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Background: Perfusion magnetic resonance imaging (MRI) is a non-invasive technique essential for assessing
tissue microcirculation and perfusion dynamics. Various perfusion MRI techniques like Dynamic Contrast-
Enhanced (DCE), Dynamic Susceptibility Contrast (DSC), Arterial Spin Labeling (ASL), and Intravoxel Inco-

gg(E: herent Motion (IVIM) provide critical insights into physiological and pathological processes. However, tradi-
ASL tional methods for quantifying perfusion parameters are time-consuming, often prone to variability, and limited

IVIM by noise and complex tissue dynamics.

Recent advancements in artificial intelligence (AI), particularly in deep learning (DL), offer potential solutions to
these challenges. DL algorithms can process large datasets efficiently, providing faster, more accurate parameter
extraction with reduced subjectivity.

Aim: This paper reviews the state-of-the-art DL-based techniques applied to perfusion MRI, considering DCE,
DSC, ASL and IVIM acquisitions, focusing on their advantages, challenges, and potential clinical applications.
Main findings: DL-driven methods promise significant improvements over conventional approaches, addressing
limitations like noise, manual intervention, and inter-observer variability. Deep learning techniques such as
convolutional neural networks (CNNs), recurrent neural networks (RNNs), and generative adversarial networks
(GANSs) are particularly valuable in handling spatial and temporal data, enhancing image quality, and facilitating
precise parameter extraction.

Conclusions: These innovations could revolutionize diagnostic accuracy and treatment planning, offering a new
frontier in perfusion MRI by integrating DL with traditional imaging methods. As the demand for precise, effi-
cient imaging grows, DL’s role in perfusion MRI could significantly improve clinical outcomes, making
personalized treatment a more realistic goal.

Parameter quantification

1. Introduction

Perfusion magnetic resonance imaging (MRI) is a powerful non-
invasive imaging technique that plays a pivotal role in the quantita-
tive assessment of tissue microcirculation and perfusion dynamics. By
probing the movement of contrast agents or endogenous spins, Perfusion
MRI provides invaluable insights into various physiological and patho-
logical processes, such as angiogenesis, blood-brain barrier disruption,
tumor characterization, and neurovascular disorders. Different perfu-
sion MRI techniques, such as Dynamic Contrast-Enhanced (DCE), Dy-
namic Susceptibility Contrast (DSC), Arterial Spin Labeling (ASL), and

Intravoxel Incoherent Motion (IVIM), have emerged as essential tools in
both clinical research and routine clinical practice [1].

While Perfusion MRI has proven to be an invaluable imaging tech-
nique, its full potential in clinical practice may be limited by the
complexity of the accurate extraction of perfusion parameters from the
acquired data. The interpretation and quantification of perfusion data
remain inherently challenging due to the complexity of tissue perfusion
processes, the confounding effects of noise, and the inherent limitations
of conventional data analysis methods. Traditional analysis methods
often require manual input, are time-consuming, and can be prone to
inter- and intra-observer variability, which may hinder the
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reproducibility and reliability of results [2].

Recently, the rapid advancements in deep learning (DL) techniques
have revolutionized various fields of medical imaging. The unparalleled
ability of DL algorithms to identify patterns, learn from vast datasets,
and make predictions has stimulated widespread interest in their
application to Perfusion MRI analysis. DL-based methods offer the po-
tential to overcome the limitations of traditional approaches, enhancing
the accuracy and precision of parameter extraction while reducing
computational times, subjectivity and inter-observer variability.

As the demand for more precise and efficient quantification grows,
the integration of DL methodologies presents a promising avenue to
overcome these challenges. By harnessing the power of DL-driven
parameter extraction, we can unlock a new era of Perfusion MRI ap-
plications, where rapid and precise assessment of tissue perfusion be-
comes attainable, facilitating better diagnosis, treatment planning, and
monitoring of various pathological conditions.

In this paper, we present a comprehensive review of the state-of-the-
art approaches that exploit the power of DL for the extraction of
perfusion parameters from MRI data. Recent reviews on this topic have
discussed the current status of compartment models in contrast-based
perfusion MRI, without specific insights on DL-based methods for pa-
rameters quantification [3], or have favored a broader description of DL
approaches in the clinical context, not limited to parameters estimation
[4]. In both cases, IVIM model was not included in the reviews. In our
study, we aim to highlight the advantages, challenges, and potential
applications of these innovative techniques in the context of DCE, DSC,
ASL, and IVIM perfusion MRI, with a specific focus on the quantification
of parametric maps. Additionally, we discuss the implications of DL-
driven parameter extraction for clinical decision-making, with an eye
towards novel strategies to enhance explainability, data sharing and
privacy.

The paper is structured as follows: In Section 2, we describe the
theoretical foundations of DL techniques, elucidating their relevance to
the complexities of Perfusion MRI data analysis. Section 3 offers a
comprehensive survey of perfusion MRI models, with mathematical
formulations for DCE, DSC, ASL and IVIM. Section 4 is focused on the
presentation of recent DL-based methodologies proposed for parameter
extraction in perfusion MRI, that we found in the searched literature.
Section 5 emphasizes the specific advantages and limitations of the
current approaches, highlights challenges and introduces future
perspectives.

This review will not only serve as a reference for researchers and
clinicians seeking a comprehensive understanding of DL-driven perfu-
sion parameter extraction but also inspire further advancements in the
field. By exploring the vast potential of DL in refining perfusion MRI
analysis, we envision a future where improved diagnostic accuracy,
personalized treatment planning, and enhanced patient outcomes
become attainable realities.

2. Deep learning techniques

DL is generally considered a more advanced implementation of
Machine Learning (ML) and it offers promising opportunities for fast and
efficient imaging analysis [5]. ML represents a large field of research in
the Artificial Intelligence (AI) context, thanks to the ability of learning
model from data, by automatically identifying complex and high-
dimensional patterns in existing datasets and making predictions or
classifications based on new unseen data [6].

ML algorithms can be further subdivided into two broad categories,
supervised and unsupervised learning [7]. Supervised learning refers to
techniques in which a model is trained on inputs with known outcomes
(labels). Once the algorithm is trained, it can make outcome predictions
when applied to new data. In unsupervised learning, the algorithm has
no access to the labels of the data but it is designed to learn on its own,
finding undefined patterns or clusters within the dataset.

In medical imaging, Artificial Neural Networks (ANNs) — which are

Physica Medica 133 (2025) 104978

the backbone of DL — are the simplest architectures, derived from multi-
layers perceptron (MLP), where input data are mapped into global fea-
tures through fully connected layers (Fig. 1A) [8]. DL uses biologically
inspired ANNs to learn from large amounts of data and perform complex
tasks [9] and one of the main differences between DL and ML is the
ability of DL to independently learn abstract, high-order features from
data without requiring feature selection. Typically, DL models consist of
multiple layers of nonlinear units that process input data and produce
output [10].

In the context of DL for medical image analysis, convolutional neural
networks (CNNs) are exploited since they can capture the spatial
structure and local patterns of image pixels. CNNs consist of multiple
convolutional layers that apply filters to generate feature maps, followed
by pooling layers that reduce dimensionality and increase feature
invariance. The final fully connected layer connects every neuron in one
layer to every neuron in the next layer, and perform classification or
regression tasks based on the extracted features (Fig. 1B) [11].

A particular type of CNN primarily designed for image segmentation
is the U-Net model, introduced by Ronneberger et al. [12]. It is char-
acterized by the typical U-shaped architecture, consisting of a con-
tracting (encoder) path that captures the context in the image by
progressively reducing the spatial dimensions through convolutional
and pooling layers, and an expansive (decoder) path that reconstructs
the image’s spatial dimensions through upsampling and convolutional
layers. The other relevant key characteristic is the presence of skip
connections between corresponding layers in the encoder and decoder
paths, which allow the model to combine high-resolution features from
the contracting path with the upsampled features in the expansive path
(Fig. 1B).

Autoencoders are a type of ANN or CNN used to learn efficient coding
of unlabeled data through unsupervised learning [13]. They are
composed of an encoder, which compresses the input into a latent-space
representation, and a decoder, which reconstructs the input from this
representation (Fig. 1C). Autoencoders are typically used for dimen-
sionality reduction, feature learning, and generative modeling.

A different type of DL framework is given by Generative Adversarial
Networks (GANs), which are designed for generating realistic synthetic
data. Introduced by Ian Goodfellow and his colleagues in 2014, GANs
consist of two neural networks, a generator and a discriminator, that are
trained simultaneously through an adversarial process (Fig. 1D) [14].
One of the most adopted GAN models is represented by Pix2Pix, which is
a type of image-to-image translation algorithm based on conditional
GAN, aiming at transferring an image across different domains from one
to another. Specifically, the generator processes the source image as
input and attempts to create an image that closely resembles the target
image. Meanwhile, the discriminator evaluates both the generated
image and the actual target image from the dataset, determining how
likely the generated image is to be authentic. Through this iterative
process, the generator and discriminator continuously refine their per-
formance, leading to progressively improved results. These types of
networks have been widely employed in medical imaging, especially for
the generation of images with enhanced quality or with different MRI
contrast.

In recent years, stable diffusion models have gained attention in the
context of image synthesis, including medical applications, by inte-
grating language and image processing models. These models can
generate high-quality and realistic images from text prompts across
various domains, with the most advanced approach represented by the
text-guided diffusion model GLIDE [15,16].

Recurrent Neural Networks (RNNs) are a class of neural networks
designed for sequential data. Unlike traditional neural networks, RNNs
have connections that form directed cycles, enabling them to maintain a
hidden state that can capture information about previous steps in the
sequence (Fig. 1E) [13]. This makes them particularly effective for tasks
like time series prediction, natural language processing (NLP), and any
application where temporal dynamics are important, such as DCE- and
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Fig. 1. Schematic representation of the main architectures for DL models.

DSC-MRI. Long Short-Term Memory (LSTM) networks are a special kind
of RNNs designed to better capture long-range dependencies and miti-
gate the vanishing gradient problem [17]. LSTMs have a more complex
structure than standard RNNs, featuring three gates, which control the
flow of information (Fig. 1E). This gating mechanism allows LSTMs to
maintain and update a cell state, which acts as a memory, over long
sequences, making them particularly useful for tasks like language
modeling, speech recognition, and time-series prediction. Gated
Recurrent Unit (GRU) networks are another type of RNN designed to
address the vanishing gradient problem and capture long-term de-
pendencies, similar to LSTMs but with a simpler architecture, which
allows to perform similarly to LSTMs while being computationally more
efficient (Fig. 1E) [18].

Transformers are a type of neural network architecture designed to
handle sequential data with greater efficiency and effectiveness than
traditional RNNs or LSTMs. Introduced by Vaswani et al. in 2017,
transformers rely entirely on a mechanism called self-attention to pro-
cess input data, allowing for greater parallelization and improved
handling of long-range dependencies [19]. Key components of the
transformer architecture include: i) the Self-Attention Mechanism,
which allows the model to weigh the importance of different tokens in
the input sequence when making predictions; ii) Positional Encoding, to
retain information about the position of each token in the sequence; iii)
Multi-Head Attention, which allows the model to focus on different parts
of the sequence simultaneously and capture diverse aspects of the data
(Fig. 1F). Transformers have revolutionized NLP and are the foundation
of many state-of-the-art models. The transformer architecture has also
been adapted for other domains, such as image processing (Vision
Transformers) and time-series forecasting, showcasing its versatility and
effectiveness across various types of data.

Recent advancements in DL for medical imaging, particularly
regarding Perfusion MRI, include novel learning techniques. Beside su-
pervised and unsupervised learning, physics-informed learning has been
introduced as an approach that integrates physical laws and constraints
directly into the learning process. This method enhances the training
and prediction capabilities of models, by ensuring that the learned

solutions adhere to known physical principles. Physics-informed
learning bridges the gap between traditional scientific modeling and
modern machine learning, resulting in models that are both powerful
and grounded in reality. In the estimation of perfusion coefficients, this
approach can be adopted by considering pharmaco-kinetic models that
describe the concentration curves of contrast agents, or mathematical
models related to the dynamics of MR signal intensity. Specific details
will be given in the next section for each perfusion technique.

3. Perfusion MRI models
3.1. DCE-MRI

DCE-MRI is a functional imaging technique for the depiction of in-
vivo tissue perfusion. It is widely employed to study non-invasively
the integrity of the vascular system of different organs like heart, kid-
ney, liver, prostate and brain, gaining insights on pathogenesis and
therapies response in the research of a whole pool of pathologies [20].
To perform DCE-MRI an exogenous contrast agent (CA) is injected in the
bloodstream during the acquisition of a time series of T1-weighted im-
ages. Images intensity will change proportionally to the concentration of
CA present in the tissue and from the concentration curve over time it is
possible to extract valuable blood perfusion information. While it is
possible to run a trivial nonparametric analysis on the time series
looking at the signal intensity over time, the results provided by such
analysis are non-quantitative and they don’t derive physiological in-
formation. On the other hand, a parametric analysis fits pharmacoki-
netic (PK) models to the dynamically acquired concentration curves
providing quantitative tissue parameters related to vascularity (e.g.
permeability and volume fractions). Perfusion coefficients derived from
PK models can be computed from a single organ by considering the time-
series signal averaged over the region of interest (ROI), or voxel-wise to
obtain quantitative parametric maps. The PK model mostly used is the
Extended Tofts-Kety (ETK) model [21] expressed in the following
equation:
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t

Ci(t]0) = v,Cp(t) +Vekep | Cp(r)e @ dr (€))
0

Where 6 = {vp,ve, kep}, C; is the CA concentration at the equilibrium,
Cp(t) is the blood plasma CA concentration in the input artery over time,
also known as Arterial Input Function (AIF), v, and v, are the relative
volumes of blood plasma and extra-vascular-extra-cellular space (EES),
ke, represents the rate constant for efflux of CA back into plasma from
the tissue EES. The last ETK coefficient not directly present in the
equation is K™ that represents the volume transfer constant that in-
fluences the degree of contrast enhancement, which is equal to v, x ke
[2].

Another popular PK model frequently adopted in the quantification
of DCE-MRI perfusion maps is the Patlak model, which can be consid-
ered as a special case of the ETK model, where the backflux from the EES
into the blood plasma compartment is negligible [22]. In this case, K™
and v, are the only parameters ¢ to be estimated from the following
equation:

Cu(tl0) = v,C (£) + K™ /0 C,(0)dr @

For a comprehensive and detailed description of the models and
methods available for analyzing DCE-MRI, the readers are encouraged to
refer to specific reviews [20].

3.2. DSC-MRI

Dynamic Susceptibility Contrast MRI (DSC-MRI) uses a para-
magnetic gadolinium-based CA, which diffuses through microvascula-
ture and causes magnetic field inhomogeneities around blood vessels,
accelerating proton dephasing in the surrounding tissue and conse-
quently a T2* signal loss. The signal intensity during the rapid passage of
the injected CA bolus through the tissue is typically acquired with EPI
sequences able to characterize the transient MR signal drop with
adequate temporal resolution.

The relation between MRI signal intensity S(t) and CA tissue con-
centration C(t) is described by Eq. (3)

Ci(t) = 7%ln <%) )

Where S(0) is the baseline intensity, and k is a proportionality constant
depending on the tissue, the CA, the field strength and the pulse
sequence parameters.

From the concentration-time curve C(t), parameters characterizing
the tissue perfusion status, such as cerebral blood volume (CBV), cere-
bral blood flow (CBF), mean transit time (MTT), time to peak (TTP),
time to max (Tmax), can be estimated by applying traditional tracer ki-
netic models for intravascular agents [23]. In particular, CBV can be
calculated as:

J Ce(t)dt

CBV = m @

Where C,(t) is the CA concentration curve of the feeding artery corre-
sponding to AIF. To calculate the other parameters CBF, MTT, and Tpax,
it is necessary the estimation of the residue function R;, which is then
convolved with AIF, as expressed in the following equation:

C.(t) = CBF x R,(t)QCq(t) 5)
Where the symbol x indicates multiplication and the symbol ) refers to
convolution; CBF x R, represents the tissue response function related to

the tissue hemodynamic status [24]. Finally, the estimation of CBF, MTT
and T relies on the following relations:

CBF = max(CBF x R;) (6)
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MTT = FWHM(R,) @
Trax = argmax(R,) (8)

However, CBF x R; can be acquired by deconvolution with the AIF,
which is a typical ill-conditioned operation, based on nonlinear models
applied to noisy measurement data, requiring strong regularization
[25].

3.3. ASL-MRI

Arterial spin labeling (ASL) is a noninvasive technique used to
measure blood flow in the tissue by using magnetically labeled water
protons from arterial blood as an endogenous tracer. ASL has been used
for various clinical and research purposes and can provide valuable in-
formation about tissue perfusion that may complement other MRI mo-
dalities [26,27].

ASL is based on the acquisition of two paired images: labeled (or spin
labeled) — those including signal from both labeled water and static
tissue water — and control (or spin-unlabeled). During the ASL prepa-
ration module, labeled images are obtained using a radiofrequency pulse
to invert the magnetization of the arterial blood below the imaging slab.
Conversely, to collect the control images, no labeling is performed. After
spin labeling and the post labeling delay (PLD) time, MR images with or
without spin labeled can be acquired with different common pulse se-
quences. The difference between such labeled and control images re-
flects the amount of labeled blood delivered to the tissue by perfusion
[28,29].

The magnetization difference collected after a single-PLD ASL
acquisition is typically fitted to a kinetic model to get the cerebral blood
flow (CBF), using the convolution integral [30]:

AM(t) = 26Mo., » CBF / “(t) o r(t—1) o m(t — D) ©

Where M, 4 is the equilibrium magnetization in a blood-filled voxel, c(t)
is the delivery function or fractional AIF, and r(t—7) is the residue
function that describes the fraction of labeled spins arriving at a voxel at
time 7 that still remains within the voxel at time t. The magnetization
relaxation term m(t —7) quantifies the longitudinal magnetization frac-
tion of labeled spins arriving at the voxel at time 7 that remains at time t
[31]. The delivery function c(t) can be traditionally expressed as:

0, t <ATT
c(t)=< e™Re ATT <t <14 (10)
0, t>14

Where ATT is the arterial transit time, 74 is the time for the trailing edge
of the labeled blood bolus to reach the tissue, and R1, is the longitudinal
relaxation rate of arterial blood.

As a more reliable alternative, multiple-PLD ASL, consisting in
repeated ASL acquisitions with different PLDs, can be used to quantify
CBF and ATT.

3.4. IVIM-MRI

IntraVoxel Incoherent Motion (IVIM) is a type of Diffusion-weighted
MRI (DW-MRI), firstly proposed in the 80's by Le Bihan to simulta-
neously estimate diffusion and perfusion tissue properties [32]. In this
technique, the MR signal in each voxel is modeled by a bi-exponential
decay over the b-values, in which the first fast component describes
water diffusion related to tissue perfusion (blood flow in the capillaries),
and the second slower component is associated to molecular diffusion in
tissues. The bi-exponential descriptors are the true diffusion coefficient
D, the pseudo-diffusion coefficient related to perfusion D* and the
perfusion fraction f, expressed in the following equation:
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S(b) = So(fe ™™ + (1 — f)e ") an
Where S(b) is the signal intensity at the different b-values and S is the
non-diffusion dependent signal intensity.

3.5. Factors influencing perfusion parameters quantification

Multiple MRI acquisition factors influence perfusion parameter
quantification including spatial resolution, signal-to-noise ratio (SNR),
partial volume effects, and pulse sequence protocols. Furthermore,
perfusion MRI models based on dynamic acquisitions, such as DCE, DSC
and ASL, are also highly dependent on temporal resolution.

This is particularly relevant for the estimation of AIF in the DCE and
DSC models, which is necessary for a correct and precise quantification
of PK parameters. AIF represents the temporal variations in contrast
agent concentration within a blood vessel supplying the tissue of inter-
est. The AIF typically exhibits a rapid uptake, a brief peak phase, and a
prolonged washout period, with kinetics distinct from those of sur-
rounding tissues. The manual selection of the AIF is often impractical
[33], and achieving a precise estimation of both the AIF and PK co-
efficients requires a sufficiently high temporal resolution, which, how-
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Regarding ASL, its inherently low temporal resolution makes it
difficult to acquire abundant temporal information with sufficient SNR
in a clinical setting. To address this issue, researchers have worked to
improve and optimize the bolus design of multi-delay ASL, through a
robust ATT estimation strategy, the signal weighted-delay (WD) method
[34]. It avoids using Non-Linear Least Squares (NLLS) fitting, which, on
the contrary, has still remained the standard method to estimate CBF.

Finally, the quantification of the IVIM model parameters, which
typically does not rely on a time-dependent acquisition, requires to
correctly sample the bi-exponential signal decay, by acquiring different
b-values. The optimal choice of b-values sampling should be carefully
planned, considering that micro-perfusion contribution vanishes at b
larger than a certain threshold (generally chosen at 200 s/mm?) [35],
and that it is also dependent on the type of tissue or organs to be
examined. The dependence of IVIM parameter quantification on this
factor has been explored in several works [36-39].

4. Deep learning in perfusion MRI
4.1. DCE-MRI

One of the most adopted methods to quantify DCE parameters is the

ever, may come at the expense of spatial resolution and SNR [20].

Table 1
List of papers proposing the use of DL approaches for DCE-MRI applications.
Task Type of DL method Data Validation Evaluation metrics Code Ref
available
Two compartments ANN — Supervised Simulations + 10 healthy subjects Internal by split MAPE < 15 % No [40]
filtration model (kidneys) R%?> 0.8
(2CFM) quantification
ETK and Patlak model CNN — Supervised 15 stroke patients (preospective) Leave-one-subject- nRMSE = 1.64 No [41]
quantification out SSIM = 0.97
ETK model quantification =~ CNN — Supervised Simulations + 24 brain tumor patients  Internal by split CCC > 0.986 (K™™™) Yes [42]
(prospective) CCC > 0.965 (v,)
CCC > 0.948 (v.)
ETK model quantification =~ CNN — Supervised 19 brain tumor patients Internal by split Bland-Altman plots No [43]
(retrospective)
ETK and Patlak model GANs — Unpaired, physics-  Simulations + 116 brain tumor Internal by split Avg PSNR = 39.76 dB No [44]
quantification informed patients + 232 MCI and normal Avg SSIM = 0.973
subjects
ETK model quantification =~ CNN — Supervised + Simulations + 3 brain tumor patients On simulated digital ~RMSE < 0.07 No [45]
uncertainty quantification (retrospective) objects Max error < 0.25
Patlak model 2.5D UNet — Unsupervised 10 breast + 19 brain cancer patients Internal by split + PSNR = 40.21 dB Yes [46]
quantification (public datasets) cross-validation SSIM = 0.95 (K"™™)
PSNR = 28.69 dB
SSIM = 0.78 (v,)
Patlak model UNet — Hybrid approach 10 breast + 19 brain + 22 prostate Internal by split Improvement in PSNR up to Yes [47]
quantification cancer patients (public datasets) 3dB
ETK model quantification =~ LSTM-based — Supervised Simulations + 103 head-and-neck Internal by split NRMSE = 1.36 (K™™™) No [48]
cancer patients (retrospective) NMRSE = 1.14 (v.)
NMRSE = 0.97 (vp)
ETK model quantification =~ GRU with attention layers Simulations + 28 pancreatic cancer Internal by split Random errors and SSIM Yes [2]
— Unsupervised, physics- patients (retrospective) from GRU better than other
informed approaches
Toft model Transformer — Two-stage Simulations + 182 prostate cancer On simulated digital ~ Fitting error reduction No [49]
quantification + MR estimation patients (retrospective) objects compared to other
Dispersion Imaging approaches
AIF estimation Pix2Pix — Adversarial 386 astrocytoma patients Internal by split Avg AUC = 0.83 Yes [50]
learning (retrospective) Avg ICC = 0.82
Fully automated DCE- UNet — CNN for Simulations + Brain tumor patients Cross-validation Fitting error = 1.51 % (K"™)  No [51]
MRI analysis segmentation + cubic (public dataset) Fitting error = 2.78 % (v,)
model for AIF estimation
DCE-MRI denoising Ensemble of deep Simulations + 9 stroke patients Training on Reduced MSE w.r.t. noisy and ~ No [52]
autoencoders (retrospective) + 24 brain cancer simulations, testing cleaned images compared to
patients (retrospective and public on real data other approaches
database)
DCE-MRI reconstruction GANs — Adversarial 490 healthy brains + 19 MS patients Internal by split PSNR, SSIM and MSE better Yes [53]

learning

(public databases) + 14 brain cancer
patients (retrospective)

than other approaches

ETK: Extended Toft Model; ANN: Artificial Neural Network; CNN: Convolutional Neural Network; LSTM: Long-Short Term Memory; MS: Multiple Sclerosis; GANs:
Generative Adversarial Networks; MAPE: Mean Absolute Percentage Error; nRMSE: normalized Root Mean Square Error; CCC: Concordance Correlation Coefficient;
PSNR: Peak Signal-to-Noise Ratio; SSIM: Structural Similarity Index Measure; AUC: Area Under the Curve; ICC: Intraclass Correlation Coefficient.
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NLLS approach, which results in large variance and bias parameter
predictions and also requires a large amount of time [2]. Multiple
research studies showed how DL algorithms can be employed to improve
the results provided by the DCE approaching different critical aspects of
this technique [4]. A schematic overview of the works employing DL in
the context of DCE-MRI is reported in Table 1.

The first attempts of using DL approaches for DCE-MRI parameter
quantification showed that the adoption of an ANN (Fig. 2) [40] or a
CNN [41,42] can improve the accuracy and the speed in estimating PK
model parameters compared to NLLS methods. These models were
trained using simulated data or directly using real DCE-MRI acquisi-
tions, and took as input the kinetic signal information. In the ANN
framework, PK estimation is performed voxel-wise [40]; the use of CNN
allowed voxel-wise parameter quantification by considering multiple
time-series signals (original dynamic DCE signal and CA concentration
in blood) [42], as well as the parametric map estimation by taking DCE
image patch-time series as input [41]. Moreover, these works high-
lighted that DL-based modelling does not need the estimation of a
patient-specific AIF to quantify PK coefficients with accuracy compa-
rable to NLLS approaches, and to obtain clinical measurements derived
from parametric maps in high agreement with blood tests. Nonetheless,
the addition of AIF to the DCE-MRI time-series as input to the CNN can
improve the prediction performances, as reported by Kettelcamp et al.
[43]. The adoption of CNN has also the advantage of better generalizing
the prediction in voxels belonging to the same tissues. Further

0= (K™, T, vsv,) \ /

Image-derived arterial
input functions
1.0
a0 Simulated model
06 parameters
§ 0.2
o
0.0
0 20 40 60 80
time [s)
Ground-truth

concentration time curves

]
o
N
S

o
-
w

Input
layer
X = Cissue

o
-
15}

>

Concentration [a.u.
o
o
w

°
o
=]

20 40

time [s]

60

First
hidden
layer
y =

Physica Medica 133 (2025) 104978

improvements were highlighted by Oh et al., who proposed an unpaired
method, based on physics-informed Cycle-GAN architecture, for the
simultaneous estimation of PK model parameters and AIF, without
relying on paired supervised learning [44]. In fact, the main limitation of
supervised approaches is that they necessitate paired input DCE-MRI
images and corresponding labeled PK parameter maps, which typically
require time-consuming NLLS estimations, and which depend on the
accuracy of AIF measurement. The evaluation based on a large dataset of
116 brain tumor patients and 232 Mild Cognitive Impairment (MCI)
subjects demonstrated that the unpaired Cycle-GAN approach provided
accurate PK quantification and reliable and high-quality AIF estimation.
Another interesting work combined the use of CNN with Bayesian esti-
mation to simultaneously predict PK model coefficients and quantify
uncertainty from the posterior distribution over the physiological pa-
rameters, to give the confidence level for each pixel [45].

A key limitation of CNNs for PK parameter estimation is their reli-
ance on temporal resolution being represented as multiple input chan-
nels, making them sensitive to variations in the temporal dimension.
Furthermore, when AIF estimation is required, high temporal resolution
is needed, often coming at the cost of reduced spatial resolution or
prolonged acquisition times. These constraints hinder the generaliz-
ability of CNN-based models, as test data must maintain the same
number of frames and sampling intervals as the training data to ensure
consistent performance. A possible solution to this problem was given by
the use of a 2.5D UNet, with the purpose of directly estimate PK
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Fig. 2. Overview of a pharmacokinetic (PK) model parameter fitting using the artificial neural network proposed by Klepaczko et al., operating in the training (a) and
recall (b) modes. Figure reproduced from Klepaczko et al., 2020, Appl. Sci., 10(16), 5525, under the Creative Commons license (CC-BY 4.0) [40].
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coefficients from undersampled time-series DCE-MRI acquisitions to
obtain a time-invariant network. In a recent work, the authors proposed
a 2.5D UNet composed by 3D convolutional layers for the encoder part
and 2D convolution layers for the decoder part [46]. The bottleneck
consists of an averaging layer along the temporal axis to convert 3D data
into 2D data. In this way, the network becomes invariant to changes in
temporal and spatial dimensions while training and testing. This
approach was proposed for temporally undersampled DCE-MRI acqui-
sitions at different undersampling rates (8X, 12X and 20X) from breast
and brain cancer patients, obtaining better peformances than networks
requiring resampling, in terms of Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index Measure (SSIM). However, the authors
highlighted that the main limitation of this approach is that the network
cannot generalize across different undersampling rates, and thus a new
network has to be trained for each specific undersampling rate. In a next
study, the same group proposed a novel strategy to overcome this
problem, by proposing a hybrid approach for the direct estimation of
DCE-MRI parameters, which combined iterative reconstruction models,
able to adapt themselves to the number of time samples, and data-driven
deep learning priors from PK models [47]. The adoption of pre-trained
CNNs to estimate the priors brought substantial improvements in the
direct parameters estimation, even with small datasets, compared to
traditional iterative direct methods.

Nonetheless, to solve the limitation of the dependency from under-
sampling rate, RNNs seem to provide the best solution, as they are able
to learn temporal relationships in sequential data. Among them, LSTM
showed superior ability in mapping DCE-MRI time-curves compared to
state-of-the-art CNNs and NLLS methods [48]. This was explained by the

NLLS GRU
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LSTM capability to extract dynamic features and temporal correlation in
the signal intensity-time series of DCE-MRI, in contrast to CNNs, which
extract spatial features from the DCE-MRI volumes but has a limited
capability to exploit the temporal relationships in the data. Even better
results were achieved by Ottens et al., who proposed the use of GRU
RNNs combined with attention layers [2]. In fact, they obtained per-
formance similar to LSTM, but with a fewer number of trainable pa-
rameters, which make this approach more attractive, generalizable and
fast. Moreover, the introduction of attention layers can help the user to
understand what the network is focusing on, thus increasing the
explainability of the method. An illustrative example of the obtained
parametric maps is shown in Fig. 3, where the results obtained by the
GRU approach are compared with the standard NLLS method and with
traditional CNN architectures. GRU showed less noisy maps compared to
NLLS, and more reliable values compared to CNN and U-Net.

Finally, a two-stage estimation framework based on transformers
was proposed to a fast modified MR Dispersion Imaging (mMRDI) model
[49]. This model has been introduced to characterize the intravascular
dispersion of contrast agent, and the parameters related to it can be
included in the AIF estimation, to improve the precision in the estima-
tion of PK parameters. The authors proposed a transformer-based neural
network to perform a coarse estimation of the PK parameters, and then
an iterative NLLS method to further refine the coarse estimation, which
significantly speeds up and enhances the accuracy of PK modeling. They
trained the network on simulations and validated on simulated digital
objects and on a cohort of 182 retrospective prostate cancer patients,
obtaining a reduction in fitting error compared to previous approaches
and increased classification performances in discriminating clinically
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Fig. 3. Examples of DCE-MRI parameter maps obtained with the NLLS, GRU, CNN and U-Net methods. The GRU shows less noisy predictions on the v, parameter
than the NLLS method (green oval). The CNN shows noisy predictions on the border cases of the k., parameter while the U-Net shows a smooth parameter map but a
lack of detail compared to the other methods. The CNN and U-Net also predict higher v, values for the liver region (orange oval) and lower v, values in the left kidney
(brown oval) compared to the NLLS and GRU. Figure from Ottens et al., 2022, Med Imag Anal, 80, 102512, under the Creative Commons license (CC-BY 4.0) [2]. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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significant prostate cancer from normal tissue. o o )
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Fig. 4. Overview of the multistage encoder architecture followed by a decoder proposed by Talebi et al. to process the DSC-MRI datasets. The model captures
temporal features followed by a modified U-net to generate the perfusion maps. Figure from Talebi et al., 2024, Ann Biom Eng, 52(6), 1568-75, under the Creative

Commons license (CC-BY 4.0) [55].

data and a network layer. A main advantage is their time invariance with
respect to time shift. A critical aspect of these networks, i.e. problems
related to vanishing or exploding gradients, could be solved if the LSTM
nets are adopted, resulting in good performance of CBV estimation, as
shown in an exemplificative case.

Similarly to other perfusion techniques, also for DSC-MRI physics-
informed neural networks have been proposed to estimate perfusion
parameters without the need of external training data. ANN architec-
tures based on multi-layer perceptron were developed, trained using a
physics-informed loss function [24,57] on simulated data and evaluated
on in-vivo patients. Cao et al. replaced ANN with a CNN that considered
spatio-temporal information of the DSC-MRI acquisitions [58]. In all
these studies, physics-informed DL approaches were able to provide an
accurate estimate of perfusion coefficients, thus overcoming the ill-pose
mathematical problem of solving deconvolution with traditional regu-
larization methods. Specifically, physics-informed ANNs and CNNs
presented high correlations between conventionally derived and DL-
predicted perfusion parameters (Pearson’s rho for CBF: 0.84 + 0.03
and CBV: 0.92 + 0.03) and very high indices of image similarity (SSIM
greater than 0.9) [57,58].

4.3. ASL-MRI

With the advent of DL techniques, novel strategies have been pro-
posed for the estimation of perfusion parameters from ASL acquisitions
(see Table 3). Ishida et al. firstly proposed an ANN for the estimation of

CBF and ATT from multi-delay ASL using both a supervised [59] and a
physics-informed unsupervised learning (Fig. 5) [60]. The authors re-
ported that the physics-informed unsupervised ANNs demonstrated
greater accuracy and noise resistance in perfusion parameter estimation
compared to the traditional WD method and NLLS solution for esti-
mating ATT and CBF. The supervised ANN exhibited superior accuracy
in estimating both CBF and ATT and showed better noise resistance for
CBF estimation. Conversely, the physics-informed unsupervised ANN
showed better noise resistance in ATT estimation. While the accuracy of
supervised learning is influenced only by the parameters being esti-
mated, the accuracy of physics-informed unsupervised learning is
affected by both CBF and ATT [60]. The comparison between supervised
and physics-informed unsupervised ANN was evaluated also for the
estimation of perfusion parameters in the Multiparametric-ASL acqui-
sition, which enables the quantification of additional parameters perti-
nent to brain function, such as arterial cerebral blood volume (CBVa)
and permeability-related parameters [61]. From this preliminary eval-
uation, which considered both simulated data and 8 healthy subjects,
the supervised approach seems to provide the most accurate and precise
results, with lower values for Normalized Root Mean Square Error
(NRMSE), Normalized Mean Absolute Error (NMAE), and Coefficient of
Variation (CV). In-vivo analysis also demonstrated satisfactory repro-
ducibility for both supervised and unsupervised learning.

DL has demonstrated great improvements, especially in terms of
computation time, for the quantification of perfusion parameters from
MR fingerprinting (MRF) — based ASL. MRF-ASL is a recently developed

Table 3
List of papers proposing the use of DL approaches for ASL-MRI applications.
Task Type of DL method Data Validation Evaluation metrics Code Ref
available
ASL quantification ANN — Supervised Simulations + 17 healthy brain ~ Training on simulations, NMAE and NRMSE lower than No [59]
subjects (retrospective) validation on simulations and in other approaches
vivo data
ASL quantification ANN - Unsupervised Simulations + 17 healthy brain  Internal by split NMAE and NRMSE lower for No [60]
vs. supervised subjects supervised ANN than
unsupervised
MP-ASL ANN - Supervised vs. Simulations + 8 healthy brain Training on simulations, NMAE and NRMSE lower for No [61]
quantification physics-informed subjects validation on simulations and in supervised ANN than
vivo data unsupervised
MRF-ASL ANN - Supervised Simulations + 7 healthy and 3 Training on simulations, ICC higher than conventional No [64]
quantification pathologic brain subjects validation on simulations and in approaches
vivo data
MRF-ASL ANN - Supervised Simulations + 6 healthy brain On simulated digital objects and Correlation with ground truth No [65]
quantification subjects in vivo data data = 86.7 %
MRF-ASL ANN - Supervised 15 healthy brain subjects Internal by split Correlation with conventional No [63]
quantification approach between 0.84 and 0.96
Image CNN — Supervised 30 healthy brain subjects 5-fold cross-validation PSNR = 22.13 dB No [66]
reconstruction SSIM = 0.56
Denoising CNN Autoencoder — 131 pediatric neuro-oncologic Training on pediatric patients, PSNR = 41 dB No [67]
Supervised patients + 11 healthy adults testing on healthy adults SSIM = 0.88
Denoising and 3D Unet — 3 healthy brain subjects Training on anatomical imaging, =~ PSNR and SSIM significantly No [68]
reconstruction Unsupervised testing on ASL data higher than other approaches

ANN: Artificial Neural Network; MP-ASL: Multiparametric ASL; MRF-ASL: MR fingerprinting-based ASL; CNN: Convolutional Neural Network; NMAE: Normalized
Mean Absolute Error; NRMSE: Normalized Root Mean Square Error; ICC: Intraclass Correlation Coefficient; PSNR: Peak Signal-to-Noise Ratio; SSIM: Structural

Similarity Index Measure.
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Fig. 5. Overview of training process and schematic diagram of the unsupervised network proposed by Ishida et al. First, a network consisting of two subnetworks

simultaneously predicts CBF (f ) and ATT (3) from the input signals. Subsequently, ASL signals are calculated using the single-compartment model with the predicted
parameters. Finally, the consistency between the input and the predicted signals is evaluated using Mean Absolute Error (MAE) or Mean Squared Error (MSE) and
minimized by the training process. Figure from Ishida et al., 2024, NMR in Biomed, 5177, under the Creative Commons license (CC-BY 4.0) [60].
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technique that allows the simultaneous estimation of multiple perfusion
parameters in a single scan [62]. MRF-ASL uses varying repetition times
and randomized control/label sequences to uniquely encode different
parameters in the MR signal. By matching experimental signals to a pre-
generated dictionary, parameters such as CBF, Bolus Arrival Time
(BAT), and tissue T; are assigned to voxels. However, the method has
limitations, including modest reliability for parameter estimations when
many parameters are involved, and high computational and storage
demands for dictionary matching (up to 2 h for a single slice) [63]. ANNs
have thus the potential to solve quantitative problems using a large
number of highly interconnected processing nodes working together,
not relying on analytical assumptions. Zhang et al. [64] and Lahiri et al.
[65] assessed ANNSs for this purpose, using simulated data for training
and simulated digital objects and in-vivo data for validation, and

Physica Medica 133 (2025) 104978

provided faster and more accurate results than traditional approaches,
as demonstrated by high Intraclass Correlation Coefficient (ICC) and
correlation with ground truth data. A further study by Fan et al. over-
came the limitations due to the use of simulations for training, which are
not able to completely describe the complexity present in real voxels, by
using a high-fidelity ANN trained and tested on 15 healthy subjects (5
for training, 5 for validation and 5 for testing) [63]. The authors re-
ported that CV of high-fidelity ANN, traditional approach based on
dictionary, and ANN trained on simulations was 0.15 + 0.08, 0.41 +
0.20, 0.30 + 0.16, respectively, for CBF and 0.11 + 0.06, 0.20 + 0.19,
0.15 £ 0.10, respectively, for BAT.

DL has been suggested for a variety of applications beyond the direct
estimation of ASL parameters, including the enhancement of image
quality. This, in turn, can indirectly improve the assessment of ASL

Table 4
List of papers proposing the use of DL approaches for IVIM parameters quantification.
Task Type of DL method Data Validation Evaluation metrics Code Ref
available
IVIM-DKI map ANN Supervised Simulations + 7 brain Training on simulations, NRMSE < 10 % (D) No [77]
quantification healthy subjects validation on simulationsand ~ NRMSE = 33.6 % (f)
in vivo data NRMSE = 26.8 % (D*)
IVIM map quantification ANN Unsupervised Simulations + 10 healthy Training and validation on 0.5 < ICC < 0.97 Yes [78]
subjects (abdomen) the same subjects + 9.2 <CV<284
validation on simulations RMSE lower than other
approaches
IVIM map quantification ANN Unsupervised Simulations + 23 pancreatic ~ Training on simulations, NMRSE = 0.18 (D) Yes [79]
(physics-informed) cancer patients validation on simulationsand ~ NMRSE = 0.22 (f)
(retrospective) in vivo data NMRSE = 0.39 (D*)
IVIM map quantification ANN Supervised Simulations + 5 healthy Training on simulations, NRMSE < 0.1 (D) No [81]
+ b-value optimization brain subjects validation on simulationsand ~ NRMSE < 0.4 (f)
in vivo data NRMSE < 0.5 (D*)
IVIM map quantification ANN Supervised Simulations + 1 mouse brain ~ Training on simulations, MdAE < 0.2 (D) No [80]
validation on simulationsand ~ MdAE < 0.3 (f)
in vivo data MdAE < 0.4 (D*)
Dynamic-exponential ANN Unsupervised Simulations + 10 hepatic Training on simulations, RMSE lower than traditional Yes [82]
IVIM map healthy subjects validation on simulationsand ~ approaches
quantification (prospective) in vivo data
Tri-exponential IVIM ANN Unsupervised Simulations + 36 non- Training on simulations, RMSE lower than traditional No [84]
map quantification (physics-informed) alcoholic fatty liver disease validation on simulationsand ~ approaches
patients in vivo data
IVIM map quantification ANN Unsupervised + data Simulations + 1 healthy Training on simulations, NMRSE lower than other DL Yes [83]
consistency term subject + 38 fetal lungs validation on simulationsand  approaches
in vivo data
IVIM map quantification ANN Unsupervised vs. Simulations + 28 glioma Training on simulations, RMSE measured in different Yes [85]
supervised patients (retrospective) validation on simulationsand  conditions and configurations
in vivo data
IVIM map quantification CNN Self-supervised 134 Pediatric Crohn’s Internal by split NRMSE < 0.3 (D) No [86]
(physics-informed) disease patients NRMSE < 0.4 (f)
(retrospective) NRMSE < 0.25 (D*)
IVIM map quantification Transformer block to share 114 Hepatocellular cancer Nested 4-fold cross- Accuracy = 79.21 % Yes [88]
+ classification information between tasks patients (retrospective) validation AUC = 85.51 %
RMSE = 0.039
SSIM = 0.894
IVIM map quantification CNN Unsupervised Simulations + 6 healthy Training on simulations, RMSE < 0.0004 (D) No [87]
abdominal subjects (public validation on simulationsand ~ RMSE < 0.09 ()
dataset) in vivo data RMSE < 0.02 (D®)
IVIM —DKI map CNN — Inverse 21 healthy brain subjects Internal by split NRMSE = 0.03 (D) Yes [89]
quantification + b- transformation + physics- NRMSE = 0.097 (f)
values registration based loss NRMSE = 0.346 (D*)
IVIM map quantification Supervised + discriminator ~ Simulations + 98 Training on simulations, NRMSE always lower than Yes [92]
to improve consistency Hepatocellular cancer validation on simulationsand  other approaches
patients (retrospective) in vivo data
IVIM + NODDI map Transformer-based encoder 27 normal pregnant women Internal by split MSE = 2.2x10~* (D) Yes [90]
quantification and sparsity-based decoder MSE = 0.063x10* ()
MSE = 0.014 (D*)
IVIM image CNN Denoising Brain phantom + 15 brain Validation on external Bland-Altman plots No [93]
reconstruction autoencoder tumor patients dataset
(retrospective)
IVIM map quantification ANN vs. CNN vs. Simulations + 1 healthy Training on simulations, Percentage Errors lower for Yes [91]

Transformer + different
learning strategies

brain subject

validation on simulations and
in vivo data

supervised training with
attention models

ANN: Artificial Neural Network; CNN: Convolutional Neural Network; DKI: Diffusion Kurtosis Imaging; NODDI: Neurite Orientation Dispersion and Density Imaging;
ICC: Intraclass Correlation Coefficient; CV: Coefficient of Variation; RMSE: Root Mean Square Error; MAAE: Median Absolute Error.
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parameters. Indeed, ASL is challenged by a low SNR, low spatial reso-
lution, and extensive acquisition time. However, these challenges can be
mitigated through the application of CNNs, which have demonstrated
the capability to produce images that are not only of high quality but
also denoised and of higher resolution, thereby significantly enhancing
the reconstructed images [66-68].

4.4. IVIM-MRI

IVIM model coefficients are traditionally estimated by fitting the bi-
exponential signal decay using NLLS methods or Bayesian approaches
[69]. With the last technique, it is possible to introduce homogeneity
priors that allow to spatially regularize the estimated parametric maps
during the fitting procedure directly [70-72]. The fitting accuracy de-
pends on several factors, among which the estimation algorithm, the
SNR level, and the amount of perfusion [73,74].

In the last few years DL has been introduced in the IVIM field as a
valid alternative to traditional fitting methods. DL-based IVIM quanti-
fication seems not only to improve the accuracy in parameters estima-
tion, but also to better preserve the texture information of the different
tissues, compared to NLLS and Bayesian methods [75]. Two main

Physica Medica 133 (2025) 104978

approaches have been proposed to obtain quantitative parametric maps:
i) a voxel-wise estimation, where a relatively compact ANN predicts
IVIM coefficients voxel-by-voxel, and ii) the adoption of CNNs to esti-
mate quantitative maps by considering spatial relationship between
voxels and thus predict multiple voxels simultaneously [76]. In Table 4 a
schematic representation of the works that proposed DL for IVIM
parameter quantification is reported.

The first attempt to use ANN for IVIM-Kurtosis model quantification
proposed a simple neural network with one hidden layer, that was
trained in a supervised way using simulated data, obtaining an accuracy
comparable to state-of-the-art methods (NRMSE = 0.1, 0.33, 0.27 for D,
f and D*, respectively) [77]. Then, other groups proposed different
implementations of ANNs to quantify IVIM model parameters voxel-by-
voxel, with increasing improvements on accuracy and map quality
[78-85]. An illustrative example is reported in Fig. 6. In some cases, the
supervised approach was replaced by an unsupervised physics-informed
loss, which did not require simulated data, that minimized the error
between the original and the reconstructed MR signals [78,79,82,84].
However, Mastropietro et al. showed that the supervised approach,
trained with a large number of simulated data, overcame the unsuper-
vised technique, with average absolute error of 0.07 + 0.04 for D, 0.14
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Fig. 6. Panel a): Overview of the ANN architecture proposed by Mastropietro et al., having three hidden layers, two b-value inputs and three standardized targets.
Input data consist of the signal intensity values and their logarithm. Some examples of estimated parameter maps obtained using the proposed DNN approach and
other implemented methods are displayed in panel b. Panel c): Evaluation of the proposed method, compared with the other implemented approaches, in a real
preclinical scenario. Figure adapted from Mastropietro et al., 2022, NMR in Biomed, e4774, under the Creative Commons license (CC-BY 4.0) [80].
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+ 0.08 for fand 0.26 + 0.1 for D* [80]. Differences in learning strategies
were assessed by Kaandorp et al., reporting that extensive training is
required to minimize parameter correlation and bias for unsupervised
training, whereas a close correspondence between the training and test
sets is demanded for supervised learning [85]. Korngut et al. proposed a
combined approach, where the loss function is a weighted sum of the
error between estimated and reference IVIM coefficients and the error
between reconstructed and original signal; this approach seems to
reduce prediction errors compared to the unsupervised training, when a
limited number of b-values are available [83]. The issue of the choice of
the optimal b-values sampling was faced by Lee et al, who proposed an
ANN that simultaneously optimized b-values scheme and model fitting,
improving the performances compared to other traditional b-values
optimization strategies, reporting NRMSE values lower than 0.1, 0.4 and
0.5 for D, f and D*, respectively [81]. They also found that the optimal
choice of b-values for ANN depends on the SNR, which should thus be
considered when DL approaches are designed.

More recently, CNNs have been proposed to capture the spatial de-
pendency between neighboring voxels to effectively denoise the low
SNR DW-MRI signal data, using a self-supervised training approach,
based on physics-informed loss function [86,87]. One of the main ad-
vantages of CNNs is that they can be used for multiple tasks, that can also
improve the accuracy in parameter estimation. For example, map
quantification has been coupled with classification task [88] using
transformer blocks to share knowledge between the two tasks, or with b-
values registration [89], without the need of ground truth labels. In the
first case, the multi-task DL network, trained and tested on 114 hepa-
tocellular cancer patients, allowed the quantification of IVIM parametric
maps with a RMSE of 0.039, and the prediction of microvascular inva-
sion with accuracy of 79 % and AUC of 85 %, showing higher perfor-
mances compared to single-task methods.

The use of transformers has been also proposed in a recent work to
estimate parametric maps from IVIM and Neurite Orientation Dispersion
and Density Imaging (NODDI) acquisitions [90]. Specifically, a
transformer-based encoder has been adapted for model estimation task,
followed by a sparsity-based decoder, able to introduce prior informa-
tion related to the microstructural model of interest (IVIM or NODDI).
This approach, tested on fetal MRI scans from normal pregnant women,
showed high accuracy, good interpretability, high generalizability and
robustness, compared to traditional methods and state-of-the-art
learning-based techniques. Another study has explored the integration
of spatial information into DL-based IVIM parameter estimation using
transformers, evaluated within both supervised and self-supervised
learning frameworks and across ANN and CNN architectures [91]. The
underlying hypothesis was that attention mechanisms in transformers
could effectively capture spatial dependencies by training on synthetic
data with predefined neighbor correlations, ultimately surpassing
traditional model-fitting methods. The findings demonstrated that
incorporating attention models into supervised training led to signifi-
cant improvements in accuracy compared to conventional voxel-wise
and convolutional-based approaches.

Finally, the use of synthetic data to train the CNN in a supervised way
was proposed by Huang et al. in combination with a discriminator to
perform domain adaptation from the synthetic to the real domain to
make the results less dependent from the parameter distribution of
specific tissues, and thus more generalizable [92]. This method showed
improved accuracy in presence of noise and artifacts, compared to
traditional approaches and other ANN and CNN techniques.

Similarly to the other perfusion MRI techniques, CNNs have been
used also to improve image quality in IVIM acquisitions. Through the
use of a pre-trained denoising autoencoder, Hanamatsu et al. showed
that the use of DL for DW-MRI image reconstruction had a stronger effect
on higher b-values. The impact on IVIM coefficients estimation is larger
on f and D* than on D and ADC [93].
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5. Discussion

This review has highlighted the enormous potential of DL in
enhancing the analysis of perfusion MRI techniques such as DCE, DSC,
ASL, and IVIM. The findings presented demonstrate that DL-based
methods can provide faster and more accurate parameter estimation,
offering significant advancements over traditional approaches. These
advancements may revolutionize the field of perfusion MRI by
addressing current challenges in both research and clinical applications.

5.1. Deep learning approaches for perfusion MRI

In terms of DL approaches, ANNs, CNNs and RNNs have emerged as
the most widely adopted methods for assessing perfusion MRI parame-
ters across different modalities.

1. DCE-MRI has seen significant advancements with the application of
CNNs and ANNs for PK model fitting. CNNs have been employed to
estimate PK parameters more rapidly and accurately compared to
traditional methods, particularly in cancer and stroke imaging. For
instance, CNNs have been used to improve the estimation of tissue
parameters such as K™ (the transfer constant) by directly learning
from time-series data without requiring manual input for AIF.
Additionally, RNNs have shown promising results in DCE-MRI for
estimating PK parameters, particularly when dealing with noisy data
or undersampled time-series, offering a faster and more efficient
alternative to NLLS fitting.

2. DSC-MRY], primarily used in brain perfusion studies (e.g., stroke and
tumor imaging), benefits significantly from DL approaches like bi-
input CNNs and RNNs. CNNs have been successfully applied to
bypass the need for deconvolution, a critical step in traditional DSC
analysis that is prone to noise sensitivity. For example, Ho et al. used
a CNN to estimate critical parameters like cerebral blood volume
(CBV) and cerebral blood flow (CBF) directly from the signal,
improving the reliability of salvageable brain tissue estimation dur-
ing stroke [54]. RNNs, such as LSTMs, have also been effective in
capturing the temporal dynamics of DSC data, enhancing the accu-
racy of perfusion parameter extraction across different clinical
scenarios.

3. In ASL-MRI, which is a non-invasive method that measures CBF
without the use of contrast agents, DL has been applied to overcome
challenges related to low SNR and low spatial resolution. ANNs have
been widely used to estimate CBF and ATT from ASL data, providing
more noise-resistant and accurate results than traditional model-
based approaches. Supervised and physics-informed unsupervised
learning have both been employed to improve the quantification of
ASL parameters, making the technique more robust in clinical ap-
plications such as monitoring neurodegenerative diseases.

4. IVIM-MRI, which is used to separate diffusion and perfusion effects
in tissues, has benefitted from CNNs and ANNs for fitting bi-
exponential models to the signal decay curves. ANN-based models
have been applied in voxel-wise estimation of diffusion and perfu-
sion coefficients (D, D*, and f), offering improved precision
compared to traditional NLLS methods. CNNs have also been
employed to denoise IVIM data and provide more reliable parametric
mabps, especially in low-SNR settings, by learning spatial correlations
between neighboring voxels. This has proved particularly useful in
applications such as liver and pancreatic cancer imaging, where IVIM
is increasingly used for tissue characterization.

Overall, CNNs excel at capturing spatial features and are particularly
effective for image segmentation, denoising, and parameter map gen-
eration, especially in DCE and DSC-MRI. ANNs and RNNs have
demonstrated their strength in handling temporal and voxel-wise data,
making them ideal for ASL and DCE applications where time-series
analysis is crucial. GANs and U-Net architectures have also found
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important roles in enhancing image quality and reducing noise in both
DCE and IVIM MRI.

5.2. Clinical implications

Perfusion MRI can be highly relevant for certain clinical applications
such as cancer diagnosis, stroke management, and neurovascular as-
sessments. By automating the extraction of key perfusion parameters (e.
g., cerebral blood flow, transfer constant, perfusion fractions, etc.), DL
methods can accelerate the decision making process in clinical setting
based on accurate data — capabilities especially crucial in time-sensitive
settings like acute stroke [94] where fast and reliable identification of
recoverable brain tissue can significantly improve outcomes.

Beyond performance gains, DL-based techniques enable novel clin-
ical applications. Real-time or near-real-time analysis, thanks to the
ability of DL approaches to estimate parameters with a reduced
computational time compared to traditional approaches [64,65], can
guide healthcare professionals during interventional procedures [95],
providing immediate feedback on perfusion changes. In oncology,
radiotherapy dose painting could leverage precise perfusion data to
customize dose distribution within tumors. Although clinical trials on
the use of DL approaches for parameters estimation in clinical applica-
tions have yet to be reported, most studies discussed in this review
suggest a strong potential for DL-driven perfusion MRI to enable more
timely and effective interventions across a broad range of conditions.

5.3. Challenges and limitations

Despite these promising advances, several limitations remain. The
“black box” nature of many DL models, particularly in complex appli-
cations such as parameter estimation in perfusion MRI, continues to be a
barrier to widespread clinical adoption. To enhance transparency,
methods such as Class Activation Maps (CAMs) and feature visualization
techniques have been developed [96]. These approaches elucidate the
decision-making processes of DL models, thereby increasing clinician
trust and facilitating clinical adoption

Additionally, the generalizability of DL models is often constrained
by the quantity and variety of the training datasets. For example, models
trained primarily on data from specific populations (e.g., brain tumor
patients) may not perform as effectively when applied to other de-
mographic groups or disease states. Usually, data augmentation tech-
niques, such as rotation, scaling, and flipping of images, can artificially
expand the amount of data composing the training datasets, thereby
enhancing model robustness across different scenarios. More interest-
ingly, in this context, DL approaches based on stable diffusion and text-
guided diffusion model GLIDE [15,16] can have a relevant impact in the
generation of synthetic datasets that can be used to expand data avail-
ability including realistic and high quality images.

Publicly available perfusion MRI datasets, such as QIN-BRAIN-DSC-
MRI [97], Resting State Perfusion in Healthy Aging [98], and UCSF-
PDGM [99], Liver-IVIM [100] provide valuable resources for re-
searchers. Utilizing these datasets can aid in training models and can
serve as reference data to compare different approaches. Nevertheless,
the small amount of data and available applications usually limits their
potential to improve generalizability. In this sense, enhancing general-
izability would benefit from developing methods such as federated
learning, which enables models to learn from data across multiple
centers while preserving patient privacy.

Integrating DL models into perfusion MRI presents also challenges
related to standardization, sequence sensitivity, and quality assurance.
Variations in MRI acquisition protocols, such as differences in pulse
sequences and imaging parameters, might significantly impact the per-
formance of DL methodology. Standardizing these parameters across
institutions is crucial to ensure consistent input data, thereby enhancing
model reliability and facilitating broader clinical adoption [101].
Developing models robust to such variations incorporating sequence-
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invariant feature representations during model training could enhance
robustness and can boost their effective application in diverse clinical
settings [102]. Finally, ensuring consistent image quality is paramount
for DL applications in MRI. In this context, using standardized phantoms
allows for the assessment and calibration of MRI scanners, ensuring that
images meet predefined quality criteria [103]. By addressing these
factors—standardization of acquisition parameters, sensitivity to
sequence variations, and rigorous quality assurance—the robustness and
clinical applicability of DL models in perfusion MRI can be enhanced.

5.4. Future directions

Looking forward, several emerging DL approaches hold immense
potential to further revolutionize the analysis of Perfusion MRI. Key
among these are foundation models, attention-based DL architectures,
and transformer models, which have already begun making significant
impacts in other fields and are poised to contribute to advancements in
medical imaging.

1. Foundation Models (FMs): FMs, such as those based on large-scale
pretraining datasets, are highly scalable and can be adapted for
multiple tasks with minimal fine-tuning [104]. A recent literature
review [16] has shown how FMs, even those based on Large Lan-
guage Models (e.g., GPT-like models in natural language processing),
pre-trained on extensive datasets, can be fine-tuned for specific
medical imaging tasks, enhancing versatility and performance. They
can adapt to new tasks with minimal data through in-context
learning, reducing the need for extensive retraining. While prom-
ising, their direct use in quantitative MRI (QMRI) parameter esti-
mation remains an emerging area of research. Currently, there is a
lack of published studies explicitly employing FMs for this purpose.
Therefore, there’s still a potential to be explored and exploited.
Indeed in the context of gMRI, FMs pre-trained on vast amounts of
diverse imaging data, including different MRI modalities and pa-
thologies, could be fine-tuned for specific tasks such as perfusion
parameter estimation. This approach could lead to more generaliz-
able DL systems capable of handling a wider range of patient de-
mographics and disease conditions without requiring extensive
retraining for each new application. Moreover, the ability of FMs to
incorporate multimodal data (e.g., combining imaging data with
electronic health records) could provide more comprehensive in-
sights into patient conditions, allowing for personalized treatment
planning [105].

2. Attention-Based DL and Transformer Models: Attention mechanisms
and transformer models have already revolutionized natural lan-
guage processing and are now being adapted for various image
processing tasks, including medical imaging [106-108]. In perfusion
MRI, transformer models have the potential to outperform tradi-
tional convolutional architectures by allowing the network to focus
on the most relevant parts of the image or time-series data. Vision
transformers (ViTs), for example, can capture long-range de-
pendencies in imaging data, making them especially useful for tasks
like time-resolved DCE-MRI, where both spatial and temporal cor-
relations need to be considered. Transformers’ self-attention mech-
anism can weigh the importance of different parts of the time series
or image, providing more accurate parameter estimates by focusing
on key patterns that might otherwise be missed by conventional
CNNs or RNNs. Preliminary studies are already present in the context
of DCE-and IVIM-MRYI, as presented in Section 4.1 and 4.4.

3. In DSC-MRI, where noisy data often hampers the extraction of
perfusion parameters, attention-based DL could help filter out irrel-
evant information and focus on critical regions of the brain affected
by stroke or tumors. The flexibility of transformer models also might
allow them to be applied to multi-sequence MRI data, integrating
information from various sequences to provide a more holistic un-
derstanding of tissue perfusion.
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4. Hybrid Models: Combining the strengths of traditional scientific
models with modern DL approaches is another promising avenue
[109]. For example, physics-informed deep learning models, which
incorporate knowledge of underlying biological processes (e.g.,
pharmacokinetics in DCE-MRI [110]), have already shown improved
performance in parameter estimation by ensuring that the learned
representations adhere to known physical principles [111]. These
hybrid approaches can be further enhanced by integrating attention
mechanisms, allowing the model to dynamically adjust its focus
based on the complexity or variability of the data.

5. Explainability and Clinical Integration: As these advanced DL models
become more prevalent, the need for improved explainability and
clinical integration will become even more critical. One of the pri-
mary challenges with models like transformers and foundation
models is their “black box” nature, which can make it difficult for
clinicians to trust Al-generated predictions. Future research should
focus on developing explainable AI (XAI) methods that can visualize
the decision-making process of these models [112,113]. For
example, attention maps generated by transformers could be used to
highlight the regions of an MRI scan that most influenced the model’s
predictions, making it easier for clinicians to interpret the results and
make informed decisions.

6. Federated Learning and Data Privacy: As these new DL approaches
are increasingly data-hungry, the challenge of obtaining large and
diverse datasets, maintaining at the same time data privacy, becomes
more pressing [114]. Federated learning, which allows DL models to
be trained across multiple institutions without sharing sensitive pa-
tient data, could be an essential solution to this problem [115,116].
By using federated learning, models could benefit from a vast
amount of real-world data while still adhering to privacy regulations.
This approach could significantly enhance the generalizability of
foundation models and transformers in clinical settings, allowing
them to adapt to a wide variety of patient populations.

In summary, the future of DL in Perfusion MRI lies in leveraging
these advanced DL techniques to create more flexible, generalizable, and
interpretable models. The integration of attention-based mechanisms,
transformer architectures, and foundation models, combined with
domain-specific knowledge and federated learning, promises to enhance
both the accuracy and clinical utility of DL approaches in medical
imaging.

6. Conclusion

The integration of DL into Perfusion MRI holds great potential to
transform diagnostic imaging, offering increased accuracy and effi-
ciency. While challenges related to data scarcity and variety, model
transparency, and clinical integration remain, continued advancements
in DL technologies, coupled with interdisciplinary collaboration, could
lead to widespread adoption in clinical practice. As DL models continue
to evolve, the goal of personalized, high-precision diagnostic imaging is
becoming an increasingly attainable reality.
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