures

For quantitative analysis of tumor substructures in terms of T1
and T2 parameter values, as schematically shown in Fig. 2,
intra-tumoral structures—peritumoral edema, necrotic/non-
enhancing tumor core, and enhancing tumor core—were an-
notated by a trained radiologist using ITK SNAP [29] in each

Fig. 2 Application to quantitative characterization of tumor
substructures. For quantitative analysis of tumor substructures, intra-
tumoral structures, i.e., peritumoral edema, necrotic/non-enhancing tu-
mor core, and enhancing tumor, were annotated by a trained expert based
on the clinical contrast-weighted MR data. Voxel-wise T1-T2

distributions were then derived for the individual ROIs. Using a
Gaussian mixture model, we explored whether we can identify the two
voxel classes that are apparent in the T1-T2 space in necrotic/non-
enhancing tumor areas, which were then mapped back to the image space
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patient dataset based on the clinical contrast-weighted MRI
data. The T1-weighted, T2-weighted, FLAIR, and Gd-
enhanced T1-weighted images were therefore transformed in-
to the 3D QTI image space using ANTs [30].

In addition to the tumor annotations, we obtained white
matter (WM) and gray matter (GM) tissue segmentations
using the FSL FAST algorithm [31], which we applied to
the synthesized T1-weighted image data. For the glioma pa-
tients, we only considered contralateral WM and GM. If the
tumor or its peritumoral tissue affected both hemispheres,
normal-appearing WM and GM regions were delineated in
the hemisphere with less tumor-affected volume.

Voxel-wise T1-T2 distributions were then identified for indi-
vidual ROIs. We also compared ROI-based mean T1 and T2
among individual patients. For an initial attempt to explore
whether the obtained T1 and T2 information allows us to go
beyond the manual segmentation, we fitted a Gaussian mixture
model to the T1-T2 space of all necrotic/non-enhancing voxels in
the cohort to understand whether we can identify the two appar-
ent tissue types, which we attribute to solid tumor (necrotic/non-
enhancing tumor core I) and fluidic tissue voxels (necrotic/non-
enhancing tumor core II) therein. The fitted model was then

applied to the individual patient datasets to disentangle the voxels
in the necrotic/non-enhancing ROI into two classes. The thereby
obtained subclassification of necrotic/non-enhancing voxels was
then mapped back to the anatomical context to complement the
clinical baseline labeling based on qualitative visual MRI
contrasts

Results

We first present and evaluate the 3D QTI method with its
modular data processing pipeline. Accuracy and precision of
acquisition and reconstruction elements of 3D QTI were eval-
uated in [18, 21, 32]. Focus of the work presented here is to
assess the applicability of 3D QTI for clinical routine imaging
in terms of reconstruction performance and image quality of
the multiparametric maps. We then use the multiparametric
output of 3D QTI to identify tumor tissue heterogeneity and
to understand whether this allows a quantifiable differentia-
tion of tumor substructures and healthy tissue in cancer
patients.
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Fig. 3 Contrast-weighted image
synthesis for a representative
patient case. From the T1, T2, and
PD maps, we produce clinically
relevant, fully 3D qualitative
image information with high
isotropic resolution and without
additional scan time. As seen
from the axial views and the
histogram-based comparison
considering the whole image vol-
umes, synthetic T1-weighted, T2-
weighted, and FLAIR MRI con-
trasts correspond to the clinical
reference acquisitions.
Corresponding sagittal and coro-
nal views are shown in Fig. 11
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Initial clinical experience with 3D QTI

Figure 9 illustrates the isotropic 3D maps of T1, T2, and PD
that we obtained from the three reconstruction modules with
subsequent dictionary matching for a representative patient
case and a healthy volunteer. All subsequent results in this
study rely on LRTV-based image reconstruction. Figure 10
shows parameter quantification results obtained via neural
network-based inference and conventional dictionary
matching for a representative patient dataset and a healthy
volunteer. From the estimated T1, T2, and PD maps, we syn-
thesized common MRI contrasts using the respective MR sig-
nal equations. In Fig. 3 and Fig. 11, we compare the synthetic
images for T1-weighted, T2-weighted, and FLAIR image
contrasts to the images that were acquired as part of the clin-
ical protocols. As part of the sensitivity analysis towards rigid

head movements and physiological motion, Fig. 4 and Fig. 12
show an exemplary case of pronounced patient movement,
where motion-related artifacts degrade the image quality in
the parametric maps and therefore affect the synthesized
MRI contrasts. From Fig. 5 and Fig. 12, we observe how
physiological motion, such as blood flow and CSF pulsation
effects, impact parameter quantification and subsequent
contrast-weighted image synthesis.

Application to quantitative characterization of tumor
substructures

Figure 6 gives an overview of the tumor ROI annotations
together with the clinical contrast-weighted MRIs and the ob-
tained T1 and T2 maps for all patients. In all cases, tumor core
(red annotation) and peritumoral edema regions (green

a

b

Fig. 4 Sensitivity to rigid head
motion. Profuse head motion can
affect image acquisition in the
transient-state, which leads to
image degradation in the
parametric maps (a) and the
synthetic image contrasts (b)
compared to the clinical contrast-
weighted acquisitions. The post-
contrast T1-weighted MRI indi-
cates that state-of-the-art conven-
tional MRI cannot fully recoup
the pronounced head motion in
this case. Corresponding sagittal
and coronal views are shown in
Fig. 12
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annotation) appear hyperintense on the conventional T2-
weighted and FLAIR images and hypointense on T1-
weighted images, relative to normal appearing tissue. T1 and
T2 values obtained in these regions are higher compared to
healthy tissue areas. Post-contrast T1-weighted images of pa-
tients 1 to 4 and 6 additionally identify areas with Gd enhance-
ment (yellow annotation). Patients 3, 4, and 6 are cases with
clearly visible gross tumor volumes. For patients 1 and 8,
contrast-weighted MRIs do not indicate tumor relapse around
the resection cavities. In case of patient 8, there are small
tumor-suspected findings in the corpus callosum and the left
anterior horn of the lateral ventricle without hyperintensities in
the post-contrast T1-weighted MRI. In case of patient 1, the
post-contrast MRI reveals small findings that are positive for
Gd enhancement. For patient 2, there are small, discrete areas
of Gd enhancement, which might indicate diffuse tumor
growth, surrounded by edema. For patient case 5, 7, and 9,
there is no clear sign for tumor reoccurrence after resection. In
these cases, tumor ROIs only comprise areas of peritumoral
edema and gliosis.

Figure 7 illustrates exemplary results for patient case 4 and
6 that we obtained from the Gaussian mixture model, when
trained on all voxels in the patients’ dataset labeled as
necrotic/non-enhancing tumor tissue. The two voxel types,
i.e., necrotic/non-enhancing tumor I (red) and necrotic/non-
enhancing tumor core II (magenta) that are identified in the
T1-T2 parameter space were projected back into the anatom-
ical context to complement the manual ROI segmentation.

Figure 8 and Table 3 quantitatively summarize the ROI-
based analysis of tumor substructures. Quantitative T1 and
T2 mapping results obtained in a healthy volunteer are report-
ed in Table 4.

Discussion

This study aimed to evaluate the feasibility of 3D quantitative
transient-state imaging (QTI) for clinical imaging of glioma
patients. First, we demonstrated a feasibility analysis of QTI-
based, fully 3DmultiparametricMRI for integration into state-
of-the-art clinical routine brain tumor protocols with strict
requirements regarding acquisition times and robustness.
Second, we showed that 3D QTI offers comprehensive char-
acterization of both healthy and diseased tissue in a variety of
brain tumor patients. Despite the heterogeneity of the patient
cohort, this approach captures tissue heterogeneity in tumor
substructures based on quantifiable T1 and T2 parameters.

Initial clinical experience with 3D QTI

Multiparametric mapping

Initial experience with 3D QTI in glioma patients demon-
strated fully quantitative,multiparametricMRmappingwith
high isotropic resolution and an acquisition time of 6:25min
that make it feasible for use under tight clinical time

a

b

Fig. 5 Sensitivity to
physiological motion. Pulsating
blood flow and thereby induced
pulsation of the cerebrospinal
fluid (CSF) can impact the T2 es-
timation (a) and subsequent syn-
thesis of T2-weighted image con-
trasts (b) as observed in large
vessels and in regions with high
CSF pulsation, e.g., along the
brainstem (white arrows)
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constraints. We observed that parameter quantification is
consistent across the different reconstruction approaches
provided by the 3D QTI pipeline, i.e., zero-filling, view-
sharing, and LRTV methods (Fig. 9). This is in correspon-
dencewith previous study results [18, 21]. View-sharing and
LRTV reconstruction can improve spatial consistency in the
reconstructed SVD image series compared to naïve zero-
filling as reflected in an increased image quality of the in-
ferred parameter maps. The iterative LRTV reconstruction
with joint spatio-temporal regularization achieves best sup-
pression of aliasing artifacts. It provides best image quality
and maintains clinically important tissue changes and criti-
cal tissue interfaces within tumor and peritumoral regions.
That is, complementing the fast 3D QTI acquisition with a
compressed sensing reconstruction with joint spatio-
temporal regularization has demonstrated convincing ca-
pacities to suppress aliasing artifacts, producing high-
quality parametric maps. In 3D QTI, acquisition and recon-
struction are well aligned, allowing to successfully mitigate
inherent practical concerns of spiral sampling such as gradi-
ent imperfections or spiral artifacts due to a massively
undersampled k-space. As such, we take advantage of the
high scanning efficiency of spiral trajectories and use it in
clinical routine imaging, as an alternative to the prevalent
Cartesian readout schemes. Based on the initial results pre-
sented here, we are confident that we can further advance 3D
QTI, e.g., to smaller voxel sizes or faster scanning times.

Comparison of neural network-based inference and dic-
tionarymatching (Fig. 10) showed that both approaches pro-
duce T1, T2, and PDmaps that are largely consistent in terms
of quantification accuracy and image quality as previously
shown by Gómez et al. [18]. As such, the neural network
provides high-resolution maps with quantification accuracy
and image quality comparable to dictionary matching. This
is observed for healthy tissue, i.e., of the volunteer scan and
normal-appearing tissue regions in glioma patients, as well
as in tumor regions with alterat ions of the tissue
microstructure.

With the combination of the CS-based LRTV reconstruc-
tion and the neural network-based parameter inference, we
therefore present a memory-efficient, dictionary-free recon-
struction pipeline.

Synthetic MRI

Given the premise of an as-short-as-possible imaging proto-
col, we have shown that contrast-weighted image synthesis
based on the multiparametric 3DQTI output can produce fully
3D, high-quality, and clinically relevant qualitative informa-
tion without prolonging the scan session (Fig. 3). As such, it
offers an attractive feature with the potential to replace con-
ventional contrast-weighted acquisitions, including T1-
weighted, T2-weighted, and FLAIR contrasts, to potentially

reduce the required scan times of routine brain imaging pro-
tocols (Table 2). Note that the synthetic contrast-weighted
MRIs are naturally obtained in the same image space. That
is, expensive processing, i.e., co-registration and resampling
of image volumes, which is generally a key requirement in
multimodal studies in order to homogenize the individual
datasets, becomes redundant. So far, image synthesis based
on T1, T2, and PD estimates is confined to native, i.e., pre-
contrast image contrasts, and can therefore not replace Gd-
enhanced acquisitions yet. In light of the ongoing research
efforts to reduce the use of contrast agents to an absolute
minimum, there have been initial studies suggesting that T1-
relaxometry can potentially provide equivalent insights into
tissue characteristics as qualitative post-contrast information
[33]. However, based on our results, we cannot draw such
conclusions solely based on native T1 and T2 parameters,
i.e., without the inclusion of diffusion information which is
also part of recent research works [34–37].

Motion sensitivity

Subject motion is known to affect the quality of the re-
constructed transient-state image time-series, which then
propagates to the estimation of tissue parameters [38, 39].
3D QTI was found to be tolerant to marginal head move-
ments so that we achieved image qualities of the paramet-
ric maps comparable to qualitative, state-of-the-art proto-
cols. We attribute this to the fast acquisition based on
undersampled spiral readouts, which repeatedly sample
the k-space center and are therefore more robust to motion
already in the first place. This is particularly advantageous
for severely diseased patients with difficulties to lie still
during lengthy scanning sessions. However, initial expe-
rience also revealed that more pronounced patient motion
can degrade the image quality of reconstructed image
time-series and biases estimated parameter maps (Fig.
4). The axial, sagittal, and coronal views showcase that
depending on the actual motion pattern, image quality is
not homogeneously degraded in all spatial directions. For
instance, despite the motion-caused image blurring, image
quality in the sagittal direction of the motion-affected syn-
thetic T2-weighted image is still comparable to the clini-
cal T2-weighted PROPELLER acquisition with a native
slice thickness of 3 mm and thus lower spatial resolution
in this direction. Further, from the image artifacts that are
apparent in the post-contrast T1-weighted MRI, it be-
comes clear that patient motion is also a major challenge
in state-of-the-art conventional MRI. While patient mo-
tion manifests as diffuse image blurring in case of the
spiral 3D QTI readout, we observe typical ghosting arti-
facts for the Cartesian readout scheme of the clinical post-
contrast T1-weighted scan due to the unique frequency-
and phase-encoding directions. Combining the 3D QTI
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framework with a motion correction algorithm was previ-
ously shown to improve its robustness and can correct for
patient motion [38]. Currently, this method can only cor-
rect for movements on a 7-s timescale, which could not
sufficiently resolve the image degradation for the motion-
affected patient case in our study.

In the same fashion as rigid head motion, the pulsating
blood flow and the thereby induced pulsation of the cerebro-
spinal fluid (CSF) impact parameter estimation (Fig. 5). This
is particularly seen in large vessels and in regions with high
CSF pulsation, e.g., along the brainstem. Here, T2 values in
the flowing blood are underestimated, which then reflects in
lower signal intensities in the synthesized T2-weighted MRI
compared to the clinical acquisition.

Given these findings, it is subject to our current and future
work to also resolve motion on a faster scale, such as contin-
uous rigid head motion, and to reduce sensitivity to physio-
logical motion due to blood flow and/or brain pulsation.

Application to quantitative characterization of tumor
substructures

Current state-of-the-art

Combination of advanced quantitative MR techniques to-
gether with contrast-weighted MRI has been shown to
provide clinically relevant tissue information and is a
key feature for precise tumor diagnostics: to date, state-
of-the-art clinical routine MRI protocols, with acquisition
times ranging from 20 to 60 min, generally comprise pre-
and post-contrast T1-weighted, T2-weighted, and FLAIR
sequences, which can be extended by T2*-weighted or
susceptibility-weighted contrasts. Qualitative imaging is
complemented by advanced quantitative MRI [40, 41] to
capture tumor morphology and functionality, namely
diffusion-weighted imaging and perfusion MRI [10].
Also, MR spectroscopy is used to improve brain tumor
diagnostics and grading, although usually not as part of
routine imaging. Diffusion tensor imaging and functional
MRI provide essential information for surgery planning
and guide tumor resection, as they inform the identifica-
tion of tumor boundaries as well as localization of critical
functional areas and neuron tracts.

�Fig. 6 Qualitative comparison of tumor patient cases. Expert ROIs
(green: peritumoral edema, red: necrotic core/non-enhancing tumor, yel-
low: enhancing tumor) are shown together with clinical T1-weighted
FSPGR, T2-weighted, FLAIR, Gd-enhanced T1-weighted FSPGR im-
ages and quantitative T1 and T2 maps

Fig. 7 Qualitative T1-T2-analysis based on manual ROI annotations to-
gether with additional explorative parameter-driven tumor subclassifica-
tion for two representative patient cases. Classification of necrotic/non-
enhancing tissue voxels based on quantitative T1 and T2 values can give
more insights into the heterogenous structure, which we attribute to

fluidic (necrotic/non-enhancing tumor core II, magenta) and solid (necrot-
ic/non-enhancing tumor core I, red) components, within the gross tumor
regions (right). Expected spatial correlations of the two subcomponents
are maintained as the back-projection of the T1-T2-based classification of
necrotic and solid tissue results in connected annotations (left)
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Beyond the mentioned quantitative MRI schemes,
which already made their way into clinical routine, sever-
al studies have shown that MR relaxometry can provide
additional, clinically relevant information about critical
tissue changes in gliomas that are not visible in contrast-
weighted MRIs [42–44]. Among other findings, quantita-
tive T1 and T2 mapping has been demonstrated to aid
earlier detection of tumor progression compared to stan-
dard contrast-weighted MR imaging, due to an increase in
T1 and T2 values in recurring glioblastoma [45, 46]. It
has also been shown that detection of tissue changes in

peritumoral regions can benefit from quantitative T1 and
T2 mapping due to their earlier sensitivity compared to
contrast-weighted MRI [47].

Although above mentioned methods have proven to offer
critical measures for disease characterization and prognosis,
they often require expensive off-line processing, involve case-
specific tuning of sequence settings, or cannot meet the clin-
ical time-constraints that challenge their standard use in clin-
ical brain tumor imaging protocols.

A variety of advanced multiparametric relaxometry tech-
niques [12, 13, 48], including the pioneering work on MR

a

b

Fig. 8 Quantitative ROI-based parameter analysis. Boxplots of the
patient-wise T1 and T2 parameter spaces (a) and a scatter plot of the
respective mean T1 and T2 values (b) indicate increased T1 and T2

values in diseased, tumorous regions compared to healthy, contralateral
WM and GM regions with high inter-subject consistency and small var-
iance. Outliers in the boxplots are omitted for clarity
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fingerprinting (MRF) [14, 28], have been shown to offer fast,
robust, and user-friendly quantitative MRI to be easily inte-
grated into radiological practice. Its attractiveness in terms of
scan times together with its high degree of repeatability [32,
49, 50] makes these techniques attractive candidates for pro-
viding relaxometry-based biomarkers in day-to-day brain tu-
mor diagnosis.

Despite the increasing number of recent works that focus
on transient-state-based relaxometry techniques, there is only
a modest number of studies to investigate their feasibility in
disease-specific setups, such as glioma imaging [51–53].
These works have for example demonstrated the feasibility
of MRF for brain tumor characterization. While these studies
are based on 2D acquisitions with discrete slices placed in the
tumor regions, our results in a patient cohort with a realistic,
heterogenous clinical picture in terms of disease and treatment
histories (Table 1, Fig. 6) demonstrate a fully 3D whole-brain
quantitative analysis of tumor information captured in T1 and
T2 estimates.

Qualitative comparison of the tumor cases

Our feasibility study of a variety of glioma patients
showed that 3D QTI can be viable for tissue characteriza-
tion and discrimination. Qualitatively, a ROI-based anal-
ysis of voxel-wise T1 and T2 relationships revealed ho-
mogenous distributions for peritumoral edema and en-
hancing tumor regions. In case of necrotic/non-
enhancing tumor tissue, T1-T2 parameter spaces seemed
to be composed of two classes, which we attributed to

fluidic and solid tissue components within the gross tu-
mor. Building on the clinical expert annotation, we aimed
to gain more insight into necrotic/non-enhancing tumor
tissue and explored whether a Gaussian mixture model
can disentangle these two voxel classes (Fig. 7). Linking
the thereby identified tissue subclasses to the anatomical
space reveal spatially well-connected annotations. In clin-
ical routine tumor annotation, solid and fluidic parts with-
in the necrotic/non-enhancing tumor regions are generally
not differentiated and comprised in one overall ROI. That
is why we do not have a reference annotation to compare
the results of the Gaussian mixture model with.
Nevertheless, we believe that our explorative analysis is
a n i l l u s t r a t i v e examp l e o f how quan t i t a t i v e ,
multiparametric measures of the underlying relaxation
times can complement tumor annotations that are gener-
ally based on qualitative, visual abnormalities in contrast-
weighted MR image data.

Quantitative analysis of tumor substructures

Quantitative analysis (Fig. 8 and Table 3) substantiated and
complemented these qualitative findings. We observed that
tumor tissue, i.e., enhancing tumor, necrotic/non-enhancing
tumor core I + II, as well as peritumoral edema, exhibit higher
T1 and T2 values than healthy contralateral WM, as qualita-
tively suggested from Fig. 6. These findings are in line with
initial clinical outcomes ofMR fingerprinting [51], supporting
the potential of 3D QTI as an image-based biomarker for
glioma diagnosis.

Figure 8 also suggests well-defined parameter spaces for
healthy WM and GM regions among the patient cohort with
only small inter-subject variations. Also, T1 and T2 mapping
in non-diseased tissue was found to agree well with our results
for healthy volunteer data, as suggested by Table 3 and
Table 4, and is consistent with previously reported values
[18, 38, 54, 55]. Furthermore, mean T1 and T2 values of the
two gross tumor subclasses are well distinguished. That is,
mean T1 and T2 values for necrotic/non-enhancing tumor
core II, which we attributed to the fluidic subcomponent, are
constantly higher than for necrotic tumor/non-enhancing core
I. This finding agrees with the fact that T1 and T2 relaxation
times are sensitive to tissue composition and microstructure
[56, 57].

Overall, T1 and T2 values suggest a clear distinction be-
tween peritumoral edema and contralateral WM (Fig. 8b).
Also, mean T2 values in peritumoral edema were higher than
for contralateral GM in all patients. Mean T1 values in
peritumoral edema were lower compared to necrotic/non-
enhancing tumor regions. For mean T2 values, this is only
observed in case of patients 4 and 8. As observed from Fig.
8b, enhancing tumor overlays with peritumoral edema and
necrotic/non-enhancing tumor core I in the T1-T2 space.

Table 3 Quantitative summary of T1 and T2 values (mean, standard
deviation) of the tumor ROIs and contralateral WM and GM regions

ROI T1 (ms) T2 (ms)

Mean Std Mean Std

Enhancing tumor 1685 340 111 70

Necrotic/non-enhancing tumor core I 1550 195 92 38

Necrotic/non-enhancing tumor core II 2188 375 297 111

Peritumoral edema 1369 264 91 35

WM 903 76 46 11

GM 1353 184 66 24

Table 4 Quantitative
summary of T1 and T2
values (mean, standard
deviation) of WM and
GM regions in a healthy
volunteer

T1 (ms) T2 (ms)

ROI Mean Std Mean Std

GM 1331 137 66 12

WM 871 77 45 7
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Enhancing tumor is segmented as those regions within the
gross tumor that exhibit positive Gd enhancement in the Gd-
enhanced T1-weighted MRI. Native pre-contrast T1 maps
hence do not necessarily capture this differentiation.

Due to the observed inter-subject consistency and stability
of T1 and T2 values of healthy and diseased tissue, which is in
line with previously performed repeatability studies [32, 58,
59], we believe that not only diagnosis but also treatment
planning and monitoring as well as prognostic, longitudinal
assessment might benefit from an integration of 3D QTI into
standard clinical imaging.

While conventional contrast-weighted MRI can also cap-
ture tissue heterogeneity in tumor texture, it always represents
weighted information of a combination of relaxation and tis-
sue parameters. Also, qualitative MRI information is known
to depend on the actual scanner settings, which can vary from
day to day due to different pre-scan conditions or gain tunings,
hampering longitudinal or inter-subject comparisons.

Despite the mentioned benefits of fast multiparametric
mapping techniques, we emphasize that both quantitative
and qualitativeMRI are generally limited to macroscopic vox-
el sizes. Resulting partial volume effects, e.g., at the border of
distinct tissue types, are known to mask the underlying cellu-
lar tissue characteristics, only providing an effective voxel
value of the respective biomarker. However, aiming for high
isotropic resolution with sufficient SNR, as in case of 3DQTI,
minimizes partial volume effects in the first place. Comparing
the synthetic T2-weighted MRI generated from the 3D QTI
scan with the clinical 2D reference with higher slice thickness
in Fig. 3 illustrates this resolution benefit, e.g., for tumor
delineation.

Nevertheless, with 3D QTI producing reliable, repro-
ducible, quantitative image data, it may be a valuable tool
for the harmonization of imaging data with the opportunity
to make multi-timepoint, multi-subject, multi-vendor, and
multi-center studies easier. As such, it can offer a rich set
of standardized, comprehensive image data with the poten-
tial to also advance methodological developments along
the large spectrum of AI-based decision support, i.e., seg-
mentation algorithms or tumor growth modeling.

Limitations

A clear limitation to this study is the rather small sample size.
We aimed to present an initial clinical case study demonstrat-
ing the feasibility of 3D QTI for integration into routine glio-
ma imaging protocols. As such, the rather small but heterog-
enous study cohort, comprising both pre- and post-surgery
treatment stages as well as different tumor grades, allowed

us to nevertheless cover the bandwidth of patient cases in
clinical radiological practice.

Outlook

Given our initial clinical results, we would like to employ 3D
QTI also for longitudinal follow-up of glioma patients to evaluate
its potential for monitoring and quantifying treatment response in
individual subjects to support individualized therapy decisions
with the aim of personalized medicine. We also plan to investi-
gate how deep learning-based segmentation and interpretation of
images [60, 61] could benefit from complementing or even re-
placing the to-datemainly qualitative data baseswith quantitative
imaging biomarkers, e.g., as provided by 3D QTI. Furthermore,
we believe that extending themethod to jointly encode relaxation
and diffusion parameters as proposed in [37] with fully 3D, high
isotropic resolution, and whole-brain coverage can further im-
prove its attractiveness for integration into clinical glioma imag-
ing and is hence subject of our current work. We also aim to
further increase motion robustness of the transient-state encoding
scheme. Building on the previously presented retrospective mo-
tion correction [38], we are optimistic that we can further develop
this approach to account and correct for head motion on a faster
time scale. We might also benefit from recent advances on pro-
spective motion correction [62]. To reduce the sensitivity to non-
rigid motion, such as blood flow and/or brain pulsation, in first
place, it is subject to our future work to investigate potential
refinements in the sequence design. The experience with 3D
QTI in neuro applications also motivates us to target potential
diagnostic scenarios outside the brain as well as in combination
with contrast enhancement [63, 64].

Conclusion

3D QTI demonstrated to reliably identify tissue and hence
tumor heterogeneity that is captured in T1 and T2 relaxation
times under tight clinical time constraints. As such, it offers
comprehensive tissue assessment of tumor substructures with
the potential to improve disease characterization in brain tu-
mor patients. This is essential to find the optimal treatment
strategy and to monitor treatment response along the course of
disease.

Appendix
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a b

Fig. 9 Parametric maps of T1, T2, and PD obtained with zero-filling, k-
space weighted view-sharing, and LRTV reconstructions and subsequent
dictionary matching for a representative patient case (a) and a healthy
volunteer (b). Parameter estimation is consistent across all reconstruction

approaches. View-sharing reconstruction provides better image quality in
the quantitative maps than zero-filling with best reduction of
undersampling artifacts obtained with LRTV reconstruction
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Fig. 11 Contrast-weighted image
synthesis for a representative
patient case. Sagittal and coronal
views in correspondence to the
axial views in Fig. 3 are shown

�Fig. 10 Neural network-based parameter estimation for a representative
patient case (top) and a healthy volunteer (bottom). T1, T2, and PDmaps
obtained from voxel-wise neural network inference are consistent with
dictionary matching results. The parameter maps are computed from
SVD-compressed image-series after LRTV reconstruction
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Abstract: "Magnetic Resonance Fingerprinting (MRF) enables the si-
multaneous quantification of multiple properties of biological tissues.
It relies on a pseudo-random acquisition and the matching of ac-
quired signal evolutions to a precomputed dictionary. However, the
dictionary is not scalable to higher-parametric spaces, limiting MRF
to the simultaneous mapping of only a small number of parame-
ters (proton density, T1 and T2 in general). Inspired by diffusion-
weighted SSFP imaging, we present a proof-of-concept of a novel
MRF sequence with embedded diffusion-encoding gradients along
all three axes to efficiently encode orientational diffusion and T1 and
T2 relaxation. We take advantage of a convolutional neural network
(CNN) to reconstruct multiple quantitative maps from this single,
highly under-sampled acquisition. We bypass expensive dictionary
matching by learning the implicit physical relationships between the
spatiotemporal MRF data and the T1,T2 and diffusion tensor parame-
ters. The predicted parameter maps and the derived scalar diffusion
metrics agree well with state-of-the-art reference protocols. Orienta-
tional diffusion information is captured as seen from the estimated
primary diffusion directions. In addition to this, the joint acquisition
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and reconstruction framework proves capable of preserving tissue ab-
normalities in multiple sclerosis lesions."
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Joint relaxation and diffusion tensor MR Fingerprinting

Magnetic Resonance Fingerprinting (MRF) enables the simultaneous quantification of mul-
tiple properties of biological tissues. It relies on a pseudo-random acquisition and the
matching of acquired signal evolutions to a precomputed dictionary. However, the dictio-
nary is not scalable to higher-parametric spaces, limiting MRF to the simultaneous mapping
of only a small number of parameters (proton density, T1 and T2 in general). Inspired by
diffusion-weighted SSFP imaging, we present a proof-of-concept of a novel MRF sequence
with embedded diffusion-encoding gradients along all three axes to efficiently encode orien-
tational diffusion and T1 and T2 relaxation. We take advantage of a convolutional neural
network (CNN) to reconstruct multiple quantitative maps from this single, highly under-
sampled acquisition. We bypass expensive dictionary matching by learning the implicit
physical relationships between the spatiotemporal MRF data and the T1, T2 and diffu-
sion tensor parameters. The predicted parameter maps and the derived scalar diffusion
metrics agree well with state-of-the-art reference protocols. Orientational diffusion infor-
mation is captured as seen from the estimated primary diffusion directions. In addition to
this, the joint acquisition and reconstruction framework proves capable of preserving tissue
abnormalities in multiple sclerosis lesions.

Keywords: Magnetic Resonance Fingerprinting, Convolutional Neural Network, Image
Reconstruction, Diffusion Tensor, Multiple Sclerosis

1. Introduction

Magnetic Resonance Imaging (MRI) has emerged as a powerful diagnostic imaging tech-
nique as it is capable of non-invasively providing a multitude of complementary image con-
trasts. Commonly used routine MRI protocols however lack standardization and mainly
present qualitative information. To infer comprehensive diagnostic information, image
analysis therefore requires extensive postprocessing for co-registration, motion-correction
etc., a problem that exponentiates in multi-contrast acquisitions. Hence, fully quantita-
tive multi-parametric acquisitions have long been the goal of research in MR to overcome
the subjective, qualitative image evaluation (Thust et al., 2018). Progressing from qualita-
tive, contrast-weighted MRI to quantitative mapping, Magnetic Resonance Fingerprinting
(MRF) has emerged as a promising framework for the simultaneous quantification of mul-
tiple tissue properties (Ma et al., 2013). It aims at inferring multiple quantitative maps –
proton density, T1 and T2 relaxation times in general – from a single, highly accelerated
acquisition. MRF is based on matching the signal time-courses, acquired with pseudo-
random variation of imaging parameters, to a dictionary of precomputed signal evolutions.
As the dictionary is typically simulated with fine granularity of all foreseeable parameter
combinations, this places a substantial burden on computational resources (Weigel et al.,
2010; Ganter, 2018). Due to these memory and processing demands, the use of a dictionary
becomes infeasible in higher-parametric spaces like in case of diffusion tensor quantification.

Over the last years, first diffusion-weighted MRF techniques have been proposed (Jiang
et al., 2016, 2017; Rieger et al., 2018). However, the transient nature of MRF signals
makes them highly vulnerable to motion artifacts, especially when aiming at encoding the
full diffusion tensor – a drawback long-known from diffusion-weighted SSFP (DW-SSFP)
techniques (McNab and Miller, 2010; Bieri and Scheffler, 2013). Susceptibility to motion
together with the exponential scaling of the dictionary size with the dimensionality of the
parameter space pose a significant challenge for the computation of the diffusion tensor,
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limiting diffusion-weighted MRF applications to the estimation of the mean diffusivity,
captured by the apparent diffusion coefficient, so far.

Also, recent work on combining MRF acquisition schemes with deep learning-based
approaches for parameter inference has demonstrated to outperform conventional template
matching algorithms in terms reconstruction quality and computation time (Cohen et al.,
2018; Golbabaee et al., 2019; Fang et al., 2019).

In this proof-of-concept-study, we combine a novel MRF-type sequence and a deep
learning-based multi-parametric mapping to simultaneously quantify T1 and T2 relaxation,
and orientational diffusion. This work presets three main contributions:

1. We first present an MRF scheme with embedded diffusion-encoding gradients along
all three axes to encode orientational diffusion information, whilst simultaneously
maintaining differential weightings to T1 and T2.

2. Inspired by the promising results of image quality transfer ideas (Tanno et al., 2017;
Alexander et al., 2017), we take advantage of a convolutional neural network (CNN)
to reliably reconstruct paramatric maps of T1, T2 and the full diffusion tensor from
the acquired MRF image time-series. With standard diffusion tensor imaging (DTI)
analysis, it is then possible to derive scalar diffusion measures, and to estimate the
principal diffusion direction.

3. We evaluate our approach on healthy subjects and on a clinical cohort of multiple
sclerosis (MS) patients with substantial modifications of the brain micro-structure.

2. Material and methods

2.1. Relaxation and diffusion-sensitized MRF sequence

Inspired by DW-SSFP-based techniques, we propose an MRF acquisition scheme (Figure 1)
that is sensitized to relaxation and orientational diffusion: We extend the steady state
precession MRF methodology (Jiang et al., 2015) and insert mono-polar diffusion-encoding
gradients before each readout. To encode the full diffusion tensor, we sensitize the MRF sig-
nal to 30 diffusion directions as it evolves in the transient state. Along the acquisition train
(t = 1224 repetitions, 32 s/slice), we repeat each diffusion-encoding direction 34 times before
applying the next diffusion gradient direction. Directions of the diffusion-encoding gradi-
ents are chosen based on the electrostatic repulsion algorithm (Jones et al., 1999) and have
amplitudes gx,y,z with −40 mT/m ≤ gx,y,z ≤ 40 mT/m and a duration δ = 3 ms . Every 6
directions, we incorporate non-diffusion weighted, unbalanced gradients (gx,y,z = 1 mT/m).
In each repetition, we acquire an undersampled image with one arm of a variable density
spiral. To sample the entire k-space, 34 spiral interleaves are required. The spiral arms are
rotated with the golden angle from one repetition to the next. To increase sensitivity to
diffusion, the spiral readout (TE = 6 ms) happens after the diffusion gradient, similar to
DW-SSFP imaging (Buxton, 1993). We rely on an initial inversion pulse (TI = 18 ms) that
is followed by a train of constant flip angles with α = 37°. In the latter part of the sequence,
repeating variable flip angle ramps (0° ≤ α ≤ 49°) are applied. TR is set constant during
diffusion-encoding (TR = 22 ms) with longer waiting periods (TR = 50 ms) when chang-
ing diffusion-encoding directions. As the diffusion-sensitization accumulates over multiple
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repetitions, each timepoint of the acquired image time-series has a unique combination of
diffusion-weighting and T1 and T2 contrast.

Figure 1: MRF acquisition and reconstruction framework. a) Pseudo-random variation of
diffusion-encoding gradients. The diffusion-encoding direction is changed every 34
repetitions. In each repetition (here repetition 249), diffusion-encoding is followed
by a spiral readout. b) Constant flip angles followed by variable flip angle ramps.
c) TR pattern with longer waiting periods when changing diffusion-encoding di-
rections. d) Spherical representation of the encoded diffusion directions. e) CNN
architecture with the spatiotemporal magnitude MRF image series (T = 36 tem-
poral channels) as input and quantitative maps of T1 and T2 relaxation times
and the diffusion tensor elements (Q = 8 quantitative channels) as output.

2.2. Data acquisition and processing

As part of an IRB-approved study (Lipp et al., 2019), data from 11 MS patients and 9
healthy controls were acquired on a 3T HDx MRI system (GE Medical Systems, Milwau-
kee, WI) using an 8-channel receive-only head RF coil (GE Medical Devices), after ob-
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taining written informed consent . The protocol included a single-shot EPI-DTI sequence,
DESPOT1 (Deoni, 2007) and DESPOT2 (Deoni et al., 2003) sequences, high-resolution
T2 and PD-weighted sequences, a FLAIR sequence for MS lesion segmentation, and a T1-
weighted FSPGR sequence. In addition to these clinical sequences, 8-12 subsequent, axial
slices, covering the middle portion of the brain, were acquired with the proposed MRF se-
quence. The main scan parameters of all acquisitions are shown in Table 2 in Appendix A.

MRF image time-series We applied a sliding-window scheme (Cao et al., 2017) to
reconstruct mixed-contrast images from consecutive spiral interleaves of the MRF acqui-
sition. With a window size of 34, which corresponds to the spiral undersampling factor,
we retrospectively fill up the undersampled k-space and reduce aliasing artifacts. We use
a sliding-window stride of 34 to jointly reconstruct the consecutive images that were ac-
quired with the same diffusion-encoding. By doing so, we reduce the dimensionality of the
spatiotemporal MRF image data to T = 36 images along the temporal axis.

Reference parameter maps Following the DESPOT1/2 approaches, we derived T1
maps from the SPGR and IR-SPGR images, and T2 maps from the phase-cycled bSSFP
data. The EPI-DTI data were corrected for head motion, distortions induced by the
diffusion-weighted gradients, and EPI-induced geometrical distortions by registering each
diffusion image to the T1-weighted anatomical image using elastix (Klein et al., 2010).
We then estimated the diffusion tensor with its diagonal (Dxx, Dyy, Dzz) and off-diagonal
(Dxy, Dxz, Dyz) elements using ExploreDTI (Leemans et al., 2009). MS lesions were semi-
manually segmented on the T2-weighted image, also consulting the FLAIR and the PD-
weighted images using the Jim software package (Xinapse Systems). We obtained white
matter (WM), gray matter (GM), and cerebrospinal fluid (CSF) masks from the lesion
filled and brain-extracted T1-weighted images with FAST (Zhang et al., 2001). We then
transformed the relaxation and diffusion tensor maps and the tissue segmentations to the
MRF image space using ANTs (Avants et al., 2011), which incorporated a reorientation of
the diffusion tensor images.

Database With the processing pipeline described above, we created a database of 216
datasets in total, comprising both data from MS patients and healthy subjects. Each
of the 216 datasets is a pair of the magnitude MRF image series x ∈ RN×N×T and the
Q = 8 reference maps of T1, T2 and the 6 diffusion tensor elements y ∈ RN×N×Q with
N ×N = 256× 256 being the spatial dimension.

2.3. CNN-based parameter mapping

We propose a CNN architecture to learn a non-linear relationship between the spatiotem-
poral MRF image data and multiple quantitative maps as an output. As such, the model
presented in this work allows us to directly infer quantitative relaxation and diffusion in-
formation by capturing the temporal and neighborhood context features (Balsiger et al.,
2019).

CNN architecture For this multivariate regression, we propose a U-Net architecture
(Ronneberger et al., 2015) which was previously shown to offer high quality parameter
maps in MRF reconstruction (Fang et al., 2020) tasks. We implemented the convolutional-
deconvolutional architecture as depicted in Figure 1 using TensorFlow. Our model receives
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the spatiotemporal MRF magnitude image data x with its T = 36 temporal channels as
input. In the contracting path, feature extraction is alternated by max-pooling to create a
low-dimensional latent representation from the MRF image input. In the expansive path,
the low-dimensional feature space is gradually decoded and upsampled to output quanti-
tative maps y with Q = 8 parametric channels for T1, T2, and the 6 unique elements of
the diffusion tensor. Using skip connections, the feature maps in the expansive path are
concatenated with high-resolution feature maps from the contracting path, merging global
context from the latent space with preserved spatial details from the input space.

Data pre-processing To foster effective network training, we normalized the magni-
tude MRF image series between [0, 1] using its minimum and maximum intensities, x′ =

x−min(x)
max(x)−min(x) . To account for the widely varying scales for relaxation and diffusion tensor

parameters, we transformed each quantitative map yq to a fixed range of y′q ∈ [0, 1] for T1,
T2 and diagonal diffusion tensor maps, and y′q ∈ [−1, 1] for off-diagonal diffusion tensor
maps y′q =

yq

max(
∣∣qmin

∣∣,
∣∣qmax

∣∣) , using the global minimum and maximum parameter values

qmin and qmax. By doing so, we allowed directionality in the off-diagonal elements, captured
as negative and positive value ranges, to equally impact the loss function. We also ensure
that the loss function is implicitly balanced over all parameters and is not governed by the
parameter with the highest magnitude, i.e. T1.

Experimental setup We trained the CNN for 400 epochs with a batch size of 5, using
Adam optimization to minimize the L1 loss function with a learning rate of 0.0001, and a
dropout rate of 0.25. For performance evaluation, we performed a 10-fold cross-validation
on the 20 subjects, whereby each experimental instance consisted of 2 test subjects and 18
remaining subjects for training. Aiming at an efficient and robust reconstruction method, we
increased the heterogeneity of the dataset as we ensured that training and testing datasets
comprised both healthy subjects and MS patients. Network training for one instance of
the cross-validation took 3.5 h on a Nvidia GeForce TITAN Xp GPU. The CNN training
progress is illustrated in Figure 4 in Appendix B.

We applied standard DTI analysis to derive scalar diffusion metrics, i.e. mean diffusivity
(MD), axial diffusivity (AD), radial diffusivity (RD), and fractional anisotropy (FA) from
both the predicted and the reference diffusion tensors. To reflect the characteristic fiber
orientation in WM, we obtained a colored FA map based on the primary diffusion eigen-
vector. We evaluated the reconstruction quality of our framework based on the structural
similarity index measure (SSIM) and the root mean squared error (RMSE) between the
CNN prediction and the DESPOT1/2 and EPI-DTI reference methods. To ensure compa-
rability in terms of physical value ranges of the parameters, RMSE was derived from the
normalized parameter maps y′.

3. Results

It can be visually observed from Figure 2 that predicted relaxation and diffusion tensor
maps are largely consistent with state-of-the-art methods, which is confirmed by the voxel-
wise comparison in the difference maps. This is the case even though the input image
series as obtained by the sliding-window reconstruction are impacted by artifacts due to
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motion, undersampling and destructive interference between readout and diffusion-encoding
gradients. Quantitatively, we achieved a comparable reconstruction performance for T1 and
T2 with respect to DESPOT1/2 methods, while diagonal diffusion tensor elements show
better agreement with the DTI reference than off-diagonal elements (Table 1). Specifically,
it is more difficult for the CNN to reconstruct off-diagonal diffusion tensor information
in WM and MS lesions than in GM and CSF. Overall, we reliably recovered diffusion
and relaxation information, also in regions of diagnostic importance such as MS lesions,
indicating generalization capability of our method. Figure 3 suggests that our framework
is capable of reliably reconstructing diffusion information as the image quality of the scalar
MD, AD, RD and FA maps is comparable to the EPI-DTI reference. The colored FA maps
and the overlay of the primary eigenvectors of the predicted and reference diffusion tensors
show that the principal diffusion direction and thus the characteristic fiber structure in WM
is captured as illustrated by the enlarged portions of the derived maps. In both healthy
WM tissue and MS lesions, RMSE suggests higher agreement with the reference maps for
MD, AD and RD than FA (Table 1). This is in line with the overall SSIM which is higher
for MD, AD and RD than for FA. Figure 5 in Appendix C depicts an exemplary dataset
with significant artifacts due to patient motion. Here, the CNN is not able to successfully
disentangle T1, T2 and diffusion information in severely corrupted regions.

Figure 2: CNN reconstruction for a representative test dataset. a) Spatiotemporal MRF
data show artifacts due to spatial undersampling, gradient interferences and mo-
tion. b) Predicted maps of T1, T2 and diffusion tensor elements do not show vi-
sual artifacts, providing satisfying image quality as demonstrated by the enlarged
image sections. Voxel-wise difference maps do not reveal substantial differences
between the proposed MRF framework and conventional reference methods.
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Figure 3: Diffusion tensor analysis for a representative test dataset. a) Scalar diffusion
metrics, i.e. MD, AD, RD and FA, derived from predicted and reference diffusion
tensors show good visual agreement. Voxel-wise difference maps and the enlarged
views confirm that the reconstruction quality is largely consistent with the refer-
ence methods. b) Colored FA maps and the primary diffusion direction indicate
the predominant diffusion direction in main WM-tracts.

Table 1: Quantitative comparison of our MRF framework with DESPOT1/2 and EPI-DTI
reference methods.

Relaxation and diffusion tensor maps
Metric Region T1 T2 Dxx Dyy Dzz Dxy Dxz Dyz

SSIM — 0.91± 0.04 0.9± 0.04 0.94± 0.03 0.94± 0.03 0.94± 0.03 0.83± 0.05 0.81± 0.05 0.82± 0.05
RMSE Whole brain 0.15± 0.06 0.18± 0.06 0.07± 0.03 0.08± 0.03 0.07± 0.03 0.1± 0.03 0.11± 0.02 0.1± 0.02

CSF 0.19± 0.04 0.25± 0.06 0.1± 0.03 0.1± 0.03 0.09± 0.03 0.07± 0.02 0.07± 0.03 0.07± 0.02
GM 0.14± 0.06 0.16± 0.07 0.07± 0.03 0.07± 0.03 0.07± 0.03 0.08± 0.02 0.08± 0.02 0.08± 0.02
WM 0.09± 0.05 0.09± 0.07 0.05± 0.03 0.05± 0.03 0.05± 0.03 0.12± 0.04 0.14± 0.04 0.13± 0.04
MS lesion 0.11± 0.07 0.1± 0.08 0.06± 0.04 0.06± 0.04 0.06± 0.04 0.15± 0.07 0.17± 0.06 0.16± 0.06

Diffusion metric maps
Metric Region MD AD RD FA
SSIM — 0.94± 0.03 0.93± 0.03 0.94± 0.03 0.91± 0.03
RMSE Whole brain 0.11± 0.05 0.12± 0.05 0.11± 0.05 0.11± 0.03

CSF 0.13± 0.06 0.14± 0.06 0.13± 0.05 0.08± 0.06
GM 0.11± 0.05 0.11± 0.06 0.11± 0.05 0.09± 0.03
WM 0.07± 0.05 0.08± 0.04 0.07± 0.05 0.13± 0.03
MS lesion 0.09± 0.07 0.11± 0.06 0.1± 0.07 0.14± 0.06

4. Discussion and conclusion

In this work, we propose a relaxation and diffusion-sensitized MRF sequence combined with
a CNN-based multivariate regression. We approach the underlying MRF sequence design
and the deep-learning based parameter inference as a joint task. In this way, we can relax
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the MR acquisition requirements and efficiently encode T1 and T2 relaxation times together
with orientational diffusion information. With our joint MRF acquisition and reconstruc-
tion framework, we present a proof-of-concept of fast multi-parameter quantification. We
simultaneously measure and reconstruct quantitative relaxation and diffusion tensor maps,
significantly reduce the scan time (32 s/slice), and make extensive post-processing pipelines
of conventional multi-contrast imaging redundant.

Following the concept of DW-SSFP imaging, the accumulation of T1 and T2-weighting
and diffusion-sensitization along multiple repetitions and echo-pathways is what makes our
signal encoding and hence the MRF acquisition so efficient. However, this is also what chal-
lenges the reconstruction the most: First, the signal dependence on T1, T2 and flip angles
is relatively complicated. This impedes diffusion quantification in DW-SSFP approaches as
all other signal contributions need to be known to isolate the diffusion effect. Second, the
high scan efficiency comes at the cost of image quality, while the transient nature of the
diffusion-sensitized signal makes the acquisition highly vulnerable to brain pulsation and
patient motion. Also, in the actual measurement the primary signal evolution, governed
by relaxation and diffusion effects, is contaminated by secondary terms from various exper-
imental sources, such as non-Gaussian noise, coherent and incoherent motion, stimulated
or spurious echoes due to the interplay of diffusion-encoding and readout gradients – and
most of the time a combination of them. These secondary signal contributions are known
to cause image artifacts that are spatially correlated. Also, as we use multi-coil imaging
and have aliasing due to spiral undersampling, spatial mixing of tissue components is an
inevitable consequence of the acquisition scheme. We thus approach the multi-parameter
inference task with a CNN architecture to take advantage of all information available, i.e.
the temporal and spatial relationships, to characterize the individual signal contributions.
Moreover, the deep learning approach benefits from the implicit physical relationships be-
tween the scalar and tensorial parameters (Tax et al., 2018; Bernin and Topgaard, 2013) to
recover the underlying relaxation and orientational diffusion information.

We have demonstrated that our CNN-based reconstruction framework resolved image
corruptions and reliably mitigated pulsation artifacts. Severe head motion however turned
out to be the major challenge. As only data from MS patients were affected by severe motion
artifacts, we hypothesize that this is because the diffusion-sensitized MRF data from MS
patients were acquired at the end of a 1.5 hours scanning session so that patients tended
to get restless. The session for healthy controls was comparatively shorter (˜40 minutes).
Compared to steady-state MRI sequences, MRF relies on transient MR signals. As such,
diffusion-weighted MRF schemes are by design more sensitive to motion artifacts than
steady-state diffusion-weighted EPI. However, EPI-based DTI suffers from EPI-induced
distortions that must be corrected retrospectively. This does not apply to our case: First, we
use spiral readouts instead of EPI in the MRF acquisition. Second, due to the significantly
shorter timing with monopolar diffusion-encoding gradients, eddy-current induced blurring
is reduced compared to approaches based on bipolar gradients. As this is the first study to
explore the simultaneous quantification of relaxation and orientational diffusion in an MRF
setting, we are confident that we will benefit from the recent advances on how to cope with
motion in DW-SSFP – either prospectively or retrospectively.

The proposed MRF framework is based on the diffusion tensor model. Although it is
robust and widely accepted, it has the inherent limitation that it fails for crossing fibers.
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This shortcoming equally holds for conventional, state-of-the-art DTI methods. Overall, our
framework has nevertheless proven to provide relaxation and diffusion tensor maps which
agree well with the clinical reference. This might be attributed to the computationally
efficient U-Net architecture that has particularly shown convincing performance on small
biomedical image datasets. That is, the predictive performance of our model and its ability
to resolve even severe motion artifacts could certainly benefit from more training data.

We also anticipate that image artifacts, which mask the fine anisotropic structures, are
the main reason why the off-diagonal diffusion tensor elements are not captured as well as
diagonal elements. We also believe that a thorough assessment of the individual diffusion
encoding directions and their effect on the final diffusion tensor quantification is as impor-
tant as ameliorating motion artifacts. However, in the proposed MRF scheme diffusion-
weightings propagate over multiple repetitions, similar to diffusion SSFP techniques. This
results in a mixing of signal pathways which have experienced different histories of diffusion-
encoding gradients (strength and direction). With the current dataset, it is thus not possible
to retrospectively investigate the effectiveness of the individual diffusion encoding directions
that have been applied in full detail. It is thus subject to our current and follow-up work
to investigate this in dedicated experiments. We expect that resultant adjustments in the
sequence design, specifically in the way we incorporate diffusion-encoding, and techniques
such as adaptive spoiling will increase the robustness of the acquisition in first place. Re-
duced image artifacts, in turn, will enhance the predictive quality of our CNN and allow us
to fully regain the characteristic fiber structure in high anisotropy WM regions. We also
believe, that proceeding to more advanced deep learning approaches now have a chance to
improve on our baseline.

In conclusion, we present a novel MRF-type sequence which simultaneously encodes T1,
T2 and orientational diffusion information. We rely on a deep learning-based approach to
reconstruct multi-parametric outputs from spatiotemporal MRF data corrupted by artifacts
due to spiral undersampling, motion, and the interference of diffusion-encoding and readout
gradients. We bypass conventional dictionary matching by learning the intrinsic physical
connections between the scalar and tensorial tissue parameters, and thereby propose a
scalable MRF application which can be extended to further quantitative contrasts.
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Appendix A. Scan parameters

Table 2: Scan parameters. For each of the sequences, the main acquisition parameters are
provided.

Relaxation and
diffusion-sensitized
MRF scheme

Clinical reference sequences

DTI DESPOT1/2 T1-weighted
PD/T2-
weighted

FLAIR
(T2-weighted)

Single-shot
diffusion-
weighted
EPI

SPGR /
IR-SPGR /
bSSFP

FSPGR SE SE / IR

Native resolution
(mm3)

1.2× 1.2× 5.0 1.8× 1.8× 2.4 1.7× 1.7× 1.7 1.0× 1.0× 1.0 0.94× 0.94× 4.5 0.86× 0.86× 4.5

Matrix size 256× 256 96× 96× 36 128× 128× 88 256× 256× 172 256× 256 256× 256

Field of view (mm) 225 230 220 256 240 220

Slices 8-12 57 None - 3D None - 3D
36 (3mm +
1.5mm gap)

36 (3mm +
1.5mm gap)

TE (ms) 6 94.5 2.1 / 2.1 / 1.6 3.0 9.0 / 80.6 122.3

TR (ms) 22, 50 16000 4.7 / 4.7 / 3.2 7.8 3000 9502

TI (ms) 18 - - / 450 / - 450 - 2250

Flip angle α (°) 37,
0 ≤ α ≤ 49 ramps

90

[3, 4, 5, 6, 7, 8,
9, 13, 18] /
[5] /
[10.6, 14.1, 18.5,
23.8, 29.1, 35.3,
45, 60]

20 90 90

b-values (s/mm2) - 1200 - - - -

Gradient amplitude
gx,y,z (mT/m)

−40 ≤ gx,y,z ≤ 40 - - - - -

Gradient duration
δ (ms)

3 - - - - -

Spiral interleaves
(number)

34 - - - - -

Total acquisition
time (min)

4.2-6.4 12.5 10 7.5 2 3
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Appendix B. CNN training progress

Figure 4: CNN training progress. Predicted relaxation and diffusion tensor maps are shown
for increasing number of training epochs (top rows) together with the clinical
reference (bottom row). The CNN reconstructs main anatomical structures after
a few training epochs while finer structural details of the parameter maps become
more pronounced at later stages. With increasing number of epochs, the network
learns to gradually recover directional diffusion information in the diffusion tensor
maps, eventually revealing the characteristic fiber structures in WM.
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Appendix C. CNN reconstruction in case of severe motion artifacts

Figure 5: CNN reconstruction for a representative test dataset with severe artifacts. a)
MRF images have significant artifacts due to head motion. b) Predicted maps
indicate that the CNN was not able to recover relaxation and diffusion information
in regions which are severely corrupted (arrow).
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Abstract

Subject motion is one of the major challenges in clinical routine MR imaging. Despite
ongoing research, motion correction has remained a complex problem without a universal
solution. In advanced quantitative MR techniques, such as MR Fingerprinting, motion
does not only affect a single image, like in single-contrast MRI, but disrupts the entire
temporal evolution of the magnetization and causes parameter quantification errors due
to a mismatch between the acquired and simulated signals. In this work, we present a
deep learning-empowered retrospective motion correction for rapid 3D whole-brain mul-
tiparametric MRI based on Quantitative Transient-state Imaging (QTI). We propose a
patch-based 3D multiscale convolutional neural network (CNN) that learns the residual
error, i.e. after initial navigator-based correction, between motion-affected quantitative

∗ Contributed equally

© 2021 C.M. Pirkl et al.

80 peer-reviewed journal and conference papers



Residual learning for 3D motion corrected quantitative MRI

T1, T2 and proton density maps and their motion-free counterparts. For efficient model
training despite limited data availability, we propose a physics-informed simulation to ap-
ply continuous motion-patterns to motion-free data. We evaluate the performance of the
residual CNN on 1.5T and 3T MRI data of ten healthy volunteers. We analyze the gen-
eralizability of the model when applied to real clinical cases, including pediatric and adult
patients with large brain lesions. Our study demonstrates that image quality can be sig-
nificantly improved after correcting for subject motion. This has important implications
in clinical setups where large amounts of motion affected data must be discarded.

Keywords: 3D multiparametric MRI, motion correction, deep learning, residual learning,
multiscale CNN

1. Introduction

Motion robustness is a key feature for routine imaging in general. It is especially crucial for
pediatric or elderly patients and for patients affected by diseases that prevent them from
maintaining a still position throughout the acquisition. It is therefore a clinical priority
to develop techniques that effectively resolve motion artifacts. As their appearance highly
depends on the individual acquisition, e.g. the used readout schemes, the targeted clinical
question, the condition of the patient and the body region to be imaged, there is no universal
solution. Consequently, a number of conceptionally different correction methods have been
presented, ranging from prospective to retrospective, image-based methods (Zaitsev et al.,
2015; Godenschweger et al., 2016).

Fast 3D multiparametric MRI techniques based on transient-state MRI (Ma et al., 2018;
Gómez et al., 2020) are excellent candidates for the clinical practice, as they offer high
quantification accuracy together with high repeatability and reproducibility (Buonincontri
et al., 2021). Their reduced scan times enable improved motion robustness compared to
conventional quantitative MRI with lengthy scanning protocols. While motion artifacts are
generally reduced in these fast acquisition schemes, they are not entirely immune to motion.
In fact, subject movements do not only affect a single time point of the acquisition, but
corrupt the entire temporal magnetization evolution, captured by the acquired k-t space,
and therewith subsequent parameter estimation. While previous work on motion correction
for transient-state imaging has mainly concentrated on 2D acquisition schemes (Mehta et al.,
2018; Cruz et al., 2019; Xu et al., 2019), there is only little work on motion correction for
3D multiparametric MRI.

Kurzawski et al. (2020) presented a navigator-based retrospective rigid motion correc-
tion for a 3D Quantitative Transient-state Imaging (QTI) technique based on a segmented
readout scheme to acquire the k-t-space. Their proposed motion correction strategy relied
upon self-navigators embedded within each acquisition segment, which enabled the recovery
of a critical amount of the underlying parameter information degraded due to subject mo-
tion occurring between consecutive segments. Despite significant improvement of the image
quality, resulting quantitative T1, T2 and proton density (PD) maps showed remaining
artifacts originating from subject movements on a time-scale below the temporal resolution
of the self-navigators of 7 s.

Here, we propose a deep learning (DL) method to resolve artifacts due to continuous
motion that are not captured by the navigator-based approach. Our work is motivated by
recent advances of DL at the interface between MR physics and medical computer vision
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that have been demonstrated to make MR imaging more robust to subject motion (Us-
man et al., 2020; Oksuz, 2021; Gong et al., 2021; Pawar et al., 2018; Miao et al., 2016;
Hou et al., 2018a,b), e.g. by directly removing motion-induced artifacts or by estimating
the underlying motion parameters for subsequent realignment. We adopt the concept of
residual learning (Zhang et al., 2017; Jin et al., 2017; Liu et al., 2020) and propose a 3D
multiscale residual convolutional neural network (CNN) to improve on the previously pre-
sented navigator-based motion correction, presetting the following contributions: (1) We
propose a 3D multiscale residual CNN to learn the non-linear relationship between the
motion-corrupted T1, T2 and PD maps and the residual error maps, i.e. the deviation
from the motion-free counterpart that remained after navigator-based correction (Kurza-
wski et al., 2020). (2) We rely on a 3D CNN architecture that captures the intrinsically 3D
nature of the subject movements together with the 3D MR acquisition scheme to efficiently
resolve motion artifacts and infer high-quality T1, T2 and PD maps. (3) We present a
physics-informed simulation framework to retrospectively apply realistic continuous motion
patterns to motion-free datasets, enabling a supervised training setup without the necessity
for large amounts of paired acquisitions or fully sampled data. (4) We evaluate the perfor-
mance of the proposed method on 1.5T and 3T MRI data of ten healthy volunteers who
underwent QTI imaging twice: the first time they kept their head as still as possible, and
the second time they voluntarily moved their heads during acquisition. We also apply our
method to clinical cases, including pediatric and adult patients with large brain lesions, to
demonstrate its generalizability and capability to improve motion-affected datasets in cases
with pathological findings.

2. Material and methods

2.1. Residual learning for retrospective 3D motion correction

We propose a residual learning technique to resolve artifacts that could not be corrected by
the navigator-based method of Kurzawski et al. (2020), which is recapped below to present a
more complete picture. We demonstrate our method with its key components, the residual
CNN model and the physics-informed motion simulation, on data acquired with 3D QTI.

Navigator-based rigid motion correction The navigator-based correction identifies
motion-induced misalignment in the acquired image-time series. To do so, the full k-t-space
data is subdivided into subsequently acquired segments, from which we reconstruct equal-
contrast navigator images. These navigators are then aligned to the first baseline navigator
to estimate the spatial mismatch and to subsequently correct the k-t-space data accordingly.
The corrected k-t-space data is then fed into the reconstruction pipeline as described in 2.2
to yield the motion-corrected parametric maps. The massive spatial undersampling of the
fast 3D acquisition scheme limits the resolvable motion time-scale to 7 s as the lower SNR
in temporally higher resolved self-navigators hampers a correct realignment.

Residual learning CNN architecture and training We propose a 3D patch-based
multiscale residual CNN to learn the deviation of the motion-corrupted parameter maps
from the high-quality, motion-free reference. Learning a residual mapping has been shown
to be more effective than a direct mapping (Zhang et al., 2017; Tamada et al., 2019; Ulas
et al., 2018) as the residual maps capture a more sparse representations of the artifacts.
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Figure 1: The multiscale CNN receives the parametric maps after navigator-based correc-
tion as input and outputs the residual maps.

The proposed CNN architecture1 (Figure 1) receives a 3D input patch (24 × 24 × 24
voxels) of the quantitative maps degraded by motion artifacts that remained after navigator-
based correction. The quantitative T1, T2 and PD parameters are reflected by three input
channels. The model then spans out in a local and a global pathway. This dual pathway
structure was shown to efficiently account for spatial image information on multiple scales
(Kamnitsas et al., 2017; Kim et al., 2017; Ulas et al., 2018): The local path (with 3D con-
volutions and ReLU activations) processes more localized, spatially adjacent features. The
dilated 3D convolutional layers in the global path allow to gather more global, contextual
information due to an increased receptive field (Table A.2). Local and global features are
concatenated and fed into a block of fully-connected layers, efficiently processing the de-
coded spatial relationships. To maintain the spatial dimensions throughout the network,
the fully-connected layers are implemented as convolutional layers with 1 × 1 × 1 kernels,
to eventually output the residual maps, i.e. the difference of the navigator-corrected and
the motion-free maps. We trained the residual CNN based on in-vivo 3D QTI data from
ten healthy volunteers. For each subject, two datasets were acquired with the instruction
to hold still for the first scan and to rapidly move the head during the second session as
detailed by Kurzawski et al. (2020). All subjects were scanned on a 1.5T and a 3T scanner
(HDxt and MR750 scanners, GE Healthcare, Milwaukee, WI) with the sequence parameters
described in 2.2. For a supervised training setup, we only considered the motion-free data
and created a database of artificially motion-corrupted 3D QTI data as described below.
The in-vivo data with real motion was only used for testing. The DL-model was then trained
to learn the residual maps between the parametric maps with simulated motion artifacts
and the motion-free counterpart. The retrospectively corrupted data of seven subjects were
used for model training and two subjects’ data for validation, with 10, 000/3, 000 randomly
sampled 3D patches, respectively. The remaining subject data was held back for testing.
We trained the residual CNN for a maximum of 100 epochs with a batch size of 20, using
Adam optimization to minimize the L1 loss function with a learning rate of 1e−4, keeping
the model state with the best validation loss.

Physics-informed simulation of motion-corrupted data To allow the proposed DL-
model to learn how diverse motion patterns propagate to the inferred multiparametric

1. Code available on https://github.com/CarolinMA/MRP MoCo
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maps, we simulated motion-corrupted data from the motion-free 3D QTI acquisitions. To
do so, we applied continuous rigid motion patterns, i.e. translation and rotation, to the
individual time frames of the acquired k-t-space. To imitate continuous head movements,
we continuously varied the misalignment of consecutive k-t-space time points. We achieved
a realistic artifact appearance as we applied ranges of the artificial translation and rotation
patterns as experimentally observed by Kurzawski et al. (2020), i.e. translations −20 mm ≤
∆x,∆y,∆z ≤ 20 mm and rotations −20° ≤ ∆roll,∆pitch,∆yaw ≤ 20°. We then performed
a navigator-based correction to mitigate artifacts due to inter-segment movements in the
first place. The thereby obtained parametric maps with remaining artifacts due to intra-
segment movements, illustrated in Figure A.1, were the input to the CNN.

2.2. Data acquisition and processing

In-vivo data All in-vivo data presented in this study were acquired in accordance with
the 1964 Helsinki declaration and its later amendments or comparable ethical standards.
Approval was granted by the local ethics boards.

MR acquisition and reconstruction In-vivo data from ten healthy volunteers, a pedi-
atric and an adult patient were scanned with an inversion-prepared 3D SSFP QTI imple-
mentation (Gómez et al., 2020) with variable flip angle ramps, TI=18 ms, TE=0.5 ms and
TR=8.5 ms. The acquisition of transient state image series relies on in-plane spirals with
spherical rotations to sample the k-t-space (=3D+time, i.e. 225 × 225 × 225mm3 field of
view with 1.125 × 1.125 × 1.125mm3 isotropic voxel size and 880 time points). By design,
the acquisition is built by consecutive segments (n=56) of the same excitation scheme, each
with a duration of 7 s, and iteratively fills the k-t-space by randomly permuting in-plane and
spherical rotation angles of the readouts. The k-t-space data are then reconstructed using
zero-filling, followed by projection onto a low rank subspace, gridding onto a Cartesian grid,
3D inverse fast Fourier transform and subsequent coil sensitivity estimation and combina-
tion. Quantitative maps of T1, T2 and PD are estimated by matching the reconstructed
subspace images to a pre-computed dictionary with granularity and parameter ranges as
specified in Kurzawski et al. (2020).

2.3. Experimental setup

Cross-validation experiment on healthy volunteer data We evaluated the perfor-
mance of the residual CNN, trained on solely simulated motion, in a ten-fold cross-validation
experiment by repeating the training setup, as described in 2.1, ten times. Following this
leave-one-out scheme, the data of the held-back volunteer with real motion after initial
navigator-based correction was used for model testing in each instance. At test time, we
divided the parametric maps into 3D patches of 24 × 24 × 24 voxels, shifted along all three
dimensions with a step size of 4 voxels, for patch-wise CNN processing. Predicted residual
error patches are added to the motion-corrupted input and averaged to eventually yield the
full 3D motion-corrected T1, T2 and PD maps. We ran the cross-validation experiment
for 1.5T and 3T data individually. The obtained quantitative maps were compared to the
co-registered motion-free reference using the voxel-wise concordance correlation coefficient
(CCC) and coefficient of determination (R2) as performance metrics.
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Generalization analysis on clinical quantitative MRI For further performance anal-
ysis, we applied the best-performing model in the cross-validation experiment to clinical 3D
QTI scans of a pediatric (8-year old) patient with subtotal agenesis of the corpus callosum,
scanned at 1.5T, and an adult patient with glioblastoma, scanned at 3T.

3. Results and discussion

Cross-validation experiment on healthy volunteer data The proposed 3D residual
CNN, trained on purely artificially corrupted data, provided T1, T2 and PD maps with an
image quality comparable to the motion-free reference maps. This is observed when visually
comparing the quantitative maps of a representative test case of the cross-validation exper-
iment for both the 1.5T (Figure 2(a), Figure A.2) and 3T data (Figure 2(b), Figure A.3).

Quantitative evaluation of the cross-validation experiment by means of the CCC and R2

(Table A.1) substantiates the qualitative finding and reflects the improvement achieved by
the navigator-based realignment and the subsequent residual CNN. For both 1.5T and 3T
data, quantitative measures indicate that the residual CNN further improved the outcome of
the navigator-based correction for all parametric maps. As already visually observed, mean
CCC and R2 values reflect the higher impact of the DL-model on T2 and PD than T1 maps.
Furthermore, Table A.1 shows that after CNN-based motion-correction, we achieved better
correspondence with the motion-free reference for the 3T data than for the 1.5T scans.
However, from Figure 2(a) and Figure A.2 we observe that the residual CNN does not only
remove motion-induced artifacts, but additionally suppresses noise-like aliasing. This effect
is more pronounced for the 1.5T data with intrinsically lower SNR and image quality than
for a 3T field-strength with higher SNR. The additional denoising results in parametric
maps with image qualities that go beyond the motion-free reference, which in turn explains
the lower overall agreement observed with the motion-free reference acquisitions.

The cross-validation experiment shows that the combination of the residual CNN with
the navigator-based correction efficiently resolves head movements on two time-scales: 1)
The self-navigator-based estimation and subsequent realignment of motion-induced dis-
placements in the k-t-space has proven to recover a significant amount of the parameter
information corrupted by abrupt inter-segment movements. 2) With the 3D residual multi-
scale CNN, we reliably resolve residual artifacts and phase inconsistencies due to continuous
intra-segment movements that are unresolved by the limited temporal resolution of the self-
navigators, providing high-quality and artifact-free parameter maps.

The proposed physics-informed motion simulation allows us to retrospectively apply
continuous motion directly to the k-t-space and propagate it through the reconstruction
pipeline. We make implicit use of the forward encoding operator from k-space to parameter-
space to generate self-contained, paired training data for supervised model training. Thus,
we present an efficient training scheme that does not require large amounts of motion and
motion-free data pairs to be acquired. Also, in contrast to other physics-guided methods,
we do not rely on fully sampled data to be used as reference for supervised network training.
This is from particular practical relevance as the acquisition of fully-sampled 3D+time QTI
data is infeasible due to prohibitively long scan times (Yaman et al., 2020).

The 3D patch-based CNN implementation allowed us to fully capture the spatial corre-
lations that inevitably arise from 1) the subject movements in the 3D space, which cause

6
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(a) 1.5T

Motion Navigator Navigator + residual CNN No motion reference

(b) 3T

Figure 2: Proposed motion correction for representative volunteer scans at 1.5T (a) and
3T (b) (axial views). T1, T2 and PD maps show pronounced motion-induced
artifacts (Motion) compared to the No motion reference. Remaining artifacts
after Navigator -based correction are resolved by the residual CNN (Navigator +
residual CNN ), providing high-quality parameter maps.

spatially correlated image artifacts, and 2) the 3D design of the MR acquisition with spatial
undersampling and multicoil imaging that provoke a mixing of signal components. With
the adaption of the residual learning concept, we transferred the non-linear disentangling
of the primary parameter information and the secondary image artifacts into the sparse
representation of the residual maps.

Generalization analysis on clinical quantitative MRI For the clinical test cases at
1.5T and 3T, Figure 3, Figure A.4 and Figure A.5 indicate that the residual CNN yields
high-quality, artifact-free parametric maps. In both cases, the navigator-based approach
did not improve image quality of the parametric maps as much as seen for the volunteer
data (Figure 2, Figure A.2, Figure A.3). This is attributed to the fact that there were no
pronounced abrupt movements but the patients moved their heads continuously, i.e. on
a faster scale of what can be resolved by the self-navigators. The patient datasets also
showcase the generalization capabilities of the residual CNN. We observed reliable motion-
correction results in the presence of pathological findings in both adult and pediatric patients
whose brain anatomy differs from that of healthy adults in the training data.

Limitations and outlook Although the proposed multiscale CNN has shown convincing
efficiency and functionality in this proof of concept, more advanced DL architectures might
have the potential to improve on our baseline. We also plan to further investigate on
the intrinsic denoising capacities of our method as revealed by the 1.5T experiments. As
suggested from the clinical evaluation, patient data seemed to be affected by continuous head
movements without any abrupt position changes. It is hence subject to our current and
follow-up work to investigate what motion scales can be resolved by the residual CNN when
applied as a stand-alone tool. We also plan to explore potential application scenarios of the
presented DL-empowered motion correction in other body regions and motion patterns.
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(a) Pediatric patient (1.5T) (b) Adult patient (3T)

Figure 3: Proposed motion correction for representative clinical test cases (axial views).
(a) Pediatric patient with subtotal agenesis of the corpus callosum and inter-
hemispheric cyst, scanned at 1.5T. (b) Adult patient with glioblastoma in the
temporo-parietal region with cystic-necrotic and hemorrhagic components, and
marked perilesional edema, scanned at 3T. For both patients, the residual CNN
improved image quality of all parametric maps (Navigator + residual CNN ),
mitigating image artifacts attributed to head movements during scan sessions.

4. Conclusion

In this work, we propose a 3D multiscale residual CNN for retrospective motion correction
in fast 3D whole-brain multiparametric MRI. We present a physics-informed motion sim-
ulation, allowing for efficient model training without the requirement of large amounts of
paired data. The 3D CNN architecture captures the intrinsically 3D relationships of the
motion-induced corruptions to reliably recover high-quality T1, T2 and PD maps. Taking
advantage of the sparsity in the residual maps, we can substantially improve the quality of
quantitative maps suffering from subject movement - in case of healthy volunteers but also
for pediatric and adult patients with pathological findings. This is particularly important in
clinical setups where scans frequently have to be repeated, possibly under sedation, because
of motion artifacts. With fast scanning time and higher motion-immunity, quantitative
MRI may become a standard for clinical practices.
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Appendix A. Supplementary figures and tables

A.1. Physics-informed simulation of motion-corrupted data
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(a) Axial views

T
1

 (
m

s)
T
2

 (
m

s)
P

D
 (

a
.u

.)

0

500

1000

1500

2000

2500

3000

0

50

100

150

200

250

300

0.0

0.2

0.4

0.6

0.8

1.0

Artificial motion Navigator No motion reference

Input to residual CNN

(b) Coronal views
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(c) Sagittal views

Figure A.1: Physics-informed motion simulation illustrated for a representative volunteer
dataset acquired at 3T. Continuous rigid, i.e. translation and rotation, motion
patterns are applied to the individual time frames of the acquired motion-
free k-t-space data (No motion reference), imitating continuous head move-
ments (Artificial motion). Navigator-based motion correction is then applied
to mitigate artifacts due to inter-segment movements in the first place (Naviga-
tor). The obtained parametric maps with remaining artifacts due to continuous
intra-segment movements are the input to the residual CNN.
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A.2. Cross-validation experiment on healthy volunteer data
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(a) Coronal views
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(b) Sagittal views

Figure A.2: Proposed motion correction for a representative volunteer test dataset acquired
at 1.5T (coronal and sagittal views).
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Figure A.3: Proposed motion correction for a representative volunteer test dataset acquired
at 3T (coronal and sagittal views).
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Table A.1: Quantitative evaluation of the cross-validation experiment for motion-corrupted,
measured volunteer data summarized by concordance correlation coefficient
(CCC) and coefficient of determination (R2) metrics between the result of the
respective correction method, i.e. only navigator-based correction (Navigator)
and navigator-based correction with subsequent residual CNN-based correction
(Navigator + residual CNN ), and the motion-free parameter maps as reference.

1.5T 3T
Correction Metrics T1 T2 PD T1 T2 PD
No correction 0.48 0.38 0.48 0.68 0.55 0.44
Navigator CCC 0.72 0.61 0.61 0.82 0.75 0.60
Navigator + residual CNN 0.78 0.71 0.71 0.87 0.83 0.83
No correction 0.51 0.38 0.5 0.68 0.56 0.78
Navigator R2 0.72 0.61 0.63 0.81 0.76 0.87
Navigator + residual CNN 0.79 0.72 0.76 0.87 0.84 0.91

A.3. Generalization analysis on clinical quantitative MRI

(a) Coronal views (b) Sagittal views

Figure A.4: Proposed motion correction for the pediatric case acquired at 1.5T (coronal
and sagittal views).
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(b) Sagittal views

Figure A.5: Proposed motion correction for the adult patient’s dataset acquired at 3T (coro-
nal and sagittal views).

A.4. Ablation study

Table A.2: Cross-validation experiment for quantitative comparison of the proposed multi-
scale CNN with global and local paths and a singlescale CNN comprising only
two local paths, both applied after initial Navigator -based correction. Motion-
correction performance is again summarized by concordance correlation coeffi-
cient (CCC) and coefficient of determination (R2) between the motion-corrected
and the motion-free parameter maps.

1.5T 3T
CNN implementation Metrics T1 T2 PD T1 T2 PD
Navigator + multiscale CNN
(global + local path)

CCC
0.78 0.71 0.71 0.87 0.83 0.83

Navigator + singlescale CNN
(2 local paths)

0.75 0.65 0.63 0.85 0.78 0.77

Navigator + multiscale CNN
(global + local pathway)

R2
0.79 0.72 0.76 0.87 0.84 0.91

Navigator + singlescale CNN
(2 local paths)

0.75 0.66 0.68 0.86 0.8 0.87
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D I S C U S S I O N

The core of this dissertation is to present methodological advances
towards fast and robust multiparametric MRI empowered by DL con-
cepts. To this end, contributing to the translation of applied research
on quantitative MRI methods into clinical practice was the main re-
search motive of this work.

Inspired by the seminal work on MRF [62], multiparametric MRI
based on transient-state imaging constitutes the core methodological
framework of this work. This publication-based dissertation is com-
prised of three first-author journal and conference publications in
Chapter 5, which are supplemented by three first-author conference
abstracts that are strongly related to these works in Appendix A.

The following practical challenges of quantitative MRI that arise
from the interests and needs for broad clinical application were ad-
dressed from three different perspectives:

efficient quantification of t1 , t2 and pd With a particu-
lar focus on fast multiparametric MRI for neuroradiology application,
3D whole-brain T1, T2, and PD mapping with QTI was optimized for
clinical deployment in routine glioma imaging protocols. Initial clin-
ical experience showed that the highly accelerated acquisition meets
the tight time constraints in clinical practice and the CS reconstruc-
tion combined with a NN-based parameter inference produced para-
metric maps with relevant image quality and resolution. Synthesiz-
ing qualitative MRI contrasts can make conventional T1-weighted,
T2-weighted and FLAIR sequences obsolete and paves the way to
considerably shortened routine brain imaging protocols. With regard
to a potential suitability as a MRI biomarker, 3D QTI demonstrated
comprehensive information about tumor (sub-) structures captured
in T1 and T2 parameters and quantifiable differentiation of healthy
and diseased tissue that goes beyond the solely qualitative analysis
of contrast-weighted MRI. (Section 5.1 [2], Section A.2 [5] and [7])

joint relaxation times and diffusion tensor quantifi-
cation Although advanced quantitative MRI techniques have pro-
ven to provide important insights for comprehensive tissue charac-
terization, the extensive post-processing for data harmonization that
is necessary for inferring diagnostically useful information, is still
a major barrier. For this reason, the rich patho-physiological infor-
mation that could in theory be retrieved from state-of-the-art MRI
protocols with multiple but individual quantitative and qualitative
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sequences, is commonly underutilized in clinical practice. To tackle
this problem, another motive of this work was to expand MRF-based
multiparameter quantification beyond joint T1 and T2 mapping only
to also include anisotropic diffusion effects. The motivation for this
project was twofold: With regard to the clinical practice, multipara-
metric information that is readily available in the same, natural im-
age space significantly simplifies clinical data analysis workflows and
eventually makes parameter-driven tissue characterization more user-
friendly. From a technical perspective, jointly encoding for relaxation
and diffusion information has great potential for increasing scan effi-
ciency by exploiting the inherent relationships between the respec-
tive biophysical processes. The great efficiency gain, which simul-
taneous relaxation and diffusion encoding might promise, however,
comes at the expense of various sources of artifacts that overlay with
the primarily encoded parameter information. This poses a major
challenge for reconstructing parameter maps from the transient sig-
nal responses. Only a spatially-constraint CNN architecture proved
capable of solving this multivariate regression problem. Capturing
both temporal and spatial correlation, high-quality maps of T1, T2
and the diffusion tensor elements were reliably reconstructed. This
would have been infeasible with established parameter fitting algo-
rithms. The proposed DL model was able to disentangle primary
signal components from secondary effects due to spiral undersam-
pling, the interference of diffusion-encoding and readout gradients
or subject movements propagating through the signal evolution. This
was the case for healthy volunteers and multiple sclerosis patients.
The demonstrated generalization to regions of diagnostic importance
such as white matter lesions is a crucial requirement for clinical de-
ployment. (Section 5.2 [1], Section A.1 [4] and referenced in [91, 113,
114])

retrospective 3d motion correction for fast multipara-
metric mri While fast multiparametric mapping via transient-
state encoding has shown promising results in the aforementioned
studies, a major barrier for clinical translation nevertheless arises in
case of patient motion - a complex problem that has existed since the
inception of MRI as a medical imaging modality [115]. And despite
significant technological advances, motion artifacts have remained an
enormous issue for clinical practice as they frequently render MRI
scans diagnostically useless. Although susceptibility to motion is not
a problem unique to quantitative MRI, it is amplified due to the pro-
longed scanning or the transient nature of temporal signal encoding.
Therefore, the third project within this work aimed at increasing mo-
tion robustness of fast multiparametric MRI with 3D QTI by taking
advantage of the previously demonstrated capabilities of DL for (mo-
tion) artifact reduction. The proposed two-stage correction with its
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key building blocks - a realignment based on self-navigators and a
subsequent CNN-based residual learning - reliably mitigated motion-
induced artifacts and inferred high-quality T1, T2 and PD maps. This
was demonstrated for healthy volunteer data and importantly also for
real clinical cases, including pediatric and adult patients with large
brain lesions. As such, this constitutes another technical improvement
on the way to fast and robust multiparametric MRI that is critical for
its integration into clinical routine protocols (Section 5.3 [3]).

The adoption of DL methods for accelerating multiparametric MRI
and for increasing its robustness, e.g. to spatial undersampling or
subject motion, is at the core of this dissertation. The unparalleled
success of DL has taken the entire field of medical imaging a major
step forward and has triggered significant advances with regard to
the fundamental challenges of MRI. Thus, DL has emerged extremely
powerful also in bridging the gap towards a wider clinical deploy-
ment of quantitative MRI with the potential to further increase the
capabilities and the diagnostic outcome of MRI.

However, to actually have a positive impact on clinical practice,
recently proposed DL-enabled technical improvements, which also
include the work presented in this dissertation, require extensive clin-
ical validation. This requirement goes beyond the initial feasibility or
generalizability analyses performed in the works relevant to this the-
sis. Although the proposed methodological advances proved success-
ful in a bandwidth of mixed study cohorts of both healthy volunteers
and patients with different clinical pictures, stages of disease and
treatment histories, these test scenarios were still highly defined and
only partially covered the actual clinical radiology practice. Therefore,
dedicated reproducibility studies need to follow up on these initial
proof of concepts, including, for example, longitudinal evaluation to
reveal potential benefits for monitoring treatment responses along the
course of disease.

For a clinically impactful improvement of the current state of the
art in radiology workflows, another major bottleneck of DL methods
is the general requirement of large amounts of training data, which
has remained an open or only partly solved challenge in particular for
supervised learning approaches [116]. Despite the successful proof of
concept, the rather small dataset was a clear limitation for the pro-
posed CNN-based joint T1, T2 and diffusion tensor mapping [1]. It is
strongly believed that more available training data could further in-
crease the reconstruction performance of the DL model, e.g. in cases
of severe motion corruption.

Unlike other application fields of DL, the entire MRI signal and
hence image formation process - from (undersampled) acquisition to
reconstruction - follows the laws of MR physics. Therefore, the pos-
sibility to cast the underlying physical laws into mathematical mod-
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els, gives rise to physics-informed surrogate NNs [98]. In particular,
physics-driven forward simulations have proven to be efficient and
versatile means to circumvent the need for paired training data in the
course of this dissertation [3] and other works [94, 117, 118].



7
C O N C L U S I O N S A N D O U T L O O K

With the goal of pushing the state of the art in quantitative MRI for-
ward, the methodological improvements proposed in this dissertation
are primarily driven by linking novel concepts at the interface of MR
physics and computer science. To this end, the key aspects of this
thesis are a highly accelerated, spatially undersampled acquisition of
transient-state signals combined with DL methods for reconstruction
and parameter inference.

On the methodological side, these key building blocks leave room
for further improvement in several aspects. Combining massive un-
dersampling in both the spatial and the parameter domain with high
performance reconstruction algorithms, and DL methods in partic-
ular, significantly increased parameter mapping efficiency. As such,
continuing to explore the optimization potential in transient-state
imaging schemes can further enhance its clinical potential and is
hence subject to future work. In the spirit of end-to-end learning [87],
DL-driven MRI sequence optimization could be a potentially promis-
ing research direction on the way to faster scanning, higher robust-
ness, better SNR or increased quantification capabilities [68, 70, 119].
Likewise, DL approaches that build directly on the raw k-space do-
main [82, 86] or that account for the complex nature of MRI data [83,
120] could further increase reconstruction performance, whilst ensur-
ing consistency with the actually acquired data. The contribution of
this thesis is primarily focused on supervised learning paradigms,
which are considered the most effective training strategy so far. How-
ever, research on semi-supervised or unsupervised training setups is
actively evolving with the goal to achieve robust training of deep NNs
despite the lack of paired MRI training data [121]. As such, it is sub-
ject of future work to explore suitable training strategies beyond su-
pervised learning with regard to MRI in general and quantitative MRI
in specific. The current high pace of DL advances will certainly trig-
ger further progress towards higher acceleration, sparser sampling
schemes or faster reconstruction runtimes.

From a clinical perspective, extensive evaluation, sensitivity anal-
ysis and stress testing of the proposed methodological and algorith-
mic advances for large, diverse patient cohorts, including adults and
pediatrics, and multiple diagnostic issues is crucial for establishing
multiparametric MRI as a quantitative image-based biomarker. Aim-
ing for a precise and sensitive tissue characterization in general and
pathology assessment in particular, the ability to reveal multicompo-
nent parameter estimates on a subvoxel level would certainly further
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increase the diagnostic value of quantitative MRI and constitutes an-
other promising step towards personalized medicine [122–124]. Also,
transferring the presented acquisition and reconstruction framework
to body regions outside the brain, e.g. with more diffuse, non-rigid
motion patterns such as abdominal imaging, would be an interesting
direction for future work [125, 126].



Part IV

A P P E N D I X





A
P E E R - R E V I E W E D C O N F E R E N C E A B S T R A C T S

This chapter summarizes peer-reviewed conference abstracts that com-
plement the main contributions of the author to improve fast and
robust multiparametric MRI in Chapter 5. Deep learning-enabled dif-
fusion tensor MR Fingerprinting introduces the concept of joint relax-
ation and diffusion tensor MRF and is considered prior work to the
publication [1] in Section 5.2. Accelerated 3D multiparametric MRI in
glioma patients - Initial clinical experience summarizes early clinical
experience with 3D QTI when integrated into routine glioma imag-
ing with a primary focus on technical viability aspects. It lays the
foundation for the extended feasibility study [2] in Section 5.1. Syn-
chronizing dimension reduction and parameter inference in 3D mul-
tiparametric MRI: A hybrid neural network approach demonstrates
a NN framework that combines a learnt latent-space compression of
the acquired transient-state signal with a subsequent inference of T1,
T2 and PD estimates. The layout of the conference abstracts was har-
monized.
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synopsis

MR Fingerprinting enables the quantification of multiple tissue prop-
erties from a single, time-efficient scan. Here we present a novel
Diffusion Tensor MR Fingerprinting acquisition scheme that is simul-
taneously sensitive to T1, T2 and the full diffusion tensor. We circum-
vent the longstanding issue of phase errors in diffusion encoding and
expensive dictionary matching by using a neural network architec-
ture capable of learning the non-linear relation between fingerprints
and multiparametric maps, robustly mitigating motion, undersam-
pling and phase artifacts. As such, our framework enables the si-
multaneous quantification of relaxation parameters together with the
diffusion tensor from a single, highly accelerated acquisition.

introduction

MR Fingerprinting (MRF) provides a framework for simultaneous
quantification of multiple tissue parameters from a single, time-efficient
acquisition [1]. Recently, attempts have been made to develop diffusion-
weighted MRF techniques. However, the transient nature of MRF
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signals makes them highly susceptible to severe motion artifacts, es-
pecially when considering the full diffusion tensor (DT). Susceptibil-
ity to motion, together with the exponential scaling of the dictionary
with the dimensionality of the parameter space, pose a significant
challenge and limit existing diffusion-weighted MRF applications to
the estimation of the apparent diffusion coefficient [2–5]. Here we
present a novel Diffusion Tensor MRF (DT-MRF) acquisition, where
diffusion-encoding gradients in all three spatial dimensions encode
the full DT. Inspired by image quality transfer ideas [6, 7], we take
advantage of neural networks to recover information from images cor-
rupted from phase errors due to motion and spatial undersampling
artefacts to reliably reconstruct T1 and T2 maps together with the DT
maps from a single acquisition.

methods

Building on diffusion-weighted steady-state free precession literature
[8], we propose a diffusion-sensitive MRF-type acquisition as follows
(Figure 1a-e). Diffusion-encoding directions are varied randomly ev-
ery 34 repetitions, with non-diffusion-weighted unbalanced gradients
added every six directions. In total, 30 diffusion directions, chosen
based on the electrostatic repulsion algorithm [9], are acquired. An
initial inversion pulse is followed by a train of constant flip angles
with repeating variable flip angle ramps in the latter part of the se-
quence to increase T1 and T2 sensitivity. Repetition times are set
constant during diffusion-encoding with longer waiting periods in-
between directions. During each repetition, one arm of an under-
sampled spiral interleave is acquired. Image time-series are obtained
using sliding-window reconstruction.

In an IRB-approved study, data from eleven patients with Multi-
ple Sclerosis (MS) and nine healthy subjects were acquired on a 3 T

HDx MRI system (GE Healthcare, Milwaukee, WI) using an eight
channel receive-only head RF coil, after obtaining written informed
consent. The protocol (see Table 1) included diffusion tensor imag-
ing (DTI), DESPOT1/2 sequences and a high resolution T1w acqui-
sition for co-registering all modalities. In addition to these clinical
sequences, 8-12 axial slices, covering the middle portion of the brain
were acquired with our DT-MRF sequence. We obtained T1 and T2
maps from DESPOT1/2 and calculated the DT from the DTI dataset.
These clinical gold-standard maps constitute the ground-truth for the
deep learning approach.

Bypassing conventional dictionary matching [10, 11], we propose a
modified UNET architecture to learn a non-linear function between
the temporal evolution of the DT-MRF magnitude images, and the
quantitative relaxation and DT maps, scaled from 0 to 1, as out-
put (Figure 1f). The model was implemented using TensorFlow and
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Table 1: Acquisition parameters. For each of the sequences, main parame-
ters are provided.

DT-MRF

sequence

Clinical gold-standard sequences

DTI DESPOT1/2 T1w

Sequence(s) DT-MRF Single-shot DW-EPI SPGR, IR-SPGR, bSSFP FSPGR

Native resolution

(mm2)
1.2× 1.2 1.8× 1.8 1.7× 1.7 1.0× 1.0

Field of view

(mm2)
225× 225 230× 230 220× 220 256× 256

Number of slices 10− 12 57 3D 3D

Native slice thickness

(mm)*
5 2.4 1.7 1

TE (ms) 6 94.5
SPGR: 2.1

bSSFP: 1.6

IR-SPGR: 2.1

3

TR (ms) 22, 50 16000

SPGR: 4.7

bSSFP: 3.2

IR-SPGR: 4.7

7.8

TI (ms) 18 - IR-SPGR: 450 -

FA (°) 37, 0− 49 ramps 90

SPGR: 3, 4, 5, 6, 7, 8, 9, 13, 18

bSSFP: 0.6, 14.1, 18.5, 23.8, 29.1, 35.3, 45, 60

IR-SPGR: 5

20

b-value (s/mm2) - 1200 - -

Spiral interleaves

(number)
34 - - -

Total acquisition time

(min)
2.5 12.5 10 7.5

* Clinical gold-standard maps where resampled to a slice thickness of 5mm

trained for 650 epochs using L2 loss with ADAM optimizer, batch
size of 5, learning rate of 1e-4 and dropout rate of 0.5. Aiming at
an efficient and robust reconstruction method, we trained our model
on healthy subjects and MS patients. We calculated mean diffusiv-
ity (MD), axial diffusivity (AD), radial diffusivity (RD) and fractional
anisotropy (FA) metrics from the predicted and gold standard DT
[12].

results

Predicted maps correlate highly with the DESPOT1/2 and DTI gold-
standard, respectively (Figure 2). The quantification errors for the dif-
fusion metrics also indicate good agreement with the gold-standard.
Figure 3 shows estimated maps for T1, T2 and the DT elements to-
gether with the reference for two representative test datasets. High
consistency between the predicted maps and traditional, gold-standard
methods can be visually observed. The corresponding diffusion met-
rics confirm this good correspondence and demonstrate that direc-
tional information in the predicted DT is preserved (Figure 4).
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Figure 1: DT-MRF acquisition and deep learning reconstruction framework.
a, Constant flip angles followed by variable flip angle ramps.
b, Repetition time pattern with longer waiting periods when
changing diffusion-encoding directions. c, Random variation of
diffusion-encoding gradients. d, Spherical representation of the ac-
quired diffusion directions. e, Diffusion-encoding and spiral read-
out gradients. f, The UNET architecture receives the spatiotempo-
ral magnitude image data (256× 256, 1224 channels) as input and
outputs quantitative maps of T1, T2 and the DT (256× 256, 8 chan-
nels). The database was partitioned into disjunct sets (including
MS patients and healthy subjects) for training (13 subjects), valida-
tion (2 subjects) and testing (5 subjects).
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Figure 2: Prediction quality for the test dataset with root-mean-square error
(RMSE), peak signal-to-noise ratio (PSNR) and R2-score between
prediction and reference (calculated for individual slices) as pri-
mary performance metrics. To ensure comparability, RMSE was
derived from the scaled maps. T1 and T2 estimates indicate good
consistency with the gold-standard. Estimated DT elements agree
well with the gold-standard in terms of RMSE and PSNR; R2 in-
dicates higher correlation for diagonal than off-diagonal elements.
The DT-MRF framework allowed for reliable quantification of di-
rectional information as demonstrated by the high correlation of
predicted and reference diffusion metrics MD, AD, RF and FA.
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Figure 3: Image input time-series, predicted and gold-standard T1 and T2
maps together with the DT elements for two representative test
volumes. a, Exemplary samples from the magnitude image time-
series show motion and spatial undersampling artefacts. b, Pre-
dicted maps do not show visual artifacts, offering satisfying image
quality. Quantitative relaxation as well as DT maps and indicate
good consistency with gold-standard methods as seen from the
scatter plots.
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Figure 4: Diffusion metrics MD, AD, RD and FA calculated from predicted
and gold-standard DT maps for two representative test volumes.
Predicted and reference MD, AD and RD show good visual agree-
ment. Our method is able to reliably recover the predominant
diffusion direction in white matter even though FA is slightly un-
derestimated in high anisotropy areas.

A.1 deep learning-enabled diffusion tensor mr fingerprinting 113



discussion

The proposed DT-MRF scheme simultaneously encodes T1, T2 and
the DT with a highly accelerated acquisition (12 s/slice). In combina-
tion with the deep learning-based reconstruction, this enables fast pa-
rameter inference, providing artifact-free quantitative relaxation and
DT maps whilst making expensive postprocessing pipelines of con-
ventional multi-modality imaging redundant. Despite achieving high
correlation with respect to gold-standard DTI, the network does not
fully recover the characteristic fiber structure of high anisotropy ar-
eas but still captures directional information. We expect that further
improvements in the diffusion-encoding and neural network recon-
struction will be able to even further improve its predictive quality
and is hence subject of future work.

conclusion

We propose a novel DT-MRF acquisition and reconstruction frame-
work. Taking advantage of deep learning architectures, we recon-
struct multiparametric outputs from spatiotemporal MRF data cor-
rupted by motion, phase errors and undersamp-ling artifacts. We pro-
vide a proof-of-concept for simultaneous quantification of T1 and T2
relaxation maps and DT maps with a MRF-type acquisition scheme
that goes beyond ADC mapping alone. Additionally, we show that
circumventing conventional dictionary matching paves the way to in-
novative higher-dimensional MRF applications.
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acquisition scheme in glioma patients."

Contribution of thesis author: Conceptualization, algorithmic devel-
opment and implementation, experimental design, data analysis, ab-
stract preparation and editing.

Copyright Notice: ©ISMRM.



A C C E L E R AT E D 3 D M U LT I PA R A M E T R I C M R I I N
G L I O M A PAT I E N T S - I N I T I A L C L I N I C A L

E X P E R I E N C E

Carolin M. Pirkl1,2, Laura Nuñez-Gonzalez3, Sebastian Endt1,2, Guido
Buonincontri4,5, Rolf F. Schulte2, Pedro A. Gómez1, Marion Smits3,
Bjoern H. Menze1, Marion I. Menzel2,6, Juan A. Hernandez-Tamames3

1 Department of Informatics, Technical University of Munich, Mu-
nich, Germany,

2 GE Healthcare, Munich, Germany,
3 Radiology & Nuclear Medicine, Erasmus University Medical Cen-

ter, Rotterdam, Netherlands,
4 Fondazione Imago7, Pisa, Italy,
5 IRCCS Fondazione Stella Maris, Pisa, Italy,
6 Department of Physics, Technical University of Munich, Germany

synopsis

In brain tumor diagnosis, fully quantitative, multiparametric MRI of-
fers great opportunities as it allows for comprehensive tissue and
hence tumor characterization which is essential for treatment plan-
ning and monitoring the treatment response. With its highly accel-
erated acquisition, advanced rapid MR mapping techniques facilitate
multiparametric imaging in clinically acceptable scan times, provid-
ing quantitative, reproducible and accurate diagnostic information
that is less affected by system and interpretation biases. In this work,
we present initial clinical results and demonstrate the feasibility of a
novel 3D multiparametric quantitative transient-state imaging (QTI)
acquisition scheme in glioma patients.

introduction

Due to its superior soft-tissue contrast, MRI is the method of choice
for tissue characterization in brain tumor diagnosis. It also guides
treatment planning and is required to monitor treatment response.
Here quantitative MRI offers great opportunities as it provides com-
prehensive diagnostic information. Owing to long acquisition times
of conventional quantitative MR techniques, routine imaging pro-
tocols for brain tumors mainly present qualitative information [1].
The limitations arising from qualitative imaging and interpretation
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also apply to the process of identifying and describing tumor sub-
structures of interest. That is, the rich patho-physiological informa-
tion of advanced clinical imaging sequences is underutilized as an-
alyzing the complex multi-parametric, multimodal and even multi-
temporal image data sets remains a major challenge. Aiming for
quantitative imaging biomarkers, advanced rapid multiparametric
mapping techniques [2–5] have recently been demonstrated to facili-
tate multiparametric imaging in clinical acceptable scan times, provid-
ing quantitative, reproducible and accurate diagnostic information
which is less affected by system and interpretation biases. In this
work, we present initial clinical results of a novel 3D multiparamet-
ric quantitative transient-state imaging (QTI) acquisition scheme in
glioma patients (grade II-IV).

methods

As part of an IRB-approved study, data from three glioma patients
were acquired on a 3 T MR750 system (GE Healthcare, Milwaukee,
WI) after obtaining written informed consent. The MR protocol in-
cluded conventional, qualitative and quantitative sequences.

In addition to the clinical sequences, the patients were scanned
with the proposed 3D QTI acquisition which is based on the follow-
ing schedule: after an initial adiabatic inversion (TI=18ms), flip an-
gles (0.8° 6 FA 6 70°) are applied in a ramp-up/down pattern with
TR/TE=7.8ms/1.8ms and 880 repetitions using a varying-density
spiral readout (22.5× 22.5× 22.5 cm3 FOV, 1.25× 1.25× 1.25 mm3 iso-
tropic resolution) with in-plane and spherical rotations [6]. In-plane
rotations were incremented with the golden angle from one repeti-
tion to the next. Spherical rotations were applied to acquire data in
all three spatial dimensions with fully sampled in-plane discs. 3D
QTI data was reconstructed using k-space weighted view-sharing [7]
and zero-filling, respectively, followed by dimensionality reduction
via SVD subspace projection, gridding onto a Cartesian grid using
the gpuNUFFT [8], 3D FFT and subsequent coil sensitivity correc-
tion. We obtained quantitative maps of T1, T2 and PD by match-
ing the reconstructed subspace images to a dictionary which was
computed for T1=[100:20:4000]ms and T2=[20:4:600]ms using the Ex-
tended Phase Graphs formalism [9]. As an alternative to exhaustive
dictionary matching, we trained a neural network to infer T1, T2
and PD estimates. As illustrated in Figure 1, the proposed model
receives the first 10 singular components of the SVD compressed QTI
signal x as input and outputs the underlying tissue parameters q, i.e.
T1, T2 and a PD-related scaling factor, with the final PD estimate

PD =
‖x‖2
q3

. We trained the model on 70% of the samples in the sim-

ulated dataset with added Gaussian noise, using ReLU activation, L1
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Figure 1: Neural network architecture. The model receives the first 10 sin-
gular components of the SVD compressed QTI signal x as input
and outputs the underlying tissue parameters q, i.e. T1, T2 and a

PD-related scaling factor, with PD =
‖x‖2
q3

.

loss and ADAM optimization (learning rate=1e-4, dropout rate=0.8,
1200 epochs).

results

Isotropic 3D maps of T1, T2 and PD obtained with view-sharing
and zero-filling reconstruction, respectively, and subsequent dictio-
nary matching are shown in Figure 2. Figure 3 shows that parametric
maps obtained via fast neural network inference (computation time
of less than 1min) are largely consistent with the dictionary match-
ing results (computation time of 16min). That is, combining GPU
gridding, zero-filling and neural network inference in the reconstruc-
tion pipeline, we achieved computation times of less than 7min. As
seen from Figure 4, patient movement can affect the estimation of
tissue parameters. In case of head motion, 3D QTI achieves an im-
age quality comparable to state-of-the-art FSPGR and CUBE FLAIR
sequences.

discussion

Initial experience with 3D QTI in glioma patients demonstrated fully
quantitative, multiparametric MR mapping with high isotropic reso-
lution and acquisition time that make it feasible for use under tight
clinical time-constraints. Combining the 3D QTI framework with a
neural network for T1, T2 and PD inference proves to be a fast and
memory-efficient alternative to a conventional dictionary matching
approach. Once trained, the neural network offers fast parameter
quantification that is not restricted by the size or the granularity of
the dictionary. 3D QTI demonstrated to reliably identify tissue and
hence tumor heterogeneity that is captured in T1, T2 and PD param-
eters. As such, it offers comprehensive tissue assessment of tumor
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Figure 2: Parametric maps for patient 1 (a) and patient 2 (b). 3D QTI pro-
vides quantitative maps of T1, T2 and PD with high image quality.
The view-sharing approach can improve spatial consistency com-
pared to naive but fast zero-filling.

Figure 3: Neural network parameter inference and dictionary matching re-
sults when combined with the zero-filling image reconstruction.
The trained neural network provides T1, T2 and PD maps with
good correspondence with the state-of-the-art dictionary matching
results, offering time and memory-efficient parameter inference
that is not restricted by the size or the granularity of the dictio-
nary.
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Figure 4: Parameter maps in case of patient motion. Patient movement af-
fect the estimation of tissue parameters (a). With the view-sharing
reconstruction pipeline, 3D QTI achieves an image quality which
is comparable to state-of-the-art FSPGR (b) and CUBE FLAIR (c)
sequences.

sub-structures with the potential to improve disease characterization
in brain tumor patients. This is essential to find the optimal treat-
ment strategy and to monitor treatment response along the course of
disease.

With the fast acquisition, 3D QTI achieves a motion robustness com-
parable to qualitative, state-of-the-art protocols which is particularly
advantageous for severely diseased patients, and therewith difficul-
ties to lie still during lengthy scanning sessions. Initial experience
also showed that patient motion degrades the image quality of esti-
mated parameter maps. However, we are optimistic that combining
the 3D QTI framework with a motion correction algorithm [10] can
further improve its robustness and is hence subject of future work.

conclusion

This work demonstrates 3D multiparametric quantitative transient-
state imaging (QTI) in glioma patients. The 3D QTI framework offers
quantitative MRI with acquisition and reconstruction times that make
it suitable for application in clinical practice. Its potential to provide
fast and quantitative tissue characterization with high isotropic res-
olution may be particularly beneficial for monitoring treatment re-
sponse in brain tumor patients.
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synopsis

Complementing the fast acquisition of coupled multiparametric MR
signals, multiple studies have dealt with improving and accelerating
parameter quantification using machine learning techniques. Here
we synchronize dimension reduction and parameter inference and
propose a hybrid neural network with a signal-encoding layer fol-
lowed by a dual-pathway structure, for parameter prediction and
recovery of the artifact-free signal evolution. We demonstrate our
model with a 3D multiparametric MRI framework and show that it
is capable of reliably inferring T1, T2 and PD estimates, while its
trained latent-space projection facilitates efficient data compression
already in k-space and thereby significantly accelerates image recon-
struction.

introduction

Advanced multiparametric MR techniques [1–4] have proven to of-
fer reliable and accurate quantification of multiple tissue parame-
ters from a single, time-efficient scan. The fast acquisition, however,
comes at the cost of an expensive reconstruction to mitigate aliasing
artifacts and low SNR due to spatial undersampling [5–7]. Also, the
heavy memory and computational requirements for matching the ac-
quired signal evolutions to a precomputed dictionary are very ineffi-
cient. Multiple works, including machine learning based approaches,
have been presented for accelerating parameter inference [8–10]. So
far, these works are generally limited to the estimation of T1 and T2
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and either take the full signal evolution as input or rely on a prede-
fined signal compression. Here we propose a hybrid neural network
architecture that jointly learns to

1. efficiently compress the acquired, complex signal evolutions in
the time domain,

2. reliably infer T1, T2 and PD estimates,
3. recover artifact-free image time-series.

methods

We present a proof-of-concept of our hybrid neural network approach
for a novel 3D multiparametric quantitative transient-state imaging
(QTI) acquisition [5] which is based on the following schedule: after
an initial inversion (TI=18ms), flip angles (0.8° 6 FA 6 70°) are ap-
plied in a ramp-up/down pattern, inspired by the scheme of Gómez
et al. [5], with TR/TE = 10.5ms/1.8ms and 880 repetitions.

With its dual pathway design Figure 1, the model learns the non-
linear relationship between the complex signal x input, and the un-
derlying tissue parameters q, i.e. T1, T2 and a proxy for PD, together
with the artifact-free signals x̃ as outputs. To synchronize dimen-
sion reduction and parameter inference, the network’s first hidden
layer is a linear projection, compressing the complex signal evolution
to a lower-dimensional, complex latent-space. This is followed by a
phase alignment and a signal normalization layer before the network
splits into its two pathways (Figure 1a): The ’signal-recovery’ path-
way specializes into a denoising encoder-decoder setup, receiving the
phase-aligned latent-space representation of the signal. The ’paramet-
ric’ pathway specializes in parameter prediction from the normalized
latent-space signal. As the signal-encoding layer of our network is a
linear transform, it permutes with the linear FFT and can be directly
applied to the k-space data (Figure 1b), enabling fast image recon-
struction in the learned lower-dimensional space. The reconstructed
QTI latent-space images are then fed to the neural network for param-

eter inference. From the network prediction, we calculate PD =
‖x̃‖2
q3

from the norm of the predicted signal ‖x̃‖2.
Based on the extended phase graph formulism [11], we created a

dataset of synthetic signals for the 3D QTI scheme for T1= [100 : 20 :

4000]ms and T2= [20 : 4 : 600]ms to train our neural network and to
obtain a dictionary matching reference. To train the model, we used
50% of the generated samples and added random Gaussian noise
to the synthetic signals for robust training. Using ReLU activation
and a parametric combination between L1 loss for parameter estima-
tion, and L2 loss for the denoising autoencoder, we trained the model
with ADAM optimization (learning rate = 1e-4, dropout rate= 0.8, 500
epochs).

128 peer-reviewed conference abstracts



Figure 1: Neural network architecture (a) and its integration into the 3D QTI
reconstruction pipeline (b). The proposed model receives the com-
plex QTI signal x as input and outputs tissue parameter estimates
q together with the artifact-free signal curve x̃. Being trained on
synthetic signal evolutions (image space), the trained, linear signal-
encoding layer can be applied on the k-space data prior to the
(linear) FFT, facilitating time-efficient image reconstruction in the
learned lower-dimensional latent-space.

We validated our method on an in-vivo scan of a healthy volun-
teer (m, 33 y), after obtaining informed consent in compliance with
the German Act on Medical Devices. Data was acquired on a 3 T

MR750w system (GE Healthcare, Waukesha, WI) using multi-plane
spiral sampling [12] (55 spherical, 880 in-plane rotations) with 22.5×
22.5× 22.5 cm3 FOV and 1.25× 1.25× 1.25mm3 isotropic resolution.
QTI data was reconstructed using k-space weighted view-sharing [13]
and zero-filling, respectively. We compared our deep learning-based
approach with conventional dictionary matching. For the latter, we
reconstructed the QTI data using the first 10 singular images of a SVD
projection [14].
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Figure 2: Neural network latent-space representation in comparison with an
SVD projection for zero-filling (a) and view-sharing (b) k-space
processing. With the signal-encoding layer, we jointly train dimen-
sion reduction and parameter inference so that the neural network
can find a low-dimensional latent-space representation of the QTI
signals tailored for subsequent T1, T2 and PD prediction that is
hence not a replicate of the SVD transform.

Figure 3: Neural network parameter inference. The proposed framework
provides high quality and consistent T1, T2 and PD estimates for
both the view-sharing and naive zero-filling QTI image reconstruc-
tion scenario.
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Figure 4: Neural network and dictionary matching parameter inference.
The proposed neural network achieves a prediction quality compa-
rable to state-of-the-art dictionary matching for both view-sharing
(a) and zero-filling (b) k-space reconstruction. In white matter re-
gions, i.e. in low T1 and T2 ranges, predicted T2 values are higher
than the dictionary matching estimates. The neural network infer-
ence provides more consistent parameter estimates in the skull.

Figure 5: Representative QTI images along the acquisition train. For view-
sharing (a) and zero-filling (b) reconstruction, predicted signal
curves are consistent with the matched dictionary entries and do
not show visual artifacts, providing high image quality.
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results

Figure 2 depicts the learned latent-space representation and the first
10 singular images of the SVD projection for comparison. As seen
from Figure 3 and Figure 4, parameter maps which we obtained from
the trained neural network (’parametric’ pathway) demonstrate high
image quality and are largely consistent with the dictionary match-
ing results in the brain region. In white matter, predicted T2 values
are higher than the dictionary matching result. The signal curves
obtained from the ’signal-recovery’ pathway do not show visual arti-
facts, providing good image quality and agree well with the matched
dictionary entries (Figure 5).

discussion

We demonstrated a dual-pathway model that learns to infer T1, T2
and PD, while simultaneously recovering the artifact-free signal evo-
lution to circumvent time- and memory-expensive dictionary match-
ing – without being bound by dictionary size or granularity.

With the signal-encoding layer, we incorporate dimension reduc-
tion into the network architecture. As such, the model can find a
low-dimensional latent-space representation of the signals tailored
for subsequent parameter inference. When used prior to the FFT
in the reconstruction pipeline, this learned transformation allows for
efficient compression already in k-space and thereby significantly re-
duces reconstruction time. Although the network predictions overall
agree well with the dictionary matching results, it will be subject of
future work to further investigate the discrepancy in low T2 values
between both methods with ground truth phantom data.

conclusion

We present a deep learning framework that synchronizes dimension
reduction and parameter estimation and addresses the reconstruction
pipeline of multiparametric MRI in two ways:

1. With the learned latent-space projection we speed up image re-
construction and

2. efficiently infer T1, T2 and PD parameters with significantly
reduced computation times and resources compared to state-of-
the-art dictionary matching.
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