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Executive summary

Tomographic imaging techniques, like X-ray computed tomography (CT) and positron emission
tomography (PET), aim to computationally recover the internal structure of an object from in-
direct observations that are obtained by probing the object with a wave/particle from multiple
known directions. The overall aim of this project is to develop theory/algorithms for image re-
construction applicable to spatiotemporal and multimodal/multichannel tomographic imaging.
This means addressing challenges arising when the intrinsic dynamic of the imaged object
needs to be recovered during reconstruction (spatiotemporal imaging) and when the object is
probed simultaneously with different waves/particles (multimodal/multichannel imaging). Pre-
vious efforts in this field deal only with post-processing, i.e., they do not address the intrinsic
ill-posedness of (multichannel) image reconstruction. Our approach will be based on coupling
channels and modelling dynamics with physics informed deep generative models. The meth-
ods will be generic, yet adaptable to specific use cases by incorporating the physics models
through a plug-and-play scheme. This novel approach combines the power of generative mod-
els with the reliability of models derived from first principles. The work will be spearheaded by
the two use cases: dynamic PET/CT, which requires incorporating the dynamics of both activity
and anatomy, and dynamic photon-counting X-ray CT, which requires simultaneous handling
of multichannel energy-resolved data and motion.

The foundation models for reconstruction in multichannel imaging will be based on a struc-
ture for incorporating handcrafted physics informed models that couple the channels to each
other. This will allow unifying foundation models for spectral CT and dynamic PET/CT. PI 1 will
lead the development of foundational models for image reconstruction in multichannel imaging
that provide high-quality reconstructions by efficiently integrating complementary information
from different channels. Small-scale multichannel imaging problems will be addressed at first
and then focus will switch to scaling up the methods so that they can be applied to dynamic
PET/CT and spectral CT. A starting point is to study transformer architectures for multichannel
imaging based on cross attention [88] and architectures based on state space models (SSMs),
like Mamba [33], that predict an output sequence from a continuous input sequence through
learned state and output equations. Pl 3 will extend the suitable deep neural network (DNN)
architectures introduced by Pl 1 to the dynamic PET setting and then adapt and apply tech-
niques for pre-training and fine tuning against domain specific datasets with self-supervision
and model balancing. The effect of substituting simple convolution in temporal domain with
physics informed DNNs will also be explored, with the expectation of achieving models that
generalise well from small training sets. Building on work by Pls 1 and 3, realistic simula-
tions of line-of-response data and of biomarker kinematics will be generated and included in
synthetic data sets. The methods will be tested on at least 200 clinical cases.

To apply the methods to spectral CT, Pl 2 will establish a data platform and a digital twin for
spectral CT by generating a library of physiologically realistic multichannel phantoms and use
these to simulate dynamic, multispectral CT images. Pl 2 will then extend the DNN architec-
tures by Pl 1 to a multichannel setting by introducing cross attention or cross-layer token fusion
and include physics models to accommodate dynamic effects such as rigid motion, tissue com-
pression, and blood flow and perfusion. We will evaluate the resulting algorithms on simulated
data and on clinical data from a prototype photon-counting spectral CT scanner.

The application of deep learning to two use cases in medical imaging fits well with the
research theme ‘Learn’ and the goal ‘Rich and Healthy Life’. With the proposed Al-tools we will
enable dynamic PET as a routine clinical modality with a similar patient throughput of static PET
and drastically improve CT imaging of cancer, stroke, and cardiovascular diseases, in addition
to furthering the research frontier on DNN based approaches for multichannel imaging.
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State-of-the-art and scientific novelty

The overall aim is to develop theory/algorithms for image reconstruction applicable to spa-
tiotemporal and multimodal/multichannel imaging. One challenge arises when the object be-
ing imaged has an intrinsic dynamics that needs to be recovered during reconstruction (spa-
tiotemporal imaging). Another arises when the object is probed simultaneously with different
waves/particles, so data or images have multiple channels (multimodal/multichannel imaging).

Much effort has been devoted to multimodal artificial intelligence (Al) in medical imaging
[35, 45, 47, 1, 18, 24, 72] and there are some attempts at establishing foundational models
as in [13] for 3D computed tomography (CT). However, all of these deal with post-processing,
i.e., they do not address the intrinsic ill-posedness that arises in (multichannel) image recon-
struction. The approach we take will be based on coupling channels and modelling dynamics
with physics informed deep generative models. The methods will be generic, yet adaptable
to specific use cases by incorporating the appropriate physics model through a plug-and-play
scheme. This constitutes a novel approach for inverse problems that combines the power of
generative models with reliability of models derived from first principles. The work will be spear-
headed by the following two use cases.

Dynamic PET/CT: Positron emission tomography (PET) is a molecular imaging modality in
which the coincident detection of photons from positron annihilations is used to image the bio-
distribution of a 37 -labelled molecule [65]. Often, a CT scan is also performed immediately prior
to the PET scan, in order to recover the 3D interior structure (anatomy map), which is needed to
accurately model the PET data generated by an activity map (PET forward operator). Moreover,
a typical PET data acquisition takes about 20 minutes during which some organs will move.
The activity and anatomy maps are therefore time dependent.In modern scanners, coincidence
sorting is performed a posteriori, and the recorded raw data is a list of photons with their energy
and a time stamp. So-called list-mode data, i.e., coincidence events with time stamps, arrival
time differences and energies, is then derived and used for image reconstruction. This allows
investigating not only the bio-distribution of the tracer (activity map) but also the kinetics of
the injected radiopharmaceutical [15] (dynamic PET). It also enables parametric PET imaging
[64] that uses PET list-mode-data to reconstruct a steady-state activity map and other time-
dependent, voxel-specific physiological parameters (e.g., diffusion from plasma to cells).
Dynamic PET/CT is thus a spatiotemporal multichannel imaging modality and accurate re-
construction of the activity channel requires recovering and incorporating the dynamics of the
activity/anatomy from list-mode PET data. This is, for example, needed to increase spatial and
contrast resolution in thoracic gated PET/CT imaging where the clinical goal is detecting lung
tumours < 1-3 cm in size[16] and for studying the kinetics of the radiopharmaceutical distribu-
tion, with potentially more valuable diagnostic power than standard PET [83] and wide-ranging
applicability in drug and treatment development [64]. Notably, confounding organ movement
and radiotracer kinematics can be attacked with similar strategies, which we aim to investigate.
Recently, much effort has been devoted to using deep learning for PET [68, 9, 58, 12, 37],
and PET/CT reconstruction. [28, 23]. Principal investigator (Pl) 3 has led development of Al
models for PET/CT image reconstruction with promising results [34, 3, 2, 49, 48]. These are
based on physics informed deep neural network (DNN) architecture introduced by Pl 1 [5]. Pls 1
and 3 have also developed methods for spatiotemporal image reconstruction in gated PET/CT.
Pl 1 led work on methods that blend reconstruction with non-rigid registration with state-of-
the-art (SOTA) results for low-dose spatiotemporal CT [20, 32, 19, 51, 40], which have been
successfully applied by Pls 1 and 3 to PET/CT. To our knowledge, there are no documented
attempts to use deep learning in projection data space for dynamic PET imaging [66, 34, 16].
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Spectral CT: X-ray computed tomography (CT) is one of the most common medical imaging
modalities. It reconstructs a 3D map of the patient from x-ray transmission measurements from
multiple directions. Conventional CT scanners measure a single energy channel, yielding a
‘greyscale’ image, but cannot measure atomic composition and do not provide fully quantitative
measurements due to beam-hardening artifacts that depend on scanner settings or surround-
ing anatomy. Dual-energy CT scanners can partially address these problems but suffer from
imperfect iodine-calcium separation, and their clinical adoption has been slow.

Energy-resolving photon-counting detectors, recently introduced in the clinic, promise to
overcome these limitations [22, 71, 30, 82, 81, 80, 67, 55] while also providing improved spatial
resolution and better noise properties. Their energy-resolving measurements can be used for
material decomposition, generating maps of material densities that can then be turned into
quantitative images free of beam hardening. Pl 2 has played an important role in developing a
photon-counting prototype CT scanner based on a silicon detector, with a unique combination
of high-count-rate performance, spatial resolution and energy resolution [63, 77, 62, 7, 70, 42].

Taking full advantage of photon-counting CT detectors will require reconstruction algorithms
that can handle not only multichannel energy-resolved data, but also motion. If not corrected for,
motion artifacts due to organ and blood vessel motion can degrade the quantitative accuracy
of photon-counting CT images and degrade spatial resolution [31]. Conventional, analytical
image-reconstruction methods are not able to handle noise and motion optimally.

Pl 1 has pioneered work on several Al models for CT reconstruction as surveyed in [10, 60].
Many of these involve physics informed DNN architectures [5, 39, 59, 69] that have demon-
strated SOTA performance [52, 69] with computationally feasible reconstruction time compared
to variational models. Pls 1 and 2 have also worked on applying these and other Al models
to spectral CT [26, 25, 78, 41, 44]. Results are encouraging, but several challenges remain to
be solved before Al models for multichannel, spatiotemporal reconstruction in photon-counting
spectral CT are ready for being implemented in clinical practice.

Project plan

We will base the foundation models for reconstruction in multichannel imaging on a plug-and-
play structure for incorporating physics informed models that couple the channels to each other.
Since one can view spatiotemporal imaging as a special case of multichannel imaging by repre-
senting the temporal dimension as an additional channel, part of the work on foundation models
for spectral CT and dynamic PET/CT can be unified. The project consists of three parts: devel-
oping general foundational models and applying these models to PET/CT and spectral CT.

Foundational models: The overall aim is to develop foundational models for image recon-
struction in multichannel imaging that provide high-quality reconstructions by efficiently inte-
grating complementary information from different channels. The work will be led by Pl 1 and
the first phase will consider small-scale multichannel imaging problems. The next phase fo-
cuses on scaling up the methods so that they can be applied to dynamic PET/CT and spectral
CT. This part will be pursued in close collaboration with Pls 2 and 3.

A key part concerns developing physics informed DNN architectures for multichannel imag-
ing. We will start by considering transformers that use attention to encode long-range depen-
dencies. By varying the attention mechanism [38], one can adapt transformers to different
tasks like natural language processing (NLP) [90], vision [36], image denoising [27] and recon-
struction [2, 3, 49], the latter as part of unrolled architectures in work led by Pl 3. The first
step will seek to develop a transformer architecture for multichannel imaging based on cross
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attention [88]. This and other model fusion techniques [89] have been successfully used in
applying transformers for multimodal tasks involving NLP and vision [29, 92, 84, 54, 21, 91,
14]. A major drawback with transformers is that they have quadratic computational complex-
ity. Various variants seek to address this [36], but setting up and training transformers can still
become prohibitive in large-scale multichannel imaging problems, like clinical spectral CT. We
will therefore consider state space models (SSMs), like Mamba [33], that predict an output se-
quence from a continuous input sequence through learned state and output equations. These
DNN architectures can capture long-range dependencies with linear computational complexity
[61, 6]. Recently they have been used in vision [86] and image reconstruction [43]. As with
transformers, it is possible to use cross-layer token fusion [75] to define a multimodal SSMs.
An approach similar to this was applied to multimodal magnetic resonance imaging (MRI) [93],
but there are no examples of multimodal SSM models that have physics informed cross-layers.

Another part concerns training protocols. The first step will be to extend the task adapted
reconstruction framework introduced by PI 1 in [4] to multichannel setting by using suitable DNN
architectures from the above. Next is to adapt and apply techniques for pre-training and fine
tuning against (small) domain specific well-curated datasets with self-supervision and model
balancing [56]. These training protocols are commonly used for adapting pre-trained large
language models (LLMSs) to specialised domains [76, 53, 50, 57, 46] and they are also gaining
traction in scientific machine learning (SciML) [79]. To further limit hallucinations, one can
also consider the possibility to encode physics constraints with retrieval-augmented generation
(RAG) techniques that were recently extended to computer vision [87, 85].

Dynamic PET/CT. Work here is led by Pl 3 and its aim is to develop foundational models for
reconstruction in dynamic PET/CT.

The main focus here will be on exploring computationally efficient and clinically viable ways
of performing spatiotemporal PET/CT reconstruction from list-mode data. Temporal variation
due to organ motion and tracer dynamics is here seen as a deformation with time dependent
parameters. Optimisation schemes for the joint reconstruction of deformation and multi-channel
image are well studied but they present two main challenges: they are computationally unfea-
sible and they rely on physical/biological models of deformation defined in image space. The
latter limits the best achievable temporal resolution and also adds a computational cost due to
the need of repeated transfer of the physical/biological information between the image and pro-
jection data domains (forward- and back-projection). Pl 3 has previously showed that, feeding a
DNN with sinograms patched in tokens corresponding to projection data pertaining to the same
point or patch in image space [3, 49], improved both the denoising power and the generalisabil-
ity of the model. The first step will therefore be to generalise this idea to the temporal domain.
In short, we will feed suitable DNN:s with projection data, p(y, ¢), in patches corresponding to
the trajectory z(t) predicted by the relevant physical/biological deformation model and assess
their reconstruction capability. In parallel, as an alternative approach, the effect of substituting
simple convolution in temporal domain with physics informed DNNs will be explored. This is
expected to achieve models that generalise well after training against small training data set. In
order to address the heavy computational burden, we will select promising architectures from
the work on foundation models to be used in this dual-domain reconstruction approach. A key
point in what is proposed above is the access to representative training and test data sets.
Pls 1 and 3 have previously developed methods for generating synthetic data sets that showed
promising representativeness of physical motion in gated histogram projection data [16]. The
intention is here to build on that work by including realistic simulations of line-of-response data
and of biomarker kinematics. The line-of-response data will be simulated by random sampling
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of forward-projected noisy images (note that, in forward projection here the temporal model of
the deformation is included). Also, the technique described in [74] will be used to generate
experimental dynamical phantoms in the PET/CT previously developed by Pl 3. The above de-
scribed work will be initially performed on problems of suitable size (e.g., corresponding to the
PET/CT) and the last part of our efforts will be devoted to scaling up to clinically relevant cases.
At this point, we will take advantage of the advancement produced in the foundational models
part and we will have (at least) access to PET/CT data from around 200 patients collected by
Pl 3. It is relevant to mention that PI 3 is also involved in an initiative for the standardisation of
PET data (ETSI), which could result in access to an even larger data set.

Spectral CT: Work here is led by Pl 2 and it aims to develop foundational models for recon-
struction in spectral CT. Spectral CT is a large-scale problem, e.g., a chest scan will typically
generate 200 GB raw data. Hence, a key challenge is to manage memory footprint and com-
putational burden in training and inference.

The first part is to establish a data platform and a digital twin for spectral CT. A key com-
ponent is to generate a library of physiologically realistic concentration maps of 2—3 basis ma-
terials (multichannel phantoms) that can then be used to simulate dynamic, multispectral CT
images. One approach is to inpaint realistic anatomy into existing dynamic phantoms, like
XCAT [73]. This can be accomplished by style transfer trained on realistic static CT images.[17]

The second part is to adapt the foundation models for multichannel imaging developed by
Pl 1 to spectral CT. Here the idea is to extend the DNN architecture by PI 1 for extracting edge
location/orientation [8] to a multichannel setting by introducing appropriate cross attention or
cross-layer token fusion. These DNN architectures for geometric similarity can also be used in
PET/CT. To further reduce risk of hallucinations, we complement the geometric similarity with
physics models that couple the channels in spectral CT to each other.

The final part is to extend the above to a dynamical setting by leveraging on foundation
models for motion that will be developed by Pl 1. The key task is to enhance the aforementioned
physics models to also accommodate different types of time-dependent attenuation such as
rigid motion, tissue compression, and blood flow and perfusion. The resulting algorithms will be
evaluated on simulated and clinical data, the latter obtained from a prototype photon-counting
spectral CT scanner [7] in collaboration with Torkel Brismar and Staffan Holmin, professors in
medical radiology and clinical neuroimaging at Karolinska Institutet (KI).

Impact

The two use cases in medical imaging within the project have a societal impact and potential
directly related to ‘Rich and Healthy Life’.

The installed base of photon-counting spectral CT scanners worldwide is growing rapidly.
This offers a opportunity for fast clinical adoption of image reconstruction methods that account
for spectral information and motion. This is especially the case in imaging iodine-enhancing tu-
mours (cancer), haemorrhages (stroke), and blood vessel occlusions (cardiovascular diseases)
where motion artefacts need to be accounted for in order to extract clinically important param-
eters. This will have important implications for patient health.

The clinical practice of PET/CT is, at present, limited to static PET that is semi-quantitative.
Dynamic PET offers the advantage of being fully quantitative but it requires longer scan times
along with invasive measurements (blood sampling). The proposed Al-tools will remove these
two obstacles and enable dynamic PET as a routine clinical modality with a similar patient
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throughput of static PET. Moreover, we expect our methods to provide better temporal and
spatial resolution in PET based pre-clinical studies of drug kinematics.

Finally, the project will also make important contributions to developing DNN based ap-
proaches for multichannel imaging. This will require novel architectures that operate on the
space of dynamical densities (higher-dimensional hyperobjects). Seen in a wider context, the
approach is based on SciML [11] that blends handcrafted domain-specific models from applied
mathematics with data-driven models from machine learning. As such, the primary scientific
research theme for the project is Learn.

Strategic relevance

The project relates directly to digitisation of image guided diagnostics and treatment. It also
relates to gender equality as training and test data will be gender-wise unbiased. Finally, the
project contributes to the UN sustainable development goal 3 on good health and well-being,
e.g., indicator 3.4.1 (combating cancer, diabetes and cardiovascular and respiratory disease).

Project team composition and resources

Pl 1 has led development of physics informed DNNSs for inverse modelling with applications to
severely ill-posed image reconstruction problems. He will be responsible for the development
of deep learning based techniques and associated mathematical theory. As part of WASP and
ELLIS, he also has access to compute infrastructure and research network for this task.

Pl 2 has 14 years of research experience in photon-counting spectral CT. He will be respon-
sible for the the spectral CT part of the project, including providing access to data, development
of accurate physics models and supervision of a PhD student who will adapt the proposed im-
age reconstruction techniques to photon-counting spectral CT. The algorithms will be tested on
imaging data from a silicon-based photon-counting CT prototype by GE Healthcare available at
the joint KTH/KI center MedTechLabs.

Pl 3 has comprehensive expertise from emission tomography, ranging from hardware (he
built a PET/CT) and algorithms for image reconstruction. He will lead work on dynamic PET/CT
in the project, and for generating and providing access to training and validation data sets.

Budget

The requested funding of 3 MSEK for each Pl will rimaril cover salar costs for three PhDs

and supervision the first three yoars. [
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Acronyms
Al Artificial intelligence
CT Computed tomography
DNN Deep neural network
Kl Karolinska Institutet
KTH KTH — Royal Institute of Technology
LLM Large language model
MRI Magnetic resonance imaging
NLP Natural language processing
PET Positron emission tomography
Pl Principal investigator
RAG Retrieval-augmented generation
SciML Scientific machine learning
SOTA  State-of-the-art
SSM State space model
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