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Abstract

Routine clinical imaging of the retina using optical coherence tomography (OCT) is performed with large slice spacing,
resulting in highly anisotropic images and a sparsely scanned retina. Most learning-based methods circumvent the
problems arising from the anisotropy by using 2D approaches rather than performing volumetric analyses. These
approaches inherently bear the risk of generating inconsistent results for neighboring B-scans. For example, 2D retinal
layer segmentations can have irregular surfaces in 3D. Furthermore, the typically used convolutional neural networks
are bound to the resolution of the training data, which prevents their usage for images acquired with a different
imaging protocol. Implicit neural representations (INRs) have recently emerged as a tool to store voxelized data as a
continuous representation. Using coordinates as input, INRs are resolution-agnostic, which allows them to be applied
to anisotropic data. In this paper, we propose two frameworks that make use of this characteristic of INRs for dense
3D analyses of retinal OCT volumes. 1) We perform inter-B-scan interpolation by incorporating additional information
from en-face modalities, that help retain relevant structures between B-scans. 2) We create a resolution-agnostic retinal
atlas that enables general analysis without strict requirements for the data. Both methods leverage generalizable INRs,
improving retinal shape representation through population-based training and allowing predictions for unseen cases.
Our resolution-independent frameworks facilitate the analysis of OCT images with large B-scan distances, opening up
possibilities for the volumetric evaluation of retinal structures and pathologies.

Our code is available at https://github.com/tkepp/ResA-0CT.
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1. Introduction et al., 2017), central serous chorioretinopathy (CSCR) (Chh-
ablani et al., 2020) and diabetic retinopathy (Virgili et al.,

ptical coherence tomography (OCT) is a standard 2015), as well as neurodegenerative conditions like multi-

O imaging modality in ophthalmology (Huang et al., ple sclerosis (Britze and Frederiksen, 2018). Systematic
1991). Due to its noninvasive nature, it is routinely |earning-based analysis of OCT, whether of single scans,

used to measure alteration in layer thickness and visual- scan series, or population-based statistics, e.g., based on
ize fluid accumulations or other structural changes of the at|ases (Chakravarty et al., 2018), can enhance diagnostics
central retina. With this, OCT supports the identification and therapy in clinical practice. However, the nature of its

of a broad spectrum of ophthalmological diseases, such as acquisition brings along some specific challenges: In favor
age-related macular degeneration (AMD) (Schmidt-Erfurth
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Spatial correspondence between en-face SLO and OCT B-scans

OCT B-scan

» Each scan line in the SLO corresponds to a single B-scan
»Each point on a scan line maps to an A-scan

Resolution discrepancy between en-face image and OCT volume

OCT '(en-face plane)

»Difficult to match with FAF due to resolution gap

From sparsely sampled volumes to continuous representations

» Large B-scan distances restrict volumetric OCT analysis

> INRs enable resolution-independent retinal analysis

Figure 1: Top left: Interrelation between en-face image (here: SLO) and OCT. The position marked in the SLO (©)
corresponds to an A-scan (dotted line) in the OCT B-scan. Bottom left: Difference in resolution between an en-face
image (here: FAF) and an analogous lateral slice of OCT. The limited amount of B-scans acquired in clinical practice
leads to high anisotropy. Right: By leveraging a generalizable INR, we create resolution-independent representations of

singular data instances or an atlas, respectively.

of shorter acquisition times, clinical routine OCT uses large
inter-B-scan distances, leading to sparse sampling in the
slow scanning direction and, consequently, to an anisotropic
spatial resolution. Most learning-based approaches using
convolutional neural networks (CNNs) therefore opt for
two-dimensional (2D) solutions rather than performing full
three-dimensional (3D) analyses, e.g., for the segmenta-
tion of retinal layers (He et al., 2019; Pekala et al., 2019;
Li et al., 2020; Kepp et al., 2023). However, 2D seg-
mentations do not take into account the information from
neighboring B-scans, which may lead to inconsistencies be-
tween segmentations of individual slices. The resulting 3D
surfaces typically are irregular and require extensive post-
processing using graph-cut approaches (Li et al., 2006),
additional refinement networks (Liu et al., 2024) or ad-
vanced regularization techniques (Kepp et al., 2019). An-
other problem that arises from the sparsely scanned retina
is that small anatomical or pathological structures might
be missed, reducing the diagnostic precision of OCT image
analysis solutions (Velaga et al., 2017; von der Burchard
et al., 2024). Volumetric measurements performed on these
anisotropic scans are inherently imprecise since structures
appear stretched or compressed. Some structural context
for the space between the B-scans is maintained by en-face
scanning laser ophthalmoscopy (SLO), which offers high-
resolution imaging of the fundus and is used as a reference
for eye tracking in certain OCT systems. However, SLO
does not contain differentiated depth information. Similarly,
other 2D modalities, such as color fundus photography
or fundus autofluorescence (FAF), can also hold valuable
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complementary information, especially about pathological
structures visible on the retinal surface. The relation be-
tween these modalities and visible biomarkers is yet to be
fully explored (Santarossa et al., 2022b; Velaga et al., 2022).
The spatial correspondence and the resolution discrepancy
between en-face SLO/FAF and OCT B-scans are illustrated
in Fig. 1 (left, top and bottom).

The resolution-agnostic nature and structural flexibil-
ity of implicit neural representations (INRs) suggest that
they have the potential to work well in the presence of
these challenges. INRs aim to approximate individual
data instances as continuous functions and have gained
much traction in research recently. They have been shown
to be able to efficiently represent and reconstruct nat-
ural images and scenes (Sitzmann et al., 2020; Milden-
hall et al., 2021). With additional instance-specific latent
codes or layer modifications, they become generalizable
and can be trained population-based to represent multi-
ple images at once (Chen and Zhang, 2019; Park et al.,
2019; Kazerouni et al., 2024; Dupont et al., 2022; Kim
et al., 2023). Consequently, a lot of research has been
done to examine their applicability to medical tasks such
as semantic segmentation (Stolt-Ansé et al., 2023), de-
formable registration (Wolterink et al., 2022) or atlas gen-
eration (GroBbréhmer et al., 2024; Dannecker et al., 2024).
However, these medical applications focus on data with far
less anisotropy, such as CT or MRI, while highly anisotropic
data like OCT remain rather underexplored.
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Our contribution In this paper, we explore the usage
of INRs for OCT-specific tasks focused on the challenging
anisotropy of the data (Fig. 1, right). 1) We build upon
previous work (Kepp et al., 2025) and make use of densely
sampled but two-dimensional SLO and FAF information
for the interpolation in-between B-scans. This increases
the resolution in the slow scanning direction and is applied
to images from healthy and diseased subjects and called
anisotropic interpolation hereafter. We leverage a general-
izable INR to incorporate the additional en-face modality
and support this task through population-based retinal layer
or pathology segmentation. 2) We perform implicit inter-
subject registration and combine it with the introduced
generalization approach to perform population-based reg-
istration and create an intensity- and shape-based atlas.
An additional INR network enables the construction of a
resolution-independent atlas, making it especially suited for
anisotropic image data like OCT.

2. Related Works

2.1 Interpolation of Anisotropic OCT Images

Various interpolation methods exist to enhance anisotropic
OCT image data resolution. Simple intensity-based meth-
ods are unable to capture shape and localization differences
between B-scans, leading to artifacts and ambiguous results.
Lindberg et al. (2018) propose a weighted combination of
linear and transfinite interpolation to achieve an improved
interpolation of OCT images, but rely on two OCT images
taken with orthogonal scan directions. Registration-based
interpolation methods (Ehrhardt et al., 2007) align struc-
tural features more accurately and reduce misalignment ar-
tifacts, but cannot infer information missing between slices,
limiting reconstruction quality in sparsely sampled regions.
Generative approaches for super-resolution are capable of
producing realistic, detailed images by reconstructing fine
textures and complex structures, e.g. (Lépez-Varela et al.,
2023), and thus constitute an approach to B-scan interpo-
lation as well. However, most GAN-based approaches for
OCT super-resolution only perform B-scan super-resolution
but do not interpolate between them (Huang et al., 2019;
Das et al., 2020; Yuan et al., 2023), or require pairs of high-
and low-resolution images (Huang et al., 2019; Yuan et al.,
2023). Furthermore, generative approaches require a large
amount of training data and carry the risk of hallucinations,
making them precarious in clinical context (Cohen et al.,
2018).

A limited number of previous works have already used
INRs for optical imaging. Li et al. (2025) built upon the
capability for multi-view scene reconstruction demonstrated
by neural radiance fields (NeRF) (Mildenhall et al., 2021)
and proposed a ray tracing-based framework for multi-view

reconstruction for OCT of different animal anatomies. Sim-
ilarly, Xiao et al. (2025) used an INR for limited view
reconstruction of photoacoustic scans of vessels in mice.
These works showed that INRs have the capability to work
well with sparsely acquired optical imaging data, and the
advances of NeRF can be applied well to the medical field.
However, methods for multi-view reconstruction cannot
directly be applied to interpolation, since slices have no
varied angles or overlaps.

2.2 INR Super-Resolution

While CNN-based approaches are limited to the resolution of
the training data, INRs are resolution-independent, as they
deliver continuous representations of the imaged objects.
Therefore, INRs inherently are a well-suited choice for the
task of super-resolution — which is methodologically close to
the here performed B-scan interpolation. Super-resolution
of 3D medical images using INRs can, for example, be
found in (McGinnis et al., 2023; Wu et al., 2023; Fang
et al., 2024). Wu et al. (2023) use a CNN encoder and an
INR decoder to generate high-resolution MR images from
the respective low-resolution images. Similarly, Fang. et
al. use a CNN-based encoder to extract feature vectors
from low-resolution CT images. These vectors are fed
to an INR together with the 3D coordinates of the high-
resolution image to predict the pixel intensities for the higher
resolution (Fang et al., 2024). McGinnis et al. (2023) make
use of multi-contrast MR, in which different low-resolution
contrasts are acquired in different directions, to produce
densely sampled, high-resolution images for single subjects.

While these methods either work with low-resolution
but equidistantly sampled images or use more than one
anisotropic image of the same scene, the resolution-agnostic
nature of INRs also directly allows processing single aniso-
tropic images. However, with very large inter-slice distances,
as frequently used in retinal OCT imaging, fitting an INR to
a single OCT volume results in overfitting to the positions
given in the training data. That is, meaningful results are
generated for the B-scan positions used during training,
but there is no useful interpolation between the B-scans.
In (Amiranashvili et al., 2022), this overfitting problem is
overcome with a generalizable INR, which is trained on
highly anisotropic segmentations. An MLP is trained that
is shared between all training instances, while case-specific
latent priors are adapted for each sample, allowing the
generation of dense and smooth shapes. Building on this
approach, Stolt-Ansé et al. (2023) train a generalizable
INR to reconstruct and segment short-axis cardiac MRI and
show smooth segmentations on long-axis images.
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2.3 OCT Atlases

Equivalent to less anisotropic modalities, an OCT atlas
can be constructed by combining deformable registration
and optimization of an atlas image. In the context of
optical imaging, an OCT atlas can be helpful to differentiate
between physiological variability in normative tissue and
pathological alterations. Based on these differences, many
diseases have been shown to be classifiable using atlases.
Chakravarty et al. (2018) created a normative atlas and
calculated deviation to classify AMD. They proposed to
use a geometric mean image as an initial template and
employ discrete registration for computational efficiency
due to the large size of OCT B-scans. Lee et al. (2017)
employed geometry-based registration to create an atlas
and visualized thinning of retinal nerve fiber layers due to
glaucoma. Khansari et al. (2019) create an atlas based
on pathological volumes to measure tissue contraction and
expansion due to diabetic retinopathy.

In general, these previous approaches demonstrated
the value of correctly aligning individual layers during the
construction of the atlas, sometimes through explicit condi-
tions on layer shapes. However, each of these approaches
is limited by the resolution of the original OCT volumes.
Consequently, the atlas is highly restrictive regarding the
data it is applicable to. With different acquisition setups
in clinical practice, this is an important factor to overcome.
In this work, we will focus on the methodology to make the
atlas generation resolution-agnostic and broadly applicable
across varying data settings.

2.4 INR Registration and Atlases

Wolterink et al. (2022) introduced implicit deformable image
registration, where a deformation field is represented by
an INR and optimized for a single image pair. There have
since been multiple adaptations proposed, e.g., B-spline
regularization (Sideri-Lampretsa et al., 2024) or inverse
consistency (Van Harten et al., 2023; Tian et al., 2024).
To the best of our knowledge, the applicability of Wolterink
et al. (2022) to OCT or similarly anisotropic data has not
been explored in the academic literature yet.

INRs can further be used to represent an image atlas
through different approaches. GroBbréhmer et al. (2024)
combine conventional registration with a single INR to
represent the atlas image, whereas Dannecker et al. (2024)
use a generalization approach to represent multiple images
with one INR and thus omit any registration. It is still
an open question how well the generalization capability
of population-trained INRs translates to medical optical
imaging with the associated challenges of sparsely sampled
data, small datasets, and low signal-to-noise ratio.
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3. Materials and Methods
3.1 Datasets

We use an in-house dataset consisting of paired OCT vol-
umes and SLO images from the left and right eyes of 50
healthy volunteers (one OCT volume and one SLO image
per eye), resulting in a total of 100 image pairs, to develop,
train, and evaluate generalizable INRs for OCT interpolation,
segmentation, and atlas generation. All OCT volumes were
acquired with a Spectralis OCT scanner (Heidelberg Engi-
neering) modified for research purposes to allow arbitrary
inter-B-scan spacing, but image acquisition was performed
using the angiography acquisition (OCT-A) mode consis-
tent with standard clinical OCT systems. Acquisition in the
angiography mode results in slightly reduced B-scan image
quality, as fewer repeated scans per position are averaged
compared to structural OCT acquired with typical clinical
protocols, but provides densely sampled OCT volumes of
size 496 x 512 x 512 voxels covering a field of view of
2 x 6 x 6 mm?. In Spectralis scanners, an SLO (scanning
laser ophthalmoscopy) is used for eye-tracking and acquired
routinely alongside the OCT. The SLO images have a size
of 768 x 768 pixels, covering a larger field of view in the
lateral plane (approx. 8.6 x 8.6 mm?) than the OCT im-
ages. To match OCT and SLO, we use the localization
information provided by the OCT device to subsample the
SLO image at the A-scan positions corresponding to each
B-scan. In the OCT images, twelve layers (eleven retinal
layers plus choroid) were segmented automatically using the
lowa Reference Algorithms (Li et al., 2006). Subsequently,
segmentation errors were corrected manually by an expert.
For preprocessing, all B-scans are flattened in relation to the
Bruch’s membrane and cropped to 230 x 512 pixels so that
the retina is at the center height of the image. Images of
right eyes are flipped for identical orientation of all images.
Additional experiments are performed on a clinical dataset
containing images from 19 patients with central serous
chorioretinopathy (CSCR). The CSCR dataset contains 146
OCT volumes consisting of 25 B-scans with a resolution of
496 x 512 pixels. Like the healthy images, the CSCR images
span a field of view of 2 x 6 x 6 mm?. As an additional
en-face modality, FAF (fundus autofluorescence) images
are used for the CSCR data. They have the same size
(496 x 512 x 512 voxels) and field of view (8.6 x 8.6 mm?)
as the SLO images. To match the FAF images to the
OCT volumes, we use a two-step procedure utilizing the
accompanying SLO. First, the FAF image is registered onto
the SLO using the MedRegNet registration pipeline (San-
tarossa et al., 2022a), with improved RANSAC as proposed
in (Santarossa et al., 2025). Next, the registered FAF is
subsampled to the OCT resolution using the same SLO
localization information as before. This entire two-step
procedure, albeit in reverse (i.e., mapping OCT onto FAF),
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Figure 2: Schematic overview of the proposed interpolation framework. The input for the INR are 3D coordinates in the

OCT (

) and intensities at the corresponding SLO position (©). The INR is trained to reconstruct the intensity and

segmentation label of the OCT volume at the respective coordinate. The reconstructed OCT can be evaluated at any
arbitrary coordinate with a known SLO intensity. To reconstruct and segment an unseen case, the INR is kept frozen,

and only the latent prior is adapted.

has been detailed in (Santarossa et al., 2022b). For the
CSCR data, the retina as well as pathologies (intra- and
subretinal fluid and pigment epithelial detachment) were
segmented manually by experienced ophthalmologists.

3.2 Anisotropic Interpolation

To reduce the difficulties arising from the anisotropy of
clinical OCT volumes, we build upon the framework for joint
inter-B-scan interpolation and segmentation of retinal OCT
first proposed in (Kepp et al., 2025). The method is shown
exemplarily for healthy images in Fig. 2. A generalizable
INR, extending the methods proposed by Amiranashvili
et al. (2022) and Stolt-Ansé et al. (2023), is used that
consists of a multi-layer perceptron (MLP) shared between
all training samples and learnable subject-specific priors
that condition the MLP on the respective subject. Since
small structures between B-scans cannot be represented
by the sparsely scanned OCT images alone, we propose to
use additional en-face imaging modalities as input to the
INR. Here, we exemplarily use SLO and FAF images that
are densely scanned in the en-face plane. They therefore
provide more detailed information about the localization of
structures in the lateral direction than OCT. Although these
images have no axial depth, we hypothesize that the lateral
information enables the INR to represent structures that are
not captured in the OCT scanning protocol and are therefore
not visible in the B-scans. The INR fy = (fF°°°®, f5°%)
with trainable parameters 6 has two separate output layers,
one for the reconstruction of the OCT volume and one
for the segmentation of anatomical or pathological retinal
structures, and is trained with OCT and corresponding en-
face images from n subjects. The network receives three
inputs: a 3D coordinate (x,y,2) € R? corresponding to a

voxel position in the OCT volume OCT; of the subject 4, the
intensity of the en-face image EF;(x, z) at the respective
lateral position (z,z), and the subject-specific prior p; €
RE.

For one forward pass, we use the coordinates (x,y, z)
of an entire OCT B-scan and compute the loss

L:Z Z [Erecon( gecon(xyyvZaEFi(xvz)vpi)a

=1 (z,y,2)
OCTZ(J:’ Y, Z)) + aﬁseg(fés'eg(xa Y, z, EFi(xa z)api)v
SEG;(2,Y,2)) + BLreg(p;)], (1)

to adapt the network parameters and the latent priors si-
multaneously. Here, SEG;(z,y, z) is the one-hot encoded
ground truth segmentation label at position (z,y,2). A
combination of MSE and SSIM loss is used for the recon-
struction loss Lyecon = 0.1 - Lssim + Lmse and the binary
cross-entropy loss is used for the segmentation loss Lgeg. As
proposed by Stolt-Ansé et al. (2023), an L2 regularization
loss L:eg is applied to penalize large values in the latent
codes. The loss components are weighted by o = 5 = 0.2.

After completion of the population-based training, the
INR can be fit to an unseen subject n + 1 by freezing the
network fg and adapting a new latent prior p,,, ;. Since for
new subjects, typically the OCT image 0CT,,+1(x,y, 2) is
given but not the corresponding segmentation, the loss for
learning the new latent code is reduced to

L= Z Erecon(ferecon(-rv Y, z, EFn+1($> Z)apn—l-l)?
(z,y,2)

0CTpy1(2,y, 2)) + BLreg(Pri1)-

()

As shown in our previous work (Kepp et al., 2025), learn-
ing the latent priors for unseen cases this way results in
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plausible segmentation predictions. The learned latent prior
P11 enables both the interpolation of OCT intensities and
segmentation labels for any coordinate (x,y, z) for which
the intensity of the additional 2D modality EF,,41(z, z) is
known. To do so, a simple forward pass is used to calculate

f@(%% Z,EFn+1(5L', Z)apn+1)-

3.2.1 Implementation Details

The generalizable INR for OCT interpolation consists of
a six-layer MLP using complex Garbor wavelet activation
functions (Saragadam et al., 2023) plus two separate linear
layers as decoder heads for reconstruction output f7°°°* and
segmentation output f, . All hidden layers have 128 nodes,
and the reconstruction head outputs scalar grayscale values,
while the segmentation head generates C output values for
one-hot encoded class labels, where C' is the number of
classes considered in the respective task. That is, for the
segmentation of retinal layers, twelve labels corresponding
to the different tissue layers — including the choroid — are
predicted, and for the segmentation of pathological images,
three labels corresponding to the background, retina, and
pathologies are predicted. The reconstruction output layer
uses sigmoid activation, whereas the segmentation head
uses softmax activation. All hidden layers use residual
connections, and to enhance focus on input coordinates
as well as the additional imaging modality, we pass these
inputs repeatedly to the hidden layers. The length L of the
latent vectors is set to 128 empirically. Network training is
performed for 1,500 epochs, where one epoch corresponds
to a run over all B-scans of the training images. We use
an exponential learning rate decay of 0.99 and an initial
learning rate of 10*. Early stopping is enabled after 100
epochs using a patience of 20 epochs and a minimum loss
improvement of 10°°. The generalizable INR was trained
for up to three days on a single NVIDIA GeForce GTX 1080
Ti.

3.3 Registration and Atlas Generation

To overcome the resolution dependence of retinal atlases,
we continue to use an INR for efficient handling of the
anisotropic data. We combine INR-based inter-subject reg-
istration with atlas generation — enabling joint optimization
of registration and atlas without meta-learning. Our pro-
posed method consists of two key components that jointly
model the deformation from the atlas to the subject space,
as well as the atlas representation itself. These components
are 1) a learnable atlas volume encoded with an INR and
2) a generalizable INR that models the deformation fields
with latent priors that modulate the generalizable INR to
capture subject-specific variations. The joint framework
is shown in Fig. 3 and is described in detail below. The
resulting framework takes 3D coordinates and a latent prior
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as input to predict the deformed atlas values with auxiliary
information, in our case retina layer labels.

The learnable atlas is a key component to enable res-
olution independence. It builds upon the idea proposed by
GroBbrohmer et al. (2024) of representing the atlas using
an MLP fy with adjustable parameters 6. As such, the
atlas is trained using warped input coordinates to predict
the most similar subject representation. In this work, we
extend this approach by incorporating a combined represen-
tation of intensity values and segmentation labels, similar
to our previously proposed interpolation method. Thus, we
introduce an INR fp = (fF°°, f5°®), which takes warped
3D coordinates (2,4, 2') € R? to reconstruct the intensity
value of the OCT image and the class label of the retinal
layers. Since we aim to construct a single atlas volume that
represents the whole dataset, this INR is (different from
our previous approach) non-generalizable. This continuous
representation of the atlas enables the intensity and seg-
mentation values to be sampled instantly, without the need
for explicit interpolation in the registration process.

The displacement model is a generalizable INR, de-
noted as gy with trainable parameters 1. In contrast to the
proposed method for interpolation, the displacement model
uses a hypernetwork to modulate its interim outputs, similar
to Dannecker et al. (2024) and Dupont et al. (2022). To do
so, we use the hypernetwork (depicted in purple in Fig. 3) —
consisting of one linear layer for each layer of the INR (de-
picted in turquoise in Fig. 3) — to predict individual scaling
and shifting vectors based on the latent prior input p;, € R”.
Let H be the hidden size of the INR. The individual scaling
vector ¢ € RY and shifting vector 1 € R¥ are the result
of the linear mapping (¢, )" = WhyperP; + bhyper With
weight matrix Whyper € R2H*L and bias bhyper € R2H
By modulating gy with scaling vector ¢ and shifting vec-
tor 1), the output of a linear layer o(Wa + b) with input «,
weight matrix W, bias b and activation function o becomes
o(p(Wx +b) + ).

The resulting latent code-driven architecture is then
used to represent a continuous displacement field u; : R3 —
IR3 for each subject i as already introduced for classic INRs
by Wolterink et al. (2022). Thus, this model gets the
original 3D input coordinates (z,y,2) € R3 and a latent
prior p; € RE. For each coordinate (z,y,z), we thereby
obtain a subject-specific displacement

(3)

Ui(.’E, Y, Z) = gﬂ(xﬂ y7Z7pi)

and warped coordinates

(4)

that act as the input (2,4, 2’) to the previously described
learnable atlas.

In contrast to the architecture of Dannecker et al.
(2024), we separate the parts p;, and p;, of the latent

Spi(-fUa:% Z) = ui(x,y, Z) + (:Uaya Z)
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Figure 3: Schematic overview of the proposed atlas generation framework. The generalizable INR predicts a deformation

field based on 3D coordinates (

) and an instance-specific latent prior. The INR layers are modulated through scale

and shift vectors predicted from the latent prior by a hypernetwork (purple layers). The deformed coordinates are
then input into another INR that represents the atlas with intensities and segmentation labels. The learned atlas is
resolution-independent and can be evaluated on any arbitrary number of coordinates.

prior p; = (p;,,P;,) that predict ¢ and 1) and use two
normal distributions p;, ~ N(1,0.1) and p;, ~ N(0,0.1)
to initialize them. With ¢ = 1 and ¥ = 0 the resulting
generalizable INR corresponds to a classic INR. This initial-
ization therefore reduces the disturbance from a non-trained
latent prior right after initialization.

Training and inference for atlas generation work analo-
gously to those we used for B-scan interpolation. Assembled
into one framework, a subset of coordinates (z,y, z) of an
OCT volume is used to compute the reconstruction and
alignment error as

L= Y [Lreconlff*"(¢i(z,y,2)),0CT(z,y, 2))

=1 (z,y,2)
+ a‘cseg(feseg(soi(x7 Y, Z))a SEGi(xv Y, Z))
+ BLreg(ui(z,y,2))] (5)
Note that this loss is dependent on the network param-
eters ¥ and the latent priors py,...,p, through Eq. (3)
and Eq. (4). OCT;(x,y, z) and SEG;(z,y, z) are the ground
truth intensity or segmentation labels at position (z,y, z).
The reconstruction 10ss Lyecon is based on the image inten-
sity and uses MSE loss. Binary cross-entropy loss is used
as the segmentation loss Lseg. To regularize the deforma-
tion, L1 loss is used as Lreg. The weighting factors are
experimentally chosen and set to oo = 1.0 and 8 = 0.01.
To apply the model to previously unseen subjects, only
the latent prior p, | needs to be optimized, while the
deformation model gy and the atlas representation fy stay
frozen. Since the available information during inference is
limited to the OCT intensity values of one subject, the loss

function is modified to

L= [Lrecon(f5**"(pi(x,y,2)),0CTns1(2,y, 2))
(%,y,2)
+ ’Yﬁreg(ui(‘rayaz))] (6)

where v is a weighting factor and set to 0.01.

3.3.1 Implementation Details

The atlas representation fy is a four-layer MLP with two
additional separate layers for reconstruction f7°°°® and seg-
mentation f;°%. Each hidden layer has 256 nodes and uses a
sinusoidal activation function as proposed by Sitzmann et al.
(2020). The prediction heads are based on sigmoid activa-
tion for the image intensity values and softmax activation to
predict the class values as one-hot encoding. Different from
the interpolation task, here, the class labels are redefined to
ten retinal layers by merging very thin layers and discarding
the choroid label. While GroBbrohmer et al. (2024) suggest
using a warm-start procedure by increasing the learning rate,
we propose to pre-train the atlas INR fy for 500 epochs
to represent the voxel-wise median of the dataset, result-
ing in a less blurred initialization. The generalizable INR
used to model the deformation consists of four layers with
128 nodes and uses sinusoidal activations throughout, in-
cluding a single sine activation in the final layer to predict
the three-dimensional displacement vector. The hypernet-
work's layers are three separate linear layers with 256 nodes
each. The model weights are initialized by sampling from a
uniform distribution W ~ ¢ (—0.001,0.001) for small and
smooth initial deformations. The vector length of 128 for
the latent space is chosen empirically. All components —
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Table 1: OCT interpolation and segmentation results for the healthy OCT data. Results are reported for our proposed
generalizable INR with (GenINRs o) and without (GenINR) additional SLO input for train and test data separately. For
comparison, interpolation results are reported for linear and registration-based interpolation, as well as for standard INRs
adapted to single images with and without SLO guidance (SingleINRs o / SingleINR), evaluated on the training data
only since these instance-based methods require ground truth annotations for some of the B-scans. Metrics are stated
as the meanygq. The best results are highlighted. All INR methods show significant differences in Dice, ASSD, and
SSIM in comparison to the registration-based interpolation (p < 0.001, Wilcoxon signed-rank test with Holm-Bonferroni

correction).

Image Reconstruction

Image Segmentation

Method IMAEM 4PSNR  1SSIMI% [LPIPS  1Dicel®  |ASSDIm  |HDm]
linear 5924055 21.7405 39.74556 0.12.903 88.8+11 9.3107 37.2433
reg. 5764055 22.0405 413456 0.134003 89.1412 754038 390.2444
£ SingleINR 6.651064 20.6105 36.7459 0.264002 90.8411 7.7407 37.6436
S SinglelNRsio 9424151 17.5:410 268164 045i007 83.6453 1871100  603.411708
GenINR 524,051 22.6005 48.9:57 0534003 91.9.19 7.0.07 32.5.37
GenINRsio  5.241051 22.6405 48.9157 0521003 919110 7.0406 32.5437
i GenINR 6.04:|:0.57 21.4:|:0.5 44-3:|:6.0 0.55:|:0.03 86.5:|:3.7 11.4:|:2.1 45.1:|:4.9
B Gen|NRS|_o 6.08i0_59 21.4:|:0_5 44-2:l:6.0 0.5410_03 86.2i3_8 11-7:t2.2 45.4:|:5_0

the deformation model, the atlas model, and the latent
priors — are trained simultaneously for 2,000 iterations us-
ing the Adam optimizer with learning rates of 107, 10°°,
and 107, respectively. The optimizer is combined with an
exponential learning rate scheduler with a multiplication
factor of 0.999. The batch size is set to one subject, with
916,608 coordinates each. This number corresponds to
an equidistant downsampling to a sub-volume containing
231x62x64 voxels. This volume is randomly selected from
all shifted variations of downsampled sub-volumes. Training
was conducted on two NVIDIA RTX A5000s and completed
in approximately eight hours. During inference, one latent
prior is trained for each subject for 100 epochs with a learn-
ing rate of 5x10 and the same exponential learning rate
scheduler as for training.

4. Experiments and Results
4.1 Anisotropic Interpolation

The interpolation capabilities of the proposed INR are first
assessed using the healthy dataset. To do so, the network
is trained with 80 OCT volumes and SLO images of 40
volunteers using only 16 B-scans per volume as input to
the INR, resulting in even higher inter-slice distances than
for typical clinical images. The input B-scans are sampled
equidistantly from the entire depth of the image volumes,
enabling evaluation on intermediate B-scans. For compari-
son, we use simple linear interpolation, registration-based
interpolation (Ehrhardt et al., 2007) and non-generalizable
INRs adapted to single OCT images. To segment interme-
diate B-scans for the interpolation methods, we proceed as
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follows: For the linear interpolation, we interpolate the label
images linearly and round the resulting continuous values
to integers. For the registration-based method, we use the
deformation fields resulting from the B-scan interpolation
and apply them to the label images using nearest neighbor
interpolation. The non-generalizable INRs (SingleINRs) are
implemented with a slightly changed architecture, since we
observed improved performance for the modified architec-
ture. The SingleINR, thus, consists of three linear layers
of size 512 with sinusoidal activation functions (Sitzmann
et al., 2020). Furthermore, to get the SingleINR to inter-
polate between the given B-scans instead of overfitting to
the given positions, we intentionally use smaller B-scan
distances than the real ones so that the input coordinates
lie approximately on an isotropic grid.

Since the proposed generalizable INR (GenINR) is the
only one of the considered methods that can be used to
interpolate and segment unseen test cases, we addition-
ally evaluate the GenINR for the 20 unseen cases from
the healthy dataset. For these cases, new latent priors are
learned, while the INR weights remain frozen. We repeat
this experiment for the pathological data, using 120 OCT
and FAF images from 14 patients for training and 26 im-
ages from five patients for testing. Here, we use every
second B-scan for training, i.e., 13 B-scans per volume,
and evaluate performance for the remaining twelve B-scans.
Results for the healthy dataset can be found in Tab. 1
and in Tab. 2 for the CSCR dataset. For both datasets,
several image similarity metrics, including mean absolute
error (MAE), peak signal-to-noise ratio (PSNR), structural
similarity index measure (SSIM), and learned perceptual
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Table 2: OCT interpolation and segmentation results for the CSCR data. We compare the proposed generalizable INR
with and without FAF input (GenINRgag, GenINR) to linear and registration-based interpolation as well as INRs adapted
to single images (SingleINR / GenINR). Results are again reported separately for train and test images. Metrics are
stated as the meanygq. The best results are highlighted. All INR methods show significant differences in Diceyetina,
Dicefiyid, and SSIM in comparison to the registration-based interpolation (p < 0.001, Wilcoxon signed-rank test with
Holm-Bonferroni correction).

Image Reconstruction Image Segmentation

Method IMAE®  tPSNR  1SSIMI%  |LPIPS 1 Dicell . 1 Dicel?],
linear 6.12;&1_35 21.30;&1_37 39-9O:|:9.06 0-12i0.03 98.05:‘:0_59 49.54:‘:23_15
reg. 5.82:|:1.28 21.68:|:1.34 42.55:|:9.13 0.13:‘:0.03 98.45:‘:0.53 44.04:‘:24.00
_% SingleINR 6.864155 20.234138 36.834080 0.294005 98.491064 47.5242305
5 SingleINRrpap 7541164 19.324134 33.694951 0314006 98.081073 45.9415339
GenINR 5.334104 22.50474> 49.164974 0554007 98.99. 948 50.71457.0o
GenINRparp  5.344105 22484140 49111974 05441007 98.981047 51.03127.51
+  GenINR 6.281125 20.254127 44454941 0574007 97531157 16.84.12586
£ GenINRpar 6.59+121 20.2941051 44.674950 0564007 97.564157 17.59426.75

Input Slice 1 Ongma\ Intermediate Slice Input Slice 2
',ng' — - | & el ~ ) — )

Input Slice 1

Original Intermediate Slice

Input Slice 2

A

Figure 4: Four examples of interpolated B-scans using linear, registration-based (Ehrhardt et al., 2007), and INR-based
interpolation. The input slices for the different methods are shown with , while the original intermediate and
interpolated B-scans are shown with turquoise frames. On the left side, two examples from the foveal region of the
retina are depicted, showing interpolation artifacts for instance-based methods, while our GenINR manages to correctly
continue the shape of the retina. On the right side, examples from the outer border of the retina are shown. Here, blood
vessels are correctly localized by the GenINR with SLO integration (turquoise arrows). For the other methods, vessels
can only be propagated from the input slices, again leading to interpolation artifacts.
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Figure 5: Four examples of interpolated B-scans from a CSCR patient using the proposed GenINR with FAF integration.
Subretinal fluid (examples above and below left) is common in CSCR, whereas intraretinal fluid (above right) is seldom).
The example below right shows a case with photoreceptor atrophy. In all cases, the retinal shape is reproduced well, but
the images appear blurred in the areas of displaced retinal layers and no blood vessel shadows are visible. The color

coding is the same as in Fig. 4.

image patch similarity (LPIPS), are reported to assess the
image reconstruction and interpolation capability of the
considered methods. For a consistent evaluation of both
proposed approaches, we used the redefined class labels
in which the choroid is discarded and very thin layers are
merged. To evaluate the segmentation performance, the
Dice score averaged over the nine retinal layers, as well
as the average symmetric surface distance (ASSD) and
Hausdorff distance (HD) of the layer borders, are reported
for the healthy dataset. For the CSCR dataset, we eval-
uate the segmentation performance with Dice scores of
the retina (Diceretina) and of the three disease-related fluid
accumulations combined into one binary pathology label

(Dicefyia)-

The quantitative results for the healthy dataset show
that our proposed GenINR achieves the best results for
three out of four image similarity metrics. Only for the
LPIPS metric, the GenINRs underperform, while the sim-
ple interpolation methods (linear and registration-based)
achieve the highest values. Simple interpolation hardly
changes the contrast and noise level, whereas the GenINR
interpolation results look comparably smooth, missing the
noisy and high-frequency components of the images (cf.
Fig. 4), which might explain the LPIPS results. Regarding
image segmentation, the proposed method performs better
than the instance-based methods, indicating a better in-
terpolation of the retinal shape achieved by generalization
using population-based training. Especially in the fovea
region, where large shape differences can be observed for
neighboring B-scans, the GenINR is the only method that
can meaningfully represent the shape, as shown in the ex-
amples on the left side in Fig. 4. The SingleINR, in turn,
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shows a strong overfitting on the slices used for training,
hindering it from interpolating the retinal shape correctly.
This overfitting also prevents the SingleINR from benefiting
from the additional SLO information; in fact, the additional
information, which is different at the interpolated positions
than at those used for training, causes SingleINR to fail.
The GenlINR, in turn, is enabled to reconstruct blood vessels,
as shown in the examples on the right in Fig. 4. The local-
ization information provided by the en-face SLO enables the
correct positioning of blood vessels and the reconstruction
of blood vessel shadows in the outer retina. Reconstruction
in the fovea region, where fewer blood vessels are located,
appears to be more challenging, as no reconstructions of
vessels or vessel shadows are notable. Interpolation artifacts
from neighboring B-scans in the form of misplaced shadows,
as observed in competing methods, do not occur for the
GenINR - all observed vessel shadows are correctly placed.
Furthermore, the GenINR enables the interpolation and
segmentation of unseen test cases, which is not possible
with the instance-specific methods. Although a decline in
performance for the test cases compared to the training
images can be observed, the GenlINR still manages to re-
construct the OCT volumes reliably and to represent the
retinal layer boundaries with an average ASSD of 7.0 pm.

Similar results can be observed for the CSCR data.
Again, the GenINR demonstrates better performance than
the baseline methods both in terms of image reconstruction
and segmentation, except for the LPIPS metric. As for
the healthy data, the simple linear interpolation delivers
the best results for this metric. As observed before, the
retinal shape is best aligned with the generalizable INR
(average Dice score of 98.98 % for the retina), and also the
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pathologies are better interpolated. For the test data, all
metrics considered show similar performance to the training
data, except for the Dice score of pathologies. Without FAF
integration, an average Dice score of 16.84 % is achieved
for the interpolated slices of the test images and improved
slightly to 17.59 % with the additional FAF modality. Al-
though there is no known clear relationship between FAF
and OCT appearance, the INR seems to benefit from the
additional modality, indicating a direct correlation between
FAF and OCT. The reduced segmentation performance for
the test cases indicates that the highly variable appearance
of retinal pathologies in CSCR cannot yet be completely
covered by the individualization through the latent codes.
Some exemplary interpolation results for the CSCR data are
shown in Fig. 5. Here, it can be seen that the retinal layers
are reconstructed well for B-scans without severe pathologi-
cal changes. However, no reconstruction of blood vessels
can be observed, which we attribute to the distorting effect
of pathologies on training. Also, in pathological areas the
retinal layers appear more blurred compared to the regions
unaffected by fluids. Still, the shape of both the retina and
the pathologies is accurately reproduced by the GenINREpaf.

Across all experiments, the runtime for each subject
was below one second for linear interpolation, around 19
seconds for registration-based interpolation, approximately
three minutes for the GenINR (inference adaptation to a
new subject), and about five minutes for the SingleINR.

4.2 Atlas Registration

This section assesses the usage of generalizable INRs for
image registration tasks — evaluating how effectively they
capture structural consistency within a population. Regis-
tration performance and atlas generation capabilities are
evaluated using the healthy dataset and compared with
two different approaches. First, we compared our GenINR
framework with the learnable implicit neural atlas approach
of GroBbrohmer et al. (2024) (SINA), which uses B-spline
control points for registration. For the purpose of super-
vised segmentation, SINA is extended by a second INR
that acts as a label atlas, which introduces weak super-
vision into the atlas generation process. In addition, we
modified our proposed method with an non-generalizable
INR (SingleINR). Since SingleINRs are trained on individ-
ual instances, joint optimization of atlas and deformation
presents new challenges. Thus, we used the computed
voxel-wise median as a fixed atlas that is registered using
the inter-subject approach of Wolterink et al. (2022). The
SingleINR consists of a SIREN with four hidden linear layers
of size 128 (Sitzmann et al., 2020). As a reference, we
include the initial alignment to the atlas (GenINR;n;t), and
the alignment after affine registration (GenINR,¢).

Intensity similarity is evaluated using the SSIM, while

anatomical alignment is evaluated using the Dice and the
ASSD. Deformation’s integrity and plausibility are evaluated
using the percentage of negative Jacobian determinants
(IJ4| < 0) and the size of the displacements, as measured
by the L1 norm (||u(z,y,2)|/;). All similarity metrics are
evaluated on single B-scans and averaged over each vol-
ume. The methods are trained using the healthy dataset
with 64 equidistantly sampled B-scans. The experiments
are performed using five-fold cross-validation with 80 OCT
and segmentation volumes for training and 20 volumes for
inference. We conducted four experiments to evaluate the
performance of our proposed registration framework. We
1) evaluate the atlas generation capabilities, 2) investigate
the registration performance, 3) show that the framework
can be used independently of the inference resolution, and
4) perform an ablation study by replacing the implicit atlas
representation with an explicit discrete parameter represen-
tation.

Our proposed registration framework creates a well-
aligned mean representation, i.e. atlas, as indicated by
GenINR;nit in Tab. 3. It achieves scores of 19.4 pm, 76.4 %,
and 38.5 % for ASSD, Dice, and SSIM, respectively. These
findings are supported by the qualitative results shown
in Fig. 7. We consider an atlas to be good when it is
sharp — especially on the layer edges, artifact-free, and
anatomically plausible. Our framework shows qualitatively
sharper and more precise layer separation as well as hardly
any artifacts compared to the median representation or
SINA. Moreover, SINA exhibits artifacts at the center of the
fovea and, in general, a blurrier representation. While the
median atlas already shows minimal artifacts and reasonable
layer separation, our method achieves higher sharpness and
better separation in the upper retinal layers. Although both
generated atlases show a consistent alignment between class
labels and intensity representations, our method yields more
anatomically plausible results, particularly in the innermost
retinal layers, with a continuous representation of the RNFL
across the retina.

Focusing on the results of the atlas-to-subject registra-
tion experiment in Tab. 3, our approach achieved the best
results by about 11.3 ym, 86.4 %, and 42.4% for ASSD,
Dice, and SSIM, respectively. Significant improvements
are shown in Fig. 6 for GenINR over the initial alignment,
affine alignment, and the two approaches that were com-
pared: SINA and SingleINR. Meanwhile, the time taken
for inference execution is reduced by around four minutes
per subject compared to SINA and around one minute per
subject compared to the SingleINR — resulting in faster
processing at around 23.1s per subject. However, SINA
presents a significant deterioration in the segmentation met-
rics compared to the base alignment (GenINRinit), indicating
an insufficient number of control points of the interpolated
displacement field. SINA and GenINR produce smooth
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Table 3: Quantitative performance comparison of the atlas registration methodology. Similarity metrics, deformation
metrics, and the inference time per subject are reported. GenINR;j.it shows the initial alignment of the generated atlas

without registration. Metrics are stated as the meanygqy. T

he best results are highlighted.

Similarity Deformation
Method } ASSDIm) 4 Dicel® 4 sSIMPL ||| < 0% | flu(z,y, 2)l, 4 Timel
GenINRjhit  19.4453 76.4479 38.5446 - - -
GenINR,¢  14.3433 829443 41.7437 - - -
SINA 29.8411.0 65.11103 35.1149  0.040p 0.009+0.003 279.343252
SingIeINR 12.8403 843459 419440 0.001+9.007 0005;& 0.003 973446
GenINR 11-3i1.6 86.4i2_3 42-4i3.6 O-OiO.O 0-04‘i0.011 23-1i0.85
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Figure 6: Comparison of the population-based atlas registration methods across all similarity metrics. Statistical

significance is indicated using stars (¥***: p < 0.001), determ

ined via the Wilcoxon signed-rank test and Holm-Bonferroni

correction using the Python package by Charlier et al. (2022).

and fold-free deformations without the need for additional
regularization. SingleINR exhibits a slight percentage of
folding. Fig. 8 presents the anatomical alignment results
using the separated ASSD metric for all layers. Due to
pre-processing, the bottom layers (RPE, OPR & SVS, and
IS/OS) are already well aligned initially and challenge the
methods to generate a proper transition from small to larger
displacements. Despite this, our framework achieved a uni-
form performance distributed across all layers, whereas the
SingleINR struggled with the upper middle layers GCL, IPL,
and INL.

Due to the continuous nature of the INR and general-
izable INR, the proposed framework is independent of the
discrete grid representation and the associated resolution.
Therefore, during inference, the latent codes of the trained
atlas framework are learned and evaluated on 16, 32, 64,
and 512 B-scans. Fig. 9 illustrates no significant changes

we replaced the INR with two learnable parameter images
for intensities and class labels, which are then transformed
using the deformation field and linear interpolation to be
compared with the target volume. This explicit atlas repre-
sentation scales O(n?) with the size of the three dimensions
n, which limited the experiment to a resolution of 16 B-
scans. The results are shown in Fig. 4 and support the
advantage of implicit atlas representation by even improv-
ing alignment performance across all segmentation-based
metrics. It should be noted that the training time refers to
the latent prior training during inference.

Table 4: Results of the ablation study conducted on 16
B-scans. Similarity metrics, deformation metrics, and the
inference time per subject are reported. Metrics are stated
as the mean_pqq. The best results are highlighted.

(p > 0.01) in the alignment performance when compared Atlas { ASSDm] 0 Dicel”! 0 SSIML%] + Timels!
i e olutn o 64 Bt 0 0 Y i 1120y So1ins BTar Durm
P ) P e Implicit  10.945 1 86.7131 41.8447 10.640 55

12.1 pm, and 42 % for Dice, ASSD, and SSIM, respectively.
We conducted an ablation study to illustrate the perfor-
mance gains of the implicit atlas representation. To do so,
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Figure 7: Three examples of B-scans located at the center and each side of the volume. Compared are the voxel-wise
median, our learned atlas, and the learned atlas of SINA. For each B-scan, the intensity values and the segmentation

map are displayed.
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Figure 8: Detailed performance overview of the SingleINR and GenINR on the example of ASSD for each retinal
layer: retinal nerve fiber layer (RNFL), ganglion cell layer (GCL), inner plexiform layer (IPL), inner nuclear layer (INL),
outer plexiform layer (OPL), outer nuclear layer (ONL), IS/OS junction (IS/OS), outer photoreceptor segment (OPR),

subretinal virtual space (SVS), and retinal pigment epithelium (RPE).

4.3 Latent Space Analysis

To gain a better insight into the INRs, we perform a princi-
pal component analysis (PCA) on the latent priors for both
approaches. Fig. 10 shows the result of the PCA analysis
of the first two principal components for the inter-B-scan
interpolation — explaining about 20 % of the variance — as
well as a t-SNE visualization of the training latent space.
While the latent priors for the training data are more com-
pactly centered around 0, the latent priors for the test
cases deviate quite heavily from the training cases, showing
that individual solutions are found for the test data rather
than the most similar training case. The deviation is even
stronger for the CSCR data, possibly due to a stronger vari-
ability in the data. Furthermore, training cases of the same
patient appear to have grouped latent priors, indicating
that individual structural differences are coded efficiently in

the vector.

For the registration approach, we analyzed the latent
priors and their relation to the deformation. We again per-
formed a PCA on the latent priors and related the first two
principal components (explaining around 13 % of the vari-
ance) with the mean Jacobian determinant that is computed
using the retina as a mask. Fig. 11 shows the results, indi-
cating a significant correlation between the mean Jacobian
determinant — which quantifies the volume changes caused
by the deformation — and the second principal component
of the latent space.

5. Discussion

In this work, we examined the usage of INRs for highly
anisotropic OCT data. By representing the OCT volume
as a continuous function, we obtain a volume of arbitrary
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Figure 9: Results of our GenINR during inference — trained and evaluated on different numbers of B-scans. No statistical

significance is indicated using (ns:

not significant, p > 0.01), determined via the Wilcoxon signed-rank test and

Holm-Bonferroni correction using the Python package by Charlier et al. (2022).
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Figure 10: PCA analysis of the learned latent codes of the interpolation INR (GenINRs o for the healthy data and
GenINRgaf for the CSCR data). On the left-hand side, the PCA for the latent codes of training and test cases is
performed together. The two plots on the right show a PCA and t-SNE performed exclusively on the training images of

GenINREaf and are color-coded by subject.

resolution. Our results prove that the reconstructed space
between B-scans carries meaningful information. This way,
we overcome the limitation of established approaches.

Our proposed interpolation method achieves better per-
formance than the considered competitive approaches. For
healthy cases, it can interpolate the retinal layer shape most
accurately while using even larger slice distances than clini-
cal OCT volumes. On pathological data, we were able to
repeat good OCT B-scan interpolation performance while
retaining pathologies within these interpolated B-scans. Our
approach is mainly limited by the low-frequency reconstruc-
tion by the generalizable INR, leaving a disparity in intensity
reconstruction. Despite that, the generalizable INR enables
the incorporation of en-face modality information and seg-
mentation prediction of unseen OCT volumes. This in turn
results in better reconstruction of retina shape, vessel struc-
tures, and fluid positions in interpolated slices. Further
improvement might be gained by incorporating sub-pixel-
level layer boundaries instead of the voxel-wise segmentation
used in this work. Shape-based interpolation methods sim-
ilarly make use of segmentations and boundaries and are
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well-suited for interpolating label maps, but do not address
the B-scan interpolation task because intensity information
is not modeled. In contrast, our approach generates super-
sampled OCT data with corresponding labels, which can
benefit various downstream applications, such as volumetric
segmentation, 3D reconstruction, longitudinal analyses or
image registration, as in Sec. 4.2. Demonstrating direct
clinical benefit remains an important direction for future
work and will be addressed in subsequent studies.

To provide further analysis and understanding of the
population, we built upon the previous findings and pro-
posed a similar framework for registration and atlas gen-
eration. We combine methods from GroBbrohmer et al.
(2024) and Wolterink et al. (2022) with a generalization
approach to obtain a pipeline that enables the joint pre-
diction of a resolution-agnostic atlas and corresponding
deformation fields. GroBbrohmer et al. (2024) proposed an
INR as an atlas representation but used a simple registra-
tion based on B-spline control points. This instance-based
B-spline registration showed good performance on other
datasets but — as shown in this study — scales poorly to
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the challenges associated with OCT. Implicit deformable
image registration (Wolterink et al., 2022) on the other
hand, exhibited good alignment performance with close to
no foldings on our OCT data. To resolve the restriction
of the SingleINR to prior knowledge, we proposed a gener-
alizable INR registration framework to include population-
based knowledge and auxiliary information (i.e., retinal layer
segmentation) in a joint atlas and deformation optimiza-
tion process. Thus, we enable the creation of a sharp
and accurate atlas representation as well as a continuous
representation of the deformation. The resulting method
is, by construction, resolution-agnostic and can be used
on volumes containing varying numbers of B-scans. Our
combined framework improved the alignment and repre-
sentation performance, reduced the execution time during
inference, and reduced the deformation field representation
to a single lower-dimensional vector. In line with the find-
ings of Tian et al. (2024), we show that generalizable INRs
present an efficient approach to model the registration pro-
cess. Since smoothness of the deformation field is intended,
the drawback of low-frequency reconstruction observed for
interpolation does not transfer to registration.

Altogether, INRs simplify the handling and process-
ing of high-dimensional image data. Especially for im-
age registration, INRs seem to cause a trend for new ap-
proaches (Wolterink et al., 2022; Sideri-Lampretsa et al.,
2024; Van Harten et al., 2023; Tian et al., 2024; GroBbrohmer
et al., 2024). When the image is represented by an INR, it
eliminates the need for linear interpolation in the registra-
tion process while maintaining differentiability. Furthermore,
implicitly representing data as functions reduces memory
and runtime requirements when compared to other iterative
approaches. This is particularly the case once the INR is
combined with a generalization approach and the represen-
tation is compressed into the latent priors. With this, new
potentials and analysis options arise, as we demonstrated

for our proposed methods.

6. Conclusion

This work explored the potential of INRs in a highly aniso-
tropic domain such as retinal OCT imaging. We proposed
two methods for interpolation and atlas registration using
generalizable INRs. Our findings highlight the power of
INRs as a resolution-agnostic interpolation or registration
tool. With both approaches, we were able to generate more
accurate reconstructions than the considered baselines. Our
approach overcomes limitations regarding the resolution
introduced by device-specific sampling and enables the
fusion of different modalities.

Generalizable INRs offer the advantage of low-dimensio-
nal data representations due to latent priors. These latent
vectors provide a more efficient way to store the data and
also enable the analysis of the underlying structures. That
way, we visualized relations in the latent space — suggesting
new use cases such as classification or anomaly detection.
In addition, further modalities such as OCT-angiography
or fluorescence lifetime imaging ophthalmoscopy may be
evaluated. In summary, INRs, and generalizable INRs in par-
ticular, are a powerful tool for medical image analysis. They
highlight the value of continuous representation by enabling
a resolution-agnostic interpolation and atlas registration
framework.
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