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1. Why Medical Imaging?
• Medical imaging has revolutionized 

medical diagnostics in the past 40-50 
years.

• Basically – enables medical doctors to 
view what is happening inside the human
body. 

• Main advantages: non-invasive, improves 
medical diagnostics and treatment, 
imaging during surgical interventions. 

• Nearly every medical test today consists 
of medical imaging.
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MRI

ULTRASOUND PET-CT

CT(Computed 
Tomography) 
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Just a Few Examples…
• Direct relation to reduced infant mortality and 

increased life expectancy.
• Emergency medicine
• Stroke detection
• Cancer detection and classification
• Detecting abnormalities in the fetus during 

pregnancy (ultrasound).
• And many more…
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My God, it’s full of stars…
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The 3 Elements of (almost) every Medical 
Imaging Problem/Task
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Segmentation 
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(Specific findings)



The Algorithm – ML, DL
• Deep learning - yields state-of-the-art performance in terms of 

accuracy and computational speed.
• However - challenges remain for deep diagnostic models:

These challenges stand at the core of the bottleneck that currently 
exists between theory and practice in terms of incorporating this 
technology into actual clinical settings.
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limited reliability and 
robustness to noise / 
other unknown 
perturbations in the data 
acquisition process

limited generalization to 
data sets characterized 
by distributions that 
differ from that of the 
training data (OOD)



2. Robustness as a Performance Measure
• Typical performance measures -

accuracy, specificity, sensitivity.
• However, especially when considering the 

clinical applicability of diagnostic 
algorithms, robustness is an additional 
important performance measure.

• ‘Robustness’ - a measure for a system’s 
stability, i.e. the extent of the variation 
that may be applied upon the input whilst 
obtaining valid predictions at the output.
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Adversarial Attacks in Computer Vision
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Adversarial Perturbations, Robustness Definition
• An Adversarial Perturbation ஽ is the solution to

௥∈ℝವ
such that ఏ ఏ , 

- A general objective function
– A general set of constraints that characterizes the perturbation

Adversarial examples.
• Robustness of a DNN – the average distance of any data sample to 

the decision boundary of the network:
௉ ௫,௬ ~𝒟 ௉ ௉
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Geometric Interpretation – Robustness 
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Physics-Induced Deep Learning
• One approach to mitigate the limited robustness in DL is data 

augmentation.
• However, this may result with overfitting / un-interpretability. 
• In recent years - the inclusion of physics information into the 

learning process and network design.
• Basic assumption: the inclusion of prior domain-related 

knowledge may shift the learning mechanism such as to produce 
improved stabilization of the network.
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3. MRI Background 
• Non-invasive
• High spatial resolution of tissues and 

organs
• Superior soft-tissue contrast
• Utilizes a strong magnetic field, radio-

frequency pulses and computational 
algorithms to generate body images –
brain, spine, organs, joints,…

• No ionizing radiation
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MRI Background 
The MRI is comprised of 3 main components:
• A superconducting primary magnet
• 3 magnetic field gradient coils
• RF transmitter and receiver
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MRI – T1 and T2 Relaxation Times
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• Application of RF pulse creates non-equilibrium state (adding energy 
to the system).

• After the pulse is switched off, the system is relaxed back to 
equilibrium.

• There are 2 relaxation times which govern the return to equilibrium:
• T1 (spin-lattice),  equilibrium of z component.
• T2 (spin-spin), x and y components.

Taken from:
Lecture Notes by Prof. Guy Gilboa,
Faculty of Electrical and
Computer Engineering,
Technion



Tissue relaxation times for 1.5 Tesla
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Gradient Field Encoding
• Gradient coils are designed to create an additional B field that 

varies linearly across the scanner when current is driven into the 
coil. The slope of linear change is known as the gradient field and 
is directly proportional to the current driven into the coil.

• X-dimension is encoded by applying a frequency-encoding 
gradient ௙௥௘௤

• Protons precess at the frequency ௫ ௫

• Y-dimension is encoded by applying a phase-encoding gradient 
௣௛௔௦௘ for a period of ௣௘ and then switched off.
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Sensor Space and K-space Formalism

• The imaging is done through gradient coils which create linear 
spatial variation in the magnetic field in each axis:

• x and y direction are encoded via frequency and phase.
• For the case of frequency encoded by the x direction and phase by 

the y direction the total measurements for a slice can be 
expressed by the following expression:
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K-space formalism – cont.

• Where ρ(x, y) is the number of protons at position (x, y), τ_pe is the 
phase encoding period and t is the frequency encoding period. 

• In the k-space formalism we assign:

௫
ఊ

ଶగ ௫ ௬
ఊ

ଶగ ௬ ௣௘ to get:

ೣ ೤

Which is the Fourier transform of ρ(x, y).
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Image recovery

To recover the proton density , we simply use the inverse 
Fourier transform:

௫ ௬
ା௝ଶగ(௞ೣ௫ା௞೤௬)

௫ ௬

ஶ

ିஶ
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k-Space Representation, Image Space
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Taken from: Lecture Notes by Prof. Guy Gilboa, Faculty of Electrical and Computer Engineering, Technion



8 x 8512 x 512
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16 x 16512 x 512
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32 x 32512 x 512
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Problem Formulation of MRI Reconstruction
• MRI reconstruction may be viewed as a sensor-to-image 

translation task.
• Goal: recover an image from the -space signal , which is 

corrupted by measurement noise :

where: ௄×ே a linear forward operator describing the MR 
acquisition model;

- number of measurements, i.e. the dimensionality of the 
underlying k-space data;

– number of image voxels. 
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Problem Formulation of MRI Reconst. – cont.
• Depending on the imaging application and signal modelling, the 

operator involves Fourier transformations, sampling trajectories, 
field inhomogeneities, etc.

• Objective: Learning the sensor-to-image mapping function

஀ , with learning parameters .
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4. Physics-based Approaches
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PI-DL: From Implicit to Explicit
• For many physics-induced learning methods, a known (or partially 

known) forward model is integrated into the learning process. 
• Typically, for such methods, the forward model is implicitly

integrated into the learning mechanism, either by applying its 
expression as part of the loss term, or by encapsulating it as part 
of the architecture design process.

• What if we explicitly incorporated this prior knowledge into the 
network architecture?
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5. EPI-Learning – Problem Formulation

• Assume a known physical model of the form: input data , output 
data , the forward operator , and noise may be represented as:

is the prior of the physical coordinates that determine the form of 
• We propose a solution based on a DNN architecture , whose 

weights are denoted by the parametrization :

𝚯
𝑰 , 

𝚯 𝚯
𝚯
𝑰
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EPI-Learning – Novelty 1: Extended Architecture
• We extend the network’s architecture by explicitly feeding it with 

the physics prior coordinates as input. We denote this new 
architecture by 

𝚯𝑰𝑬

𝑰𝑬 , where the index stands for ‘explicit’. The 
solution based on this architecture is:

𝚯𝑰𝑬

𝑰𝑬

𝑰𝑬

𝚯𝑰𝑬 𝚯𝑰𝑬
𝚯𝑰𝑬

𝑰𝑬 . 
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EPI-Learning – Novelty 2: Modified Training Set
• We modify the data set for training the extended network 

architecture 
𝚯𝑰𝑬

𝑰𝑬 : for each input , we provide the network with 
the explicit prior information of the forward model 𝑬, for which we 
add a (known) perturbation 𝑬. 

• The perturbation is chosen from a set of perturbations that are 
distributed according to some chosen probability distribution: 

𝑬 𝜹𝑰𝑬
. 
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EPI-Learning – Novelty 2: Modified Training Set

• Therefore, the data set for training the extended network is 
𝑰𝑬ା𝜹𝑰𝑬 𝑰𝑬ା𝜹𝑰𝑬

, where:

𝑰𝑬ା𝜹𝑰𝑬 𝑰𝑬ା𝜹𝑰𝑬 𝑬 𝑬 .                                                                   
• The loss term for the extended network (namely: the 

generalization loss) is thus given by:

𝑰𝑬

𝓓𝜹𝑰𝑬
𝑰𝑬ା𝜹𝑰𝑬 𝑬 𝑬
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EPI-Learning 
• Training of the extended network 

𝚯𝑰𝑬

𝑰𝑬 consists of this new data 
set 𝑰𝑬ା𝜹𝑰𝑬 𝑰𝑬ା𝜹𝑰𝑬

.
• The input to the extended network consists of both 𝑰𝑬ା𝜹𝑰𝑬

and its 
associated perturbed explicit prior information 𝑬 𝑬. 
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6. EPI-Learning for a Non-Linear Regression Task
• We define the following regression task: Let 

where: 𝒊 𝒊ୀ𝟏
𝑴 , 𝑴 a set of measurements,  

• 𝒊 𝒊ୀ𝟏
𝑲 𝑲 a set of explicit given physics prior 

coordinates, 
• 𝒊 𝒊ୀ𝟏

𝑲 , 𝑲 a set of un-known model parameters, 
• 𝑲 𝑴 a presumably known non-linear function. 
• 𝒊ୀ𝟏

𝑴 ,  𝑴 is an additive random noise vector of length 
. 
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6. EPI-Learning for a Non-Linear Regression Task
• Goal: find an optimal estimation of the model parameters , given the input 

measurements and the prior physics coordinates . 
• We focus our interest on the highly non-linear model of a sum of exponentials:

𝒎 𝟏 𝟐 𝑳 𝟏 𝟐 𝑳 𝒍 𝒎 𝒍
𝑳
𝒍ୀ𝟏 , 

,  
where 𝒍 𝒍 𝒍ୀ𝟏

𝑳 a set of parameters to be estimated from the samples 
𝒎 𝟏 𝟐 𝑳 𝟏 𝟐 𝑳 ;

𝒍 and 𝒍 , 𝒍
𝑳
𝒍ୀ𝟏 ; 

𝒍 such that 𝒍. 

𝒎 , 𝒎 are pre-chosen and known constant parameters for which the 
samples 𝒎 𝟏 𝟐 𝑳 𝟏 𝟐 𝑳 are evaluated
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EPI-Learning for a Non-Linear Regression Task

• A sum of exponentials is useful for many applications.
• Diffusion-Weighted MRI - the two-compartment IVIM model (

) or the three-compartment NODDI model ( ). 
• For the case of the IVIM model, the forward model may be written 

as

                        𝒊 𝟎 𝒑 𝒊 𝒑 𝒑 𝒊
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• A Bio-physical model that provides characterization of tissue
cellular architecture by diffusion and perfusion parameters.
• The bi-exponential model*:

Diffusion-Weighted MRI (DW-MRI) and the 
Intra-Voxel Incoherent Motion (IVIM) Model

* Denis Le Bihan el al, “MR imaging of intravoxel incoherent motions: application to 
diffusion and perfusion in neurologic disorders,” Radiology, vol. 161, no. 2, pp. 401–
407,1986

Restricted diffusion (low D values)

Unrestricted diffusion (high D values) 

Figures prepared by Prof. Moti Freiman, 
Faculty of Bio-Medical Engineering, Technion



• Characterization of 
inflammation in chronic liver 
disease,                   

• Crohn’s disease,
• Differential analysis                            

of tumors,
• Fetal lung maturity

Clinical Applications of IVIM Modelling

Estimated IVIM parameters maps Figures prepared by Prof. Moti Freiman, 
Faculty of Bio-Medical Engineering, Technion



Deep Neural Networks vs. Classical 
Solvers – IVIM Parameter Estimations

(I) Classical solvers: Non-Linear 
Least Squares (NLLS), Bayesian 
Shrinkage Prior (BSP).
Pros: Solver is agnostic to 
acquisition protocol.

(II) Deep Neural Network (DNN)
solvers (IVIM-NET; Barbieri, 2020): 
Pros: more accurate and faster.

𝛩௩ ≡ 𝐷௩, 𝐷௣
௩, 𝐹௣

௩ 

𝑚௜
௩ Observed IVIM signal

Forward-model IVIM signal 

𝛩௩
෢ = 𝐴𝑟𝑔 𝑚𝑖𝑛

௵ೡ

෍ 𝑚௜
௩ − 𝑠௜

஀ೡ
ଶ

ே

௜ୀଵ

𝑠௜
஀ೡ

Barbieri et al. (2020). Deep learning how to fit an intravoxel 
incoherent motion model to diffusion‐weighted MRI. Magnetic 



IVIM Model –
Diffusion MRI
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EPI-Learning Results vs. Original DNN
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EPI-Learning Results vs. Original DNN
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Working Hypotheses – EPI-Learning
Hypothesis 1: Improved generalization to input distribution:

• The network 
𝚯𝑰𝑬

𝑰𝑬 is expected to have improved generalization 
compared to 𝚯:

𝒀~𝓓𝒀
∗

𝚯𝑰𝑬

𝑰𝑬
𝒀~𝓓𝒀

∗ 𝚯
𝑰

• where the expectation operator is taken over that is 
distributed according to 𝒀

∗ , a shifted distribution with respect to 
the original distribution 𝒀 (according to which the network 𝚯

𝑰

was trained): 𝒀
∗

𝒀.
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Hypothesis 2: Improved robustness to random input variations: the 

network 
𝚯𝑰𝑬

𝑰𝑬 that is trained with the generalization loss 𝑰𝑬

𝓓𝜹𝑰𝑬 is expected 
to have improved robustness to input variations with respect to 𝚯

𝑰 :
• 𝔼𝜹𝒀~𝓓𝜹𝒀

𝔼𝒀~𝓓𝒀
𝒈

𝚯𝑰𝑬

𝑰𝑬 𝒀 + 𝛅𝒀; 𝑰 − 𝒈
𝚯𝑰𝑬

𝑰𝑬 𝒀; 𝑰 |𝛅𝒀 ≤ 𝔼𝜹𝒀~𝓓𝜹𝒀
𝔼𝒀~𝓓𝒀

𝒈𝚯
𝑰 𝒀 + 𝛅𝒀 − 𝒈𝚯

𝑰 𝒀 |𝛅𝒀

where is an input variation distributed according to 𝜹𝒀, and 
𝜹𝒀~𝓓𝜹𝒀

denotes the conditional expectation value, conditioned 
on a given input variation of value .
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7. EPI-Learning for Image Reconstruction
• Define the following image reconstruction task: 

𝑰 ,                                                                                   

• where: 𝑴𝟐
is a column-wise vector representing an original, 

high-quality image;  

• 𝑴𝟐
is a column-wise vector representing a degraded, low-

quality image;

• 𝑰
𝑴𝟐𝑿𝑴𝟐

is a known degradation operator matrix, whose 
entries are determined according to the given explicit physics 
prior coordinates ; 

• 𝑴𝟐
is additive random noise, independently and identically 

distributed (i.i.d.) according to some distribution 𝑵
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EPI-Learning in Image Reconstruction – cont.

• A decimation operator may describe a degradation operator 
that is followed by sub-sampling (decimation operator):

𝑰 ,  
𝑳𝟐

is the down-sampled and corrupted image; 
𝑳𝟐

is the additive noise. 
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Re: Image-to-Sensor Equations in MRI
• The acquired k-space signal at time may is expressed as:      

ି𝒋𝟐𝝅𝒌 𝒕 ȉ𝒓 ,

Where:
is the spatial location

is the underlying magnetization
is a set of parameters that model physiological or systemic changes

is the k-space location at time 
is the measurement noise. 
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Re: Image-to-Sensor Equations in MRI

A simplified and discretized acquisition model 
, 

Where:
is the image/magnetization, 
denotes the corresponding k-space measurements, 
is the forward encoding operator, which reflects the hardware 

characteristics of the scanner.
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Image-to-Sensor Equations in LF-MRI
The discretized forward model:

,
where:

is the observed signal that corresponds to the LF scan,
is the encoding matrix, 
is the corresponding HF image for which the inverse problem is solved.

The encoding matrix encapsulates the entire system modeling. depends 
on hardware, magnetic field and gradient maps, as well as image acquisition 
parameters: 𝟎 𝒙 𝒚

where 𝟎 is the magnetic field map,
𝒙 𝒚 represent the gradient magnetic field maps in the imaging 

dimensions.
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Low-Field MRI Scanners- “MRI Democratization”

54EPI-Learning: Explicit Physics-Induced Learning; @MIAPbP 
"Build Big or Build Smart", Aug-Sep 2025



Why Low-Field (LF) MRI?
• Conventional High-Field (HF) scanners 

(1.5/3 Tesla)  require special physical siting 
conditions, specialized technicians and 
high maintenance costs.

• High costs further contribute to lack of 
resources and increasing workloads on the 
national health care system.

• LF scanners: compact, portable, require 
significantly reduced installation and 
maintenance costs.

• Reduced sensitivity to metal implants.
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LF-MRI’s Limitations
• LF images suffer from reduced Signal-to-Noise Ratio (SNR), contrast 

and spatial resolution.

଴

଻
ସൗ

• Specific applications require high resolution and noise: degenerative 
disorders identification, injury diagnosis and more. 

• The solution: State-of-the-Art DL, which can translate LF images to 
HF-comparable image quality: Image-to-mage Translation.

Image-to-Image Translation

Input: Low-Field (LF) MRI scan Output: High-Field (HF) quality 
produced image

Deep Learning-based algorithm

MRI images taken and edited from: Runge, V., & Heverhagen, J. (2022). The clinical utility of magnetic resonance imaging 
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The Goal of Image-to-Image Translation Algorithms

Sagittal MRI scans of the medial meniscus 
and articular cartilage of the knee obtained 
at (A) 0.55 T, (B) 1.5 T, (C) 3 T. 

Figure taken from: Runge, V., & 
Heverhagen, J. (2022). The clinical utility 
of magnetic resonance imaging according 
to field strength, specifically addressing the 
breadth of current state-of-the-art systems, 
which include 0.55 T, 1.5 T, 3 T, and 7 T. 
Investigative radiology, 1-12.

0.55 T 1.5 T 3 T
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3 Main DL Blocks for Low-Field to High-Field 
Image-to-Image Translation

LF-domain,
Low-resolution Input Block #2:

Denoiser

Block #3:
Super-
Resolution

HF-domain, noisy
Low-resolution
image

HF-domain,
Denoised,
Low-resolution
image

Block #1:
Domain
Adaptation

HF-domain,
High-resolution Output
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Promaxo LTD (California, USA)
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Low-Field MRI – EPI-Learning
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Low-Field MRI – EPI-Learning
• The modified field maps will be generated as follows:
• Step (1): A set of 𝑲 = 𝟑𝟎 matrices, representing the field maps of 𝑩𝟎, 𝑮𝒙, 𝑮𝒚, will be provided by 

Promaxo, namely:

• 𝑩𝟎
𝒌

𝒌ୀ𝟏

𝑲
, 𝑮𝒙

𝒌
𝒌ୀ𝟏

𝑲
, 𝑮𝒚

𝒌
𝒌ୀ𝟏

𝑲
.

• Step (2): For each of the three field maps, the empirical expectation value 𝝁ෝ and variance 𝝈ෝ𝟐 (first- and 
second-order

• probability distribution moments) will be estimated entry-wise (for row, column indices 𝒊, 𝒋), as follows:

• 𝝁ෝ𝑩𝟎 𝒊,𝒋
=

𝟏

𝑲
∑ 𝑩𝟎

𝒌
𝒊,𝒋

𝟏
𝒌ୀ𝟏 , 𝝁ෝ𝑮𝒙 𝒊,𝒋

=
𝟏

𝑲
∑ 𝑮𝒙

𝒌
𝒊,𝒋

𝟏
𝒌ୀ𝟏 , 𝝁ෝ𝑮𝒚 𝒊,𝒋

=
𝟏

𝑲
∑ 𝑮𝒚

𝒌
𝒊,𝒋

𝟏
𝒌ୀ𝟏 .

• 𝝈ෝ𝑩𝟎

𝟐

𝒊,𝒋
=

𝟏

𝑲
∑ 𝑩𝟎

𝒌
𝒊,𝒋

− 𝝁ෝ𝑩𝟎 𝒊,𝒋

𝟐
𝟏
𝒌ୀ𝟏 , 𝝈ෝ𝑮𝒙

𝟐

𝒊,𝒋
=

𝟏

𝑲
∑ 𝑮𝒙

𝒌
𝒊,𝒋

− 𝝁ෝ𝑮𝒙 𝒊,𝒋

𝟐
𝟏
𝒌ୀ𝟏 , 𝝈ෝ𝑮𝒚

𝟐

𝒊,𝒋

=
𝟏

𝑲
∑ 𝑮𝒚

𝒌
𝒊,𝒋

− 𝝁ෝ𝑮𝒚 𝒊,𝒋

𝟐

𝟏
𝒌ୀ𝟏

• Step (3): For each of the three field maps, their perturbed values will be generated by adding to each 
matrix entry a random variation that is uniformly distributed, according to the empirical second-order 
moments from Step (2):

• 𝜹𝑩𝟎 𝒊,𝒋~𝓤 − 𝝈ෝ𝑩𝟎 𝒊,𝒋
, 𝝈ෝ𝑩𝟎 𝒊,𝒋

, 𝜹𝑮𝒙 𝒊,𝒋~𝓤 − 𝝈ෝ𝑮𝒙 𝒊,𝒋
, 𝝈ෝ𝑮𝒙 𝒊,𝒋

, 𝜹𝑮𝒚 𝒊,𝒋
~𝓤 − 𝝈ෝ𝑮𝒚 𝒊,𝒋

, 𝝈ෝ𝑮𝒚 𝒊,𝒋
.
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8. Summary and Future Directions

• Explicit physics-prior, which encapsulates a presumably known, 
or partially-known, forward model 

• Incorporation of such explicit prior, combined with extended 
training data set (created by applying perturbations over the prior)-
 yields improved generalization to OODs and robustness to 
random input noise.

• The proposed approach may be translated into applications for 
which an inverse problem should be solved, based on a given 
forward model formulation. 
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Thank you!
Danke Schon!
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