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What Promises do Al Hold
for Computational
Imaging?

by Tristan van Leeuwen, Felix Lucka and Ezgi Demircan-
Tureyen (CWI)

An image says more than a 1000 thousand words, it is
said. This also holds true in many scientific applications,
where 2D, 3D, or even 4D images are analysed. But how do
we compute images from raw measurements, and can Al
help us improve? At CWI's Computational Imaging group in
Amsterdam, mathematicians and computer scientists are
trying to answer these questions.

Imaging is a key tool in many sciences. Physicists and material
scientists use electron microscopes to study nanoparticles, bi-
ologists study organoids under a microscope. At much larger
spatial scales, earth scientists use earthquake data to image the
deep earth and astrophysicists peer into deep space using tele-
scopes. What unites these fields is that they aim to image
things that are not directly observable with the naked eye, or
even inaccessible to humans. Advances in instrumentation
have revealed things at increasingly smaller scales and at
larger distances. Still, direct observation has its limitations —
however powerful the instrument — as observations are not al-
ways directly related to the features of interest and may con-
tain noise or other imperfections.

To get an interpretable image from the measured data, we need
to solve an inverse problem. There, we fit a mathematical
model of the image formation process to the measured data. A
well-known example is image deblurring, where the imprint of
the optical system on the image needs to be removed. A med-
ical CT scan is another well-known example. Here X-ray ra-
diographs are taken from all around the patient and are com-
bined into a 3D reconstruction of the patient’s inner anatomy.
In radioastronomy, a similar situation arises and measurements
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can be processed into a 2D image of part of the sky at a certain
distance.

In some cases, when enough measurements of high quality are
available, the inverse problem can be solved explicitly and the
resulting formulas implemented in software to yield an effi-
cient algorithm that processes the measured data into an
image. More advanced mathematical image reconstruction
techniques can work with less data and handle more noise, but
they require something in return [1]. The missing information
needs to be added implicitly or explicitly by making prior as-
sumptions about the object we aim to image. These methods
come with two major challenges, however: i) the computa-
tional cost of advanced image reconstruction methods is too
high for many practical applications; and ii) it is difficult to
capture suitable prior information in hand-crafted mathemati-
cal models.

So how can Al help us address these challenges? For one, Al
can reduce the computational cost of advanced image recon-
struction algorithms by replacing an expensive iterative pro-
cess by a single pass through a deep neural network. The com-
putational cost is then shifted from solving each problem indi-
vidually to a one-time training phase. This comes in different
flavours [2]. Learned inverses treat image reconstruction as
pattern recognition, learning to map measurements to images
in a single pass. Unrolling integrates physics into the neural
network, compressing many iterations into fewer physics-
aware steps that reach good solutions faster. Recently, diffu-
sion models have pushed the idea further and allow one to al-
ternate between generating plausible images and fitting the
measured data. In our group we are currently working on ways
to incorporate physics and measured data into such generative
models. Just as you might prompt a text-to-image model, we
could then prompt it with “Show me the 3D volume of the
chest that could have produced these X-ray radiographs.”

To effectively deploy Al for scientific imaging, though, repre-
sentative training data are needed. The most impressive Al
image generators were trained on billions of images collected
from the internet, that are unfortunately not representative for

Figure 1: Dynamic CT imaging: the
object (in this case, a lava lamp)
changes continuously, but we can
measure only one X-ray radiograph per
time frame. To reconstruct the 4D
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most scientific imaging applications. CWI’s Flex-ray labora-
tory [L1] is an experimental imaging lab which was founded
for the purpose of developing and validating computational
imaging algorithms. We use our in-house CT scanner, amongst
other things, to collect large datasets specifically for the pur-
pose of testing and validating Al for scientific imaging [3].

Collecting large data sets comprising measurement data and
matching images is difficult and costly, and in medical imag-
ing, further complicated by privacy concerns. In some applica-
tions, therefore, we do not have pairs of measurement data and
matching ground-truth images. For these cases, we are also ac-
tively developing un- or self-supervised training paradigms. In
some cases, training data may not be available at all. This hap-
pens for example in 4D CT where the object dynamically
evolves over time while it is being scanned. A static 3D snap-
shot of the ground truth needed for supervised training can
therefore never be obtained. Surprisingly, neural networks can
still help [3]. An example of our recent work is shown in
Figure 1, where we use a neural network’s ability to see struc-
ture in noise to represent the dynamically evolving image and
fit it to the measured data.

In summary, Al can strengthen computational imaging in sev-
eral ways. It can be used to speed up the image reconstruction
process, promising near real-time performance for specific
tasks. Moreover, generative models can capture structure in
images in an unprecedented way. It is important, however, that
the use of Al in science stays grounded in mathematics and is
aware of the underlying physics. The motto should be: model
what we can and learn what we must.

Link:
[L1] https://www.cwi.nl/en/collaboration/labs/flex-ray-lab/
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Detecting Small Changes
in 3D Aerial Scans:

A Hybrid Approach for Real
Urban Environments

by Tatjana Ceranié, Stephan Schraml and Philip Taupe (AIT
Austrian Institute of Technology GmbH)

Reliable detection of small, local changes in real airborne
laser scanning data remains difficult with current 3D
change-detection techniques. Off-the-shelf methods often
overlook subtle modifications or flag too many false posi-
tives. By combining semantics with geometry-based and
deep-learning methods, we aim to improve robustness in
noisy, cluttered settings.

Airborne laser scanning (ALS) is increasingly used to capture
detailed 3D representations of complex outdoor environments.
Beyond large-scale urban mapping, ALS enables the monitor-
ing of subtle, localised physical changes, e.g., the sudden ap-
pearance or removal of smaller structures or objects — changes
that can carry operational or safety implications, particularly
in sensitive areas. Detecting these kinds of changes is far more
challenging than identifying major modifications such as new
buildings or terrain reshaping, yet it is precisely this fine-
grained analysis that many real-world applications require.

However, reliably identifying such objects in the highly vari-
able conditions of real ALS acquisitions remains difficult. The
changes of interest are typically less than two metres in size,
sometimes partially occluded, and recorded under different
flight paths. At the same time, the surrounding geometry, such
as vegetation, clutter, or naturally irregular surfaces, intro-
duces significant noise and variability. For applications where
even a seemingly minor modification can matter, existing 3D
change-detection methods do not yet offer the robustness
needed in practice.

Why existing methods struggle with real ALS data
Deep-learning methods for 3D change detection are typically
trained using publicly available datasets, most of which are
synthetic and therefore only approximate real airborne laser-
scanning (ALS) conditions. They represent idealised versions
of the data: noise-free, uniformly sampled, free of occlusion
artefacts, and lacking the complex density fluctuations and
natural clutter present in real operational settings. In principle,
a dedicated real-world training set could overcome these dif-
ferences, but assembling one that reflects a specific sensor
setup, acquisition procedure, and the range of environmental
variability (e.g. seasonal changes) requires substantial effort in
data collection and manual annotation. For many applications,
creating such a dataset is simply not feasible. Consequently, a
domain gap emerges between the synthetic training data and
real ALS acquisitions, and models trained on synthetic
datasets may generalise less well under real operational condi-
tions, for example by detecting too many false positives.

Classical geometric change-detection techniques (e.g. differ-
ence of DEMs, cloud-to-cloud comparison, M3C2) may seem
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