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Abstract

Optical coherence tomography (OCT) layer boundary regression methods pro-
vide sub-pixel precision and topological guarantees but fundamentally assume
that every layer exists across all A-scans. This mathematical constraint fails in
severe pathologies such as Geographic Atrophy (GA), where specific retinal layers
disappear. We extend the topologically constrained SD-RetinaNet framework to
jointly perform boundary regression and explicitly detect missing layers using un-
certainty quantification. We introduce a Gaussian Negative Log-Likelihood (NLL)
formulation to calibrate aleatoric uncertainty, capturing spatial boundary errors.
Concurrently, we employ an Evidential Deep Learning (EDL) module to model
epistemic uncertainty directly from the network outputs, allowing the network to
detect regions with zero structural evidence for a layer. Our framework addresses
the largely overlooked challenge of anatomical absence in boundary regression,
combining sub-pixel localization with direct atrophy segmentation.

1 Introduction

Optical Coherence Tomography (OCT) is the gold standard for managing sight-threatening diseases
like age-related macular degeneration (AMD) [1, 2]. Extracting fine retinal layer thicknesses is
crucial for tracking disease progression. State-of-the-art layer segmentation increasingly utilizes
boundary regression [3, 4], which achieves sub-pixel accuracy and implicitly prevents multi-surface
topological violations by computing the expected vertical position from a column-wise probability
mass function.

However, this formulation presents a fundamental limitation: it assumes every layer is present across
the entire scan. Because the column-wise softmax must sum to one, the network falsely predicts
boundary coordinates even when structural evidence is entirely absent. Detecting missing layers is
highly relevant clinically, most notably in Geographic Atrophy (GA), where the localized loss of
the photoreceptors and retinal pigment epithelium (RPE) serves as the primary endpoint for novel
therapeutics [5].

Historically, automated atrophy detection follows three paradigms. Direct lesion segmentation
identifies GA footprints via classification on en face projections [6, 7] or cross-sectional B-scans
[8], but ignores the 3D layer geometry needed to monitor early structural thinning. Pixel-wise layer
segmentation can theoretically capture atrophy by omitting the RPE prediction locally, yet lacks
anatomical coherence, risking topological violations such as reversed layers or implausible holes.
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Conversely, boundary regression guarantees strict topology but its continuous-surface constraint
prevents it from accurately omitting missing layers.

To address this gap within the boundary regression paradigm, we introduce an uncertainty-aware
extension to the topologically constrained SD-RetinaNet. We explicitly quantify two sources of
uncertainty directly from the network’s spatial probability maps. First, we model aleatoric uncertainty
using a Gaussian Negative Log-Likelihood (NLL) loss to calibrate the spatial variance of the boundary
predictions, capturing ambiguity from speckle noise, low contrast, and shadowing from overlying
hyperreflective areas. Second, we integrate epistemic uncertainty via Evidential Deep Learning (EDL)
[9]. By placing a Dirichlet prior over the 1D spatial column, the network estimates the total structural
evidence and identifies out-of-distribution scenarios where layers are missing. To our knowledge,
this is the first evidential boundary regression framework to detect anatomical absence, bridging
high-precision topology with robust atrophy detection.

2 Related Work

Retinal Biomarker Segmentation and Atrophy: Recent deep learning methods for OCT predomi-
nantly address layer and fluid lesion segmentation [10, 11, 4]. To overcome topological violations
common in pixel-wise U-Nets, He et al. [3] introduced layer boundary regression (LBRM). While
SD-RetinaNet [4] successfully integrated lesion constraints into this framework, neither method
accounts for layers that vanish due to GA. Detection of GA has mostly been handled via direct
regional segmentation [7], disconnected from sub-pixel layer morphology. Adapting deep regression
models to correctly omit layers remains an unsolved challenge.

Uncertainty Quantification in Deep Learning: Uncertainty in deep learning is categorized into
aleatoric and epistemic uncertainty [12]. While Monte Carlo Dropout (MCD) captures epistemic
uncertainty, it requires expensive multiple forward passes. Evidential Deep Learning (EDL) instead
formulates learning as an evidence acquisition process [9, 13], quantifying epistemic uncertainty in a
single forward pass. By adapting EDL to place Dirichlet priors over spatial column-wise probability
maps, we leverage it to act as an anomaly detector for anatomical absence.

3 Methodology

Base Architecture: Our framework builds upon the SD-RetinaNet backbone [14], which employs a
U-Net architecture equipped with an EfficientNet [15] encoder. To extract anatomical boundaries, the
network utilizes an anatomy module that projects high-dimensional feature maps into 1D column-
wise boundary representations over the image height H . Instead of enforcing a strict softmax
normalization that forces probability maps to sum to one, we reframe the spatial localization task as a
hybrid discrete-to-continuous evidential learning problem.

Discrete-to-Continuous Evidential Distribution: While standard boundary regression directly
predicts a continuous value, our model treats the H vertical depth bins of each A-scan as a discrete
probability space. To model epistemic uncertainty, we place a Dirichlet prior over these spatial
bins. The network outputs non-negative evidence eh ≥ 0 for each bin h ∈ H , forming the Dirichlet

parameters αh = eh + 1. The total structural evidence is S =
∑

H

h=1
αh, and the expected spatial

probability mass function (PMF) is ph = αh/S.

Uncertainty Calibration and Missing Layer Detection: We bridge this discrete evidential distribu-
tion to continuous boundary regression via spatial expectation. The sub-pixel boundary position is

computed as µ =
∑

H

h=1
ph ·h, and its aleatoric spatial variance is derived as σ2 =

∑
H

h=1
ph ·(h−µ)2.

This variance naturally expands in regions obscured by speckle noise or shadowing from hyperreflec-
tive areas. Epistemic uncertainty is dictated by the total evidence S. We leverage this to formulate
our missing layer decision rule: if the predicted evidence S falls below a predefined threshold τ
(empirically determined on a held-out validation set of 110 volumes) the layer boundary is classi-
fied as structurally missing. Otherwise, the network applies strict topological corrections to ensure
non-crossing constraints among the valid layers.

Joint Optimization: The network is optimized using a composite loss function conditioned by a
binary ground-truth mask indicating layer presence. In regions where the layer exists, we minimize
the Gaussian Negative Log-Likelihood (NLL) utilizing the derived continuous spatial moments µ
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and σ2 against the target coordinate. This calibrates the spatial variance directly to the prediction
error. We augment this with an evidence-maximizing objective that explicitly encourages the network
to predict high total structural evidence when the layer is present. Conversely, in regions where the
layer is anatomically missing, we apply an annealed Kullback-Leibler (KL) divergence penalty. This
forces the predicted Dirichlet parameters toward a uniform, zero-evidence distribution (KL(α||1)),
effectively pushing the total evidence S to zero and training the network to confidently predict
pathological absence.

4 Experimental Setup and Results

Morano et.al. Ours
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Figure 1: Comparative performance analysis. (a) Segmentation performance of the 2D projected
atrophy area (GA footprint) against specialized baselines. (b) Maintenance of sub-pixel boundary
localization accuracy compared to standard topological regression. (c) Qualitative B-scan highlighting
the proposed method’s ability to identify missing layers (indicated by the transparent colored overlay).
(d) En-face visualization of GA segmentation compared to ground truth (Green: correct, Red: over-
segmentation, Blue: under-segmentation).

Dataset and Training Setup: We trained the proposed evidential model, the baseline SD-RetinaNet
[4], and a state-of-the-art specialized 3D-to-2D GA segmentation model (Morano et al. [8]) on a
shared private cohort consisting of 1100 OCT volumes with manual layer and lesion annotations. Of
these, 55 volumes exhibited GA. The scans were acquired using Heidelberg Spectralis, Zeiss Cirrus,
and Heidelberg HighRes devices, ensuring multi-vendor robustness.

Experiment 1: Geographic Atrophy Footprint Detection: To evaluate the network’s ability
to detect missing layers, we tested the atrophy en-face footprint extraction performance on the
independent public OCTAVE dataset [16], comprising 198 Spectralis OCT volumes (3762 B-scans),
9 of which contain GA. Evaluated specifically on these 9 GA-positive volumes, our evidential
boundary regression achieved highly competitive GA footprint segmentation performance with a Dice
score of 0.6959± 0.1878 and a PR-AUC of 0.8746. This is directly comparable to the specialized
direct-segmentation method by Morano et al. [8], which yielded a Dice of 0.7102± 0.2101 and a

19



PR-AUC of 0.9297. This demonstrates that our 1D epistemic uncertainty mechanism successfully
bridges boundary regression and region-based GA footprint detection without requiring a separate
3D pixel-wise classifier or the multiple inference passes required by Monte Carlo Dropout (MCD)
(see Figure 1a).

Experiment 2: Layer Segmentation Maintenance: To confirm that adding uncertainty constraints
does not severely degrade standard topological layer regression, we evaluated boundary localization
on the public AROI dataset [17], consisting of 1136 annotated B-scans from 24 AMD patients
featuring three manually annotated retinal layers. The proposed method demonstrated a Mean
Absolute Distance (MAD) of 5.85 ± 2.82 µm, compared to the original SD-RetinaNet baseline
performance of 4.68± 2.29 µm. These results demonstrate that while the introduction of evidential
constraints yields a slight increase in localization error (from 4.68 µm to 5.85 µm), this represents
an acceptable and necessary trade-off; sub-pixel precision remains highly robust while enabling the
critical clinical capability of detecting missing pathological layers (see Figure 1b).

Experiment 3: Uncertainty Calibration: A core contribution of our Gaussian NLL formulation
is superior spatial error calibration. We evaluated the aleatoric calibration on the AROI dataset by
computing the Expected Calibration Error (ECE) and the Pearson correlation (r) between the predicted
standard deviation (σ) and the absolute boundary error (MAD). Our evidential framework achieved
an ECE of 4.1 µm and a strong correlation of r = 0.4798 (p < 0.001), vastly outperforming the
uncalibrated softmax entropy of the baseline SD-RetinaNet (ECE: 6.2 µm, r = 0.3812, p < 0.001).
This indicates that our predicted aleatoric variance serves as a highly reliable proxy for boundary
ambiguity caused by speckle noise and shadowing.

Qualitative Evaluation: Visually (Figure 1c), the baseline SD-RetinaNet incorrectly interpolates
continuous boundaries across atrophic regions, maintaining false confidence despite the lack of
structural evidence. In contrast, our evidential framework correctly drops boundary predictions within
GA lesions. Furthermore, the predicted aleatoric variance (σ) visibly widens at lesion margins and
areas of poor signal, faithfully representing structural ambiguity. In the en-face projections (Figure
1d), while our method accurately captures the core GA footprint, the observed over-segmentation
primarily stems from detecting missing layers near the peripheral borders of the B-scans. These false
positives correlate strongly with signal roll-off and scanning artifacts rather than true anatomical
atrophy.

5 Conclusion

In this work, we introduced a novel uncertainty-aware framework that successfully bridges the gap
between spatial evidential deep learning and 1D topological boundary regression. By explicitly mod-
eling aleatoric spatial variance via a Gaussian NLL formulation and quantifying epistemic structural
evidence through Dirichlet priors, our model overcomes the critical limitation of previous boundary
regression techniques: the mathematical obligation to hallucinate layers in pathological regions. The
proposed method reliably detects structural layer absence, preventing erroneous boundary predictions
in areas of complete tissue loss like Geographic Atrophy, while providing highly calibrated error
estimates in regions obscured by shadowing. Ultimately, this framework combines high-precision
sub-pixel layer tracking with robust 2D atrophy footprint extraction in a single pass. While this
extended abstract presents an ongoing work in progress, it establishes a reliable and mathematically
sound paradigm for automated pathological OCT analysis. Current efforts are actively focused on
further improving both the layer segmentation accuracy and the GA footprint detection performance.
Future work will evaluate the framework on larger GA-positive cohorts to strengthen clinical claims,
and develop spatial priors to counteract false positive absence detections near peripheral scan borders.
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