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Abstract

While conventional computer vision emphasizes pixel-level
and feature-based objectives, medical image analysis of in-
tricate biological structures necessitates explicit representa-
tion of their complex topological properties. Despite their
successes, deep learning models often struggle to accurately
capture the connectivity and continuity of fine, sometimes
pixel-thin, yet critical structures due to their reliance on im-
plicit learning from data. To address this challenge, we in-
troduce Conformable Convolution, a novel convolutional
layer designed to explicitly impose topological consistency.
Conformable Convolution learns adaptive kernel offsets that
focus on regions of high topological significance within an
image. This prioritization is guided by our proposed Topo-
logical Posterior Generator (TPG) module, which leverages
persistent homology. The TPG module identifies key topolog-
ical features and guides the convolutional layers by applying
persistent homology to feature maps transformed into cubi-
cal complexes. Unlike existing approaches that are merely
aware of topology, our method explicitly constrains the learn-
ing process to ensure topological correctness. The proposed
modules are architecture-agnostic, enabling them to be in-
tegrated seamlessly into various architectures. We showcase
the effectiveness of our framework in the segmentation task,
where preserving the interconnectedness of structures is criti-
cal. The results on three diverse datasets demonstrate that our
framework effectively preserves the topology both quantita-
tively and qualitatively.

Project Page — https://conformableconvolution.github.io

Introduction
Recent advances in medical image analysis, particularly in
segmentation (He et al. 2023), have often prioritized pixel-
level accuracy or visual quality, neglecting the inherent
topological properties of anatomical structures. This over-
sight can lead to critical topological errors like false splits,
merges, holes, or disconnected components, compromising
the accuracy and reliability of analyses with potentially se-
vere clinical consequences. For example, failing to accu-
rately detect a ruptured vessel may lead to misdiagnosis of
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conditions such as aneurysms or stenoses. Therefore, ensur-
ing realistic topological coherence is paramount in medi-
cal image analysis, where the continuity and connectivity of
structures like vessels are essential. Although SOTA mod-
els (Hatamizadeh et al. 2021; He et al. 2023; Zhou, Yu,
and Shi 2021) demonstrate strong performance in pixel-wise
metrics, they often fail to capture these crucial topologi-
cal characteristics. To address this gap, we introduce Con-
formable Convolution, an adaptive layer that explicitly con-
strains the feature learning using topological priors derived
from persistent homology. Unlike existing topology-aware
approaches that encourage correct topology through aux-
iliary losses or post-processing, our method embeds these
constraints directly into the convolution operation itself,
ensuring reliable preservation of anatomical connectivity
throughout the learning process. The Conformable Convo-
lution layers dynamically adjust sampling locations within
their receptive field through learnable offsets, enabling the
model to focus on regions of high topological interest. To
identify these regions, we propose a novel Topological Pos-
terior Generator (TPG) module that leverages persistent ho-
mology (Edelsbrunner, Letscher, and Zomorodian 2002) to
quantify topological features across different scales – from
connected components to loops and voids. By applying per-
sistent homology to cubical complexes derived from feature
maps, we obtain a discrete representation that effectively
captures the underlying topology. Conformable Convolution
layers are architecture-agnostic and seamlessly replace stan-
dard convolutions within existing architectures. This makes
them easy to integrate into various models (as demonstrated
in combination with four different types of architectures) to
enforce topological preservation across diverse medical im-
age analysis tasks, including segmentation.

We evaluate our framework on three diverse medical
imaging datasets, where the continuity and connectivity of
the structures are essential. Our framework effectively ad-
heres to the topology in the input images, improving seg-
mentation performance both qualitatively and quantitatively
through conventional pixel-level segmentation metrics as
well as connectivity-based metrics. The results of our evalu-
ation on CHASE DB1 for retinal vessel segmentation, HT29
for colon cancer cell segmentation, and ISBI12 for neu-
ron electron microscopy segmentation demonstrate the ef-
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fectiveness of the proposed modules in different shapes and
structures. Furthermore, we propose a new evaluation met-
ric through blood flow simulation to show the effectiveness
of our model in vascular structures, which is presented in
the supplementary materials. To summarize our main con-
tributions: (1) We propose Conformable Convolution, which
are convolutional layers with adaptively adjustable kernels
guided by topological priors; (2) We propose the Topolog-
ical Posterior Generator (TPG) module, which extracts the
topological regions of interest for guiding the Conformable
Convolution, (3) Our proposed modules are architecture-
agnostic and can replace any convolution-based layer, (4)
The quantitative and qualitative results of our experiments
on the segmentation downstream task on three different or-
gans and structures demonstrate the high impact of the pro-
posed modules in topological metrics while achieving com-
parable or higher performance in pixel level metrics, (5) The
source code of this work will be published upon its accep-
tance, and is available in the supplement.

Related Works
Previous work on topology-preserving methods can be
broadly categorized into topology-aware networks and
topology-aware objective functions (Wasserman 2018). Ad-
ditionally, we cover methods that can potentially preserve
topological structures and are relevant to our design.
Topology-preserving Layers and Networks Hofer et al.
(2017) designed an input layer for a network that enables
topological signatures as input and learning the optimal rep-
resentations during training. Wyburd et al. (2021) utilizes the
transformer-based VoxelMorph (Balakrishnan et al. 2019)
learning to deform a topologically correct prior into the ac-
tual segmentation mask. SCOPE (Yeganeh et al. 2023) pro-
poses a graph-based method that preserves continuity in reti-
nal image segmentation. TA-Net (Wang, Xian, and Vakan-
ski 2022) introduces a topology-aware network and utilizes
medial axis transformation to encode the morphology of
densely clustered gland cells in histopathological image seg-
mentation. Gupta et al. (2022) employ a structure-guided
approach to learn anatomical interactions, thereby facilitat-
ing the differentiation of tissues in medical segmentation.
Horn et al. (2021) presents a topological layer in Graph Neu-
ral Networks. Gupta (Gupta et al. 2024) employs Discrete
Morse Theory (DMT) (Forman 2002) for structural uncer-
tainty estimation in Graph Convolution Networks (GCN)
(Kipf and Welling 2016). Nishikawa, Ike, and Yamanishi
(2024) applies Persistent Homology for point cloud anal-
ysis. Yi et al. (2024) proposes geometric-aware modeling
for topology preservation in scalp electroencephalography
(EEG). Moor et al. (2020) guides the bottleneck layer of
an Autoencoder to produce topologically relevant features.
Similar to their method, our method can be applied most ef-
fectively to the bottleneck to produce highly topological and
faithful features.
Topology-preserving Objectives ToPoLoss (Hu et al. 2019;
Clough et al. 2020) minimizes the Wasserstein distance in
the persistence diagram (Vaserstein 1969; Cohen-Steiner
et al. 2010) between the prediction and the ground truth.

Stucki (Stucki et al. 2023) further improves Wasserstein
matching by adopting the induced matching method on per-
sistence barcodes. Prior to that, Centerline Dice (clDice)
(Shit et al. 2021) was proposed as a tubular structure-based
metric and loss function that improves segmentation results
by incorporating accurate connectivity information. Another
topology-aware objective function is the DMT loss (Hu
et al. 2021), which helps detect saddle points that aid in re-
constructing topologically incorrect regions. Hu (Hu 2022)
computes warping errors at the homotopic level to promote
topology. Recently, cbLoss (Shi et al. 2024) was introduced
to mitigate data imbalance in medical image segmentation.
Adaptive and Structure-aware Layers Deformable convo-
lution networks (DCN) (Dai et al. 2017) were first proposed
to learn kernels that deform towards structures and shapes.
Follow-up versions of DCN (Zhu et al. 2019; Wang et al.
2023; Xiong et al. 2024; Yeganeh, Farshad, and Navab 2023)
expand on this idea by introducing additional deformations,
incorporating it into foundation models, and further enhanc-
ing efficiency. With principles from DCN (Dong et al. 2022;
Yang et al. 2022; Jin et al. 2019) adapt the shape and geom-
etry of anatomical structures dynamically. Y-Net (Farshad
et al. 2022) employed fast-Fourier convolutions to extract
spectral features from medical images, inherently capturing
underlying anatomical structures. Dynamic Snake Convolu-
tions (DSC) (Qi et al. 2023) proposed snake-like kernels for
deformable convolutions for topologically faithful tubular
structure segmentation. However, the pre-set kernel shapes
in DSC might neglect the performance while preserving the
topology in other general shapes of structures. We, however,
adopt a different strategy in topology preservation with an
adaptive kernel; instead of pre-setting kernel shape, we aim
to guide the kernel with offsets towards regions of higher
topological interest.

Background
Topological Data Analysis (TDA) (Wasserman 2018) is
a branch of applied mathematics focused on extracting
meaningful geometric and topological features from high-
dimensional, often noisy, and sparse data. Given a dataset
X ⊂ Rn, TDA focuses on analyzing the topological space
(X,Θ), where Θ is an appropriate topology that captures
the inherent structure of the data. Central to TDA is persis-
tent homology, a technique that identifies and tracks topo-
logical features such as connected components, loops, and
voids across multiple scales. These features are represented
using simplicial complexes (K) or cubical complexes (Q),
constructed from basic geometric shapes like points, lines,
and triangles. These complexes serve as a bridge between
the raw data (X) and its topological structure, which is
quantified by homology groups such as Simplicial Complex:
K =

⋃d
i=0 σi, where σi are simplices or Cubical Complex:

Q =
⋃d

i=0 ci, where ci are cubes (Chazal and Michel 2021).
TDA’s capacity to derive robust, qualitative insights from
complex data has led to its application in various fields, in-
cluding biology, neuroscience, materials science, and social
network analysis (Moor et al. 2020; Rieck et al. 2020).

In 2D medical imaging, Cubical Complexes are partic-
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Figure 1: Conformable can replace other layers at different positions to extract topologically relevant features, as shown on the
top-left. Our proposed layer receives the input feature map ϕin from the previous layer and generates ϕpost by (a) Topological
Posterior Generation component; then with the produced posteriors(ϕpost) as the input, in (b) the first convolution layer gener-
ates offsets for the adaptive kernel of the second convolution.

ularly suitable due to the grid-like structure of the images
(Santhirasekaram et al. 2023). Formally, a cubical complex
Q in a 2D binary image consists of 0-Dimensional Cubes
(0-Cells): Foreground pixels, denoted as c0 ∈ Q, and 1-
Dimensional Cubes (1-Cells): Connections between fore-
ground pixels, denoted as c1 ∈ Q. For our specific task,
we focus on 0-dimensional cubes as the primary representa-
tion within the cubical complex. Persistent Homology (PH)
tracks the evolution of these topological features (0-cells in
our case) across a filtration of the cubical complex. Given a
feature map ϕ and a threshold τ , the function fτ (ϕ) = Q
maps ϕ to a cubical complex Q. Varying the threshold τ
yields a nested sequence of cubical complexes:

∅ = Q0 ∈ Q1 ∈ Q2 ∈ ... ∈ Qn = Q (1)

Persistence Diagram As PH is applied, one structure will
be born (appear) and die (merge into other structures). Per-
sistence Diagram (PD) documents the corresponding filter-
ing threshold τ while a structure is born and dies. If a struc-
ture is born at τi and dies at τj , the tuple (τi, τj) would be
recorded in PD. Here, we denote PD as the set containing all
such tuples {(τi, τj)} and a function pers(.) to compute the
persistence of a tuple (τi, τj):

pers(τi, τj) = |τi − τj | (2)

Topological Generators In 2D images, topological gener-
ators are the pixel coordinates where significant topologi-
cal events (birth or death of 0-cells) occur. They visually
represent the starts and ends of distinct structures in an im-
age. Figure 4-(b) showcases the positions of generators in
orange pixels. Since PD documents the born-and-dead tuple
of filtering threshold τ , we can define a function g that maps
the set PD, which contains tuples of thresholds (τi, τj), to
a set G, which contains nested tuples of pixel coordinates
((xi, yi), (xj , yj)). So the setG contains all topological gen-
erators.

g : PD 7→ G, g((τi, τj)) = ((xi, yi), (xj , yj)) (3)

We provide a simplified visualization of the PH process
in Figure 2, where a nested set of Q is generated using PH.
The vessel has a longer lifespan since it spans a larger range
of τ compared to noise, and according to Equation (2), the
vessel has longer persistence. This demonstrates that noise
generally has shorter persistence, allowing us to filter it in
our methodology.

Methodology
This section presents our topology-guided conformable con-
volution layer and our proposed approach to utilize PH. Fig-
ure 1 shows the main components of our proposed Con-
formable layer, which can replace other layers, such as con-
volution, in a plug-and-play manner within a network.

Consider a semantic segmentation network θ, taking an
input image I ∈ RB,C′,H′,W ′

, and producing a predicted
segmentation map y′ = θ(I). Given the ground truth seg-
mentation map y, the network’s objective is to minimize the
Dice loss (Milletari, Navab, and Ahmadi 2016) between y
and y′. Our topological module can process both raw images
and intermediate feature maps; therefore, it can be inserted
at any intermediate layer θi within the network θ. When in-
serted as the first layer (θ0), the module operates directly on
the input image I . For subsequent layers (θi ,i > 0), the
module processes the feature map output of the preceding
layer. For notational simplicity, we refer to the input to the
module generically as a feature map.

Topological Posterior Generation
We are given an input feature map ϕin ∈ RN×C×H×W ,
where N , C, H , and W are the batch size, channels,
height, and width, respectively. Our TPG block computes a
weighted prior ϕpr that emphasizes regions with high topo-
logical interests, then aggregates the original semantics from
ϕin back to the topological posterior ϕpost which will be
passed to the adaptive feature extractor (Figure 1-(b)).

In TPG, a channel pool layer denoted by ψ is applied to
ϕin to extract the global patterns and to reduce the chan-
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Figure 2: A visualization of how PH applies the filtering
function fτ (.) to an example image with vessel and noise

by changing τ (τ1, τ2, τ3), obtaining a nested set of cubical
complexes Q (Q1, Q2, Q3). As τ increases from τ1 to τ2,
vessel is first born at Q1 and noise is later born at Q2 .
Both of them die at Q3, as τ further raises to τ3.
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Figure 3: Topological Prior Visualization in UNet + Con-
form encoder (E) and bottleneck (BN ) layers, showing (a)
mean feature map, (b) all generators, and (c) feature priors
after filtering.

nel dimensionality (cf. Figure 1(a-1)), getting ϕpooled ∈
RN×H×W :

ϕpooled = ψ(ϕin) (4)

As described in the background section, PH is
later applied to ϕpooled to generate a set of tuples
{(τi, τj) | (τi, τj) ∈ PD}, representing the birth and death
times of topological features. Equation (3) then maps these
tuples to a corresponding set of generators, denoted as G.
Figure 1-(a-3) illustrates an example of G for a single
ϕpooled, highlighting the presence of numerous redundant
and noisy generators. As shown in our ablation study (Ta-
ble 4), this unfiltered noise can negatively impact the topo-
logical faithfulness of the representation.

Filtering Generators As Edelsbrunner, Letscher, and
Zomorodian (2002) suggests, structures with low persis-
tence values often represent noise. To address this, we filter
the set of generators G, retaining only those associated with
significant topological features. We denote this filtered set
as GM . Formally, given a pair (τi, τj) ∈ PD and a filtering

Zoom
in

Zoom
out

Gaussian
Dilation

(a) (b) (c) (d)

Figure 4: Gaussian dilation process in real and zoomed-in
feature map: (a) ϕpr in a vessel feature map; (b) a zoomed-
in synthetic feature map, depicting ϕpr emphasizing on re-
gions of high topological interests, (c) the effect of Gaussian
dilation in dilating the topologically significant regions; (d)
the impact of Gaussian dilation on the vessel feature map.

threshold τ0, we compute:

I(τi, τj) =
{
1 if pers(τi, τj) > τ0,

0 otherwise.
(5)

The indicator function I(.) allows us to construct a binary
mask M over the entire PD. Through element-wise multi-
plication, we obtain the filtered generators GM :

M = {I(τi, τj) | (τi, τj) ∈ PD}, GM =M ⊙G (6)

Generating Topological Priors Since GM contains a set
of coordinates of generators that mark the start and end-
ing points of any connected components, regions with con-
centrated generators should be of high topological interest.
The next step will be to convert these coordinates into a
weighted prior, encoding the topological information into
the learned offsets field, which will later be utilized for fea-
ture extraction. Such conversion fromGM to ϕpr can be eas-
ily achieved by first constructing a zero ϕpr ∈ RB×H×W ,
then filling the (i, j) entry with ones if such entry is in GM :

ϕpr(i, j) =

{
1 ∀(i, j) ∈ GM

0 otherwise.
(7)

A visualization of the topological prior at different net-
work layers is provided in Figure 3.
Gaussian Dilation The obtained binary ϕpr is indeed
weighting regions with high topological interests. As de-
picted in Figure 4-(b), ϕpr could effectively capture the start-
ing and ending points of a vessel and assign a weight to it.
However, its pixel-wise nature makes it hard to cover all
the disconnected regions. Therefore, we propose a Gaus-
sian dilation strategy that formulates ϕpr as a probabilistic
weighted prior. This is achieved by applying convolution to
ϕpr with a 3×3 normalized Gaussian kernel denoted as GD.
We use ∗ to denote the convolution operator.

ϕdil = GD ∗ ϕpr (8)

As shown in Figure 4-(c), we assign Gaussian distributions
to all disconnected regions, which are of high topological in-
terest. To visualize its effect in a real feature map, Figure 4-
(a) and Figure 4-(d) show the effect after Gaussian dilation
is applied. In Table 4, Gaussian dilation is also justified to
contribute to the topological results.
Topological Posterior Generation ϕpr effectively aug-
ments topology significant parts. However, to prevent loss of
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valuable information in topological sampling, as it is shown
in Figure 1-(a), the dilated prior ϕdil is first used to augment
the topological significant parts of original input ϕin, then
it is aggregated with the ϕin, forming a stronger topological
posterior estimation ϕpost:

ϕpost = ϕdil ⊙ ϕin + ϕin (9)

Conformable Convolution
Inspired by layers with an adaptive kernel design, we pro-
pose Conformable Convolutions (Conform for short). Un-
like standard convolution, convolutions with an adaptive ker-
nel reposition convolutional kernels wi using learnable off-
sets ∆pc. This adaptability allows the model to better fo-
cus on contours and interconnected segments through off-
set convolution g(.). In standard convolution, a fixed grid
R defines the receptive field and dilation of a kernel. The
kernel elements, indexed by grid coordinates, are multiplied
with corresponding pixel values from the input feature map
ϕin(.). These products are then aggregated to produce each
pixel p in the output feature map ϕout(.), as formulated:

R = {(−1,−1), (−1, 0), ..., (1, 1)},

ϕout(p) =
∑
pc∈R

wc · ϕin(p+ pc) (10)

Learnable offsets in convolution enable the kernel to sam-
ple pixel values from non-regular grid locations within the
input feature map. This modulation is achieved through a
set of offsets {∆pc}Cc=1, where C = |R| represents the car-
dinality of the regular grid R on which the kernel operates.

{∆pc}Cc=1 = g(ϕin),

ϕout(p) =
∑
pc∈R

wc · ϕin(p+ pc +∆pc)
(11)

The modulation of these kernels is susceptible to arti-
facts and high contrast inside the receptive field. In topo-
logical posterior maps, those artifacts and contrasts are sup-
pressed by using generated birth and death points with filtra-
tion mechanisms. In this way, the adjustable convolution is
still applied to the input feature maps; nonetheless, the offset
adjustment is refined by topological activity regions, which
introduce a new offset space with topological deformation:

{∆p̂c}Cc=1 = g(TPG(ϕin)),

ϕout(p) =
∑
pc∈R

wc · ϕin(p+ pc +∆p̂c)
(12)

Experiments and Results
In this section, we provide a comprehensive evaluation of
our proposed layer for topology-aware segmentation on
three distinct medical imaging datasets: CHASE, HT29, and
ISBI12. First, we report the experimental setup. Then, we
investigate the integration of our layer in various backbones
and compare it with other state-of-the-art layers designed
specifically for modeling geometry and topology. Then, we
follow a similar strategy, yet compare it against different

baselines. Finally, we present an ablation study of the com-
ponents in our layer configuration. The implementation de-
tails are reported in the supplement. In all experiments, we
report the mean and standard deviation across multiple runs
with different random seeds, unless otherwise specified.

Experimental Setup
Datasets We evaluate our model on three datasets with di-
verse topological properties. The ISBI12 dataset (Arganda-
Carreras et al. 2015) featuring intricate network-like struc-
tures of neurons with numerous loops and connections,
presents a significant challenge for preserving both 0-dim
topology (# of disconnected components) as well as 1-
dim topology (# of holes). In contrast, CHASE DB1 reti-
nal vessel dataset (Fraz et al. 2012), consisting of 28 im-
ages, lacks loops but exhibits complex vessel structures that
demand accurate preservation of connected components (0-
dim topology). The HT29 colon cancer cell dataset from
the Broad BioImage Benchmark Collection (Carpenter et al.
2006; Ljosa, Sokolnicki, and Carpenter 2012), also known
as BBBC, is characterized by blob-like foreground structures
with few holes, making it less sensitive to errors in 1-dim
topological error, such as the errorβ1

.
Evaluation Metrics Standard classification metrics assess
individual pixels within segmented regions without consid-
ering their structural relationships or connectivity. To in-
vestigate the topological properties of segmentation maps
across different homology groups, as a central goal of this
paper, we employ four topological and two entropy-based
evaluation metrics. Specifically, we utilize clDice (Shit et al.
2021) to evaluate the center-line continuity of tubular struc-
tures. We use Betti-0 (β0) and Betti-1 (β1) (Vietoris 1927) to
count the number of connected components and independent
holes, respectively. The Euler characteristic (χ) serves as
a topological invariant metric, quantifying the shape of the
segmentation manifold that encompasses all possible topo-
logical spaces of the segmented regions. We employ the Ad-
justed Rand Index (ARI) (Arganda-Carreras et al. 2015) to
measure the similarity of randomly chosen pixel pairs be-
longing to the same or different segmented regions, and the
Variation of Information (VI) (Meilă 2007) to quantify the
amount of information that a cluster contains about the other
one. In addition to these topology-focused metrics, we report
the commonly utilized pixel-wise segmentation metrics: the
area under the curve (AUC) and Dice Score between the
ground truth and predicted segmentation maps.

Results
We validate the performance gain achieved by incorporating
our proposed layer with simple baselines compared to SOTA
segmentation models in Table 1 on the CHASE dataset, Ta-
ble 3 on ISBI12, and qualitatively in Figure 3 in the supple-
ment. In pixel-wise metrics, SGL (Zhou, Yu, and Shi 2021)
and FR-UNet (Liu et al. 2022) achieve the most promising
results; nevertheless, they have difficulty perceiving inter-
pixel connections and the topology of segmented vessel
branches. In terms of continuity and topology preservation,
SCOPE (Yeganeh et al. 2023) and the Conformable layer
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Architecture Pixel-Wise Metrics Topological Metrics
AUC (%) ↑ Dice (%) ↑ clDice ↑ errβ0

↓ errβ1
↓ errχ ↓ ARI ↓ VI ↓

SOTA General Segmentation Models
SwinUNETR 92.2 75.8 75 37.4 3.5 38.1 0.20 0.36
SwinUNETR-V2 90.3 74.4 73 39.9 1.7 40.5 0.22 0.37
FR-UNet 99.1 81.5 73 61.0 2.8 64.4 — —
SGL 99.2 82.7 75 42.6 2.3 46.0 — —

+ Conform (Ours) 98.3 80.8 79 33.4 2.0 30.8 0.18 0.29

SOTA Topological Segmentation Models
VGN - 73.0 78 71.9 4.4 69.5 — —
SCOPE + Dice 95.4 80.0 80 32.6 2.0 28.5 0.17 0.28

+ Conform (Ours) 96.6 79.2 81 29.5 1.5 24.9 0.15 0.30
SCOPE + clDice 98.8 80.2 81 24.2 1.6 22.7 0.14 0.30

+ Conform (Ours) 98.6 79.4 81 21.5 2.1 19.8 0.14 0.30

Baseline Segmentation Models w. and w/o Conform
UNet 92.3 79.3 79 26.9 2.7 28.5 0.19 0.30

+ Conform (Ours) 94.2 79.7 81 21.6 2.1 20.6 0.17 0.28
Y-Net 98.0 78.0 76 27.9 3.1 24.4 0.18 0.31

+ Conform (Ours) 98.7 80.2 79 21.1 2.0 23.5 0.17 0.28

Table 1: Segmentation Performance Compared to SOTA Segmentation Models on CHASE (Fraz et al. 2012). The best and
second-best performing methods are shown in bold and underlined, respectively.

Pixel-Wise Metrics Topological Metrics
Architecture AUC (%) ↑ Dice (%) ↑ clDice (%) ↑ errβ0

↓ errβ1
↓ errχ ↓ ARI ↓ VI ↓

SwinUNETR 92.7±0.6 81.1±0.2 92.7 ±0.1 11.5 ±4.1 8.2 ±2.2 10.1 ±3.6 0.16 ±0.07 0.81 ±0.02

SwinUNETR-V2 92.9 ±0.4 80.9 ±0.3 92.9 ±0.2 10.3 ±3.1 7.5 ±2.5 9.6 ±3.9 0.15 ±0.04 0.80 ±0.02

SCOPE - 79.8±0.0 93.9±0.0 6.2±0.0 9.3±0.0 9.5±0.0 - -
UNet 91.3±0.8 78.7±1.6 92.1±1.7 14.4±3.8 23.5±4.1 24.8±3.7 0.17±0.04 0.85±0.11

+ Conform 92.4±1.5 80.6±0.9 93.9±0.6 13.0±3.7 7.9±2.9 8.4±2.9 0.15±0.00 0.79±0.00

Y-Net 91.1±1.7 78.3±2.5 92.5±1.4 17.0±4.4 14.8±4.6 14.0±5.8 0.18±0.03 0.85±0.10

+ Conform 91.6±1.2 79.6±1.2 93.6±0.6 10.5±3.9 7.9±2.7 8.4±3.7 0.15±0.02 0.81±0.07

Table 2: Segmentation Performance Compared to SOTA Segmentation Models on ISBI12 (Arganda-Carreras et al. 2015). The
best and second best performing methods are shown as bold and underlined, respectively.

with Y-Net achieve the best results, as validated by our qual-
itative results shown in Figure 3 of the supplement. The Con-
formable layer leverages topological awareness in Y-Net,
providing a noticeable contribution to topological segmen-
tation compared to its standard version. However, possibly
due to the size of the model, there is no observable im-
provement in UNet (Ronneberger, Fischer, and Brox 2015).
VGN (Shin et al. 2019) is, on the contrary, liable to do over-
segmentation in which curvilinear structures can be topo-
logically segmented, yet additional isolated vessel islands
would also be generated. This leads to many disconnected
regions in the prediction map, thereby decreasing the dice
and connectivity scores. It should be noted that although
SCOPE achieves higher performance in some topological
metrics, its architecture is designed to tackle the task at hand.
Our Conformable layer, on the other hand, is architecture-
agnostic and can be combined with different models.

We further compare the effectiveness of the Conformable

layer to other adaptable kernel layers on three anatomi-
cally dense medical imaging datasets, spanning microscopic
anatomical structures to larger yet more entangled ones. As
shown in Table 3, while comparing with deformable con-
volution (Dai et al. 2017) and the SOTA Dynamic Snake
Convolution (DSC) (Qi et al. 2023), we observe that al-
though Conformable yields modest trade-offs in traditional
segmentation metrics (AUC and Dice scores), it excels sig-
nificantly in continuity-preserving metrics. Notably, Con-
formable achieves substantially lower error rates in topo-
logical measurements—reducing errorχ from 13.3 to 6.1
(a 54.1% decrease compared to Deform) and from 20.58
to 6.1 (a 70.4% decrease compared to DSC) on the HT29
dataset. On the ISBI12 dataset, Conformable outperforms
both benchmarks across most metrics, demonstrating im-
proved segmentation quality (+1.3% Dice vs. DSC) while
maintaining better structural continuity (with errorχ reduced
from 12.6 to 8.4, a 33.3% improvement).
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Pixel-Wise Metrics Topological Metrics
Layer AUC (%) ↑ Dice (%) ↑ clDice (%) ↑ errβ0

↓ errβ1
↓ errχ ↓ ARI ↓ VI ↓

HT29 (Carpenter et al. 2006; Ljosa, Sokolnicki, and Carpenter 2012)

Deform 99.6±0.2 95.8±2.1 93.7±4.0 8.2±3.6 13.1±4.7 13.3±4.2 0.05 ±0.03 0.19 ±0.02

DSC 99.4 ±0.3 95.8 ±2.0 87.6 ±3.4 8.9 ±2.8 7.8 ±3.1 20.6 ±7.2 0.06 ±0.07 0.21 ±0.01

Conform (Ours) 99.1 ±0.6 94.6 ±1.3 93.1 ±4.5 5.9 ±2.4 9.6 ±3.1 6.1 ±2.2 0.04 ±0.01 0.19 ±0.06

ISBI12 (Arganda-Carreras et al. 2015)

Deform 91.4 ±0.9 79.4 ±1.4 93.3 ±0.8 15.5 ±3.6 8.9 ±3.0 13.6 ±5.0 0.16 ±0.1 0.82 ±0.0

DSC 91.6 ±0.2 79.6 ±1.5 93.2 ±0.1 13.2 ±4.5 9.7 ±7.0 12.6 ±2.8 0.17 ±0.0 0.82 ±0.0

Conform (Ours) 92.4 ±1.5 80.6 ±0.9 93.9 ±0.6 13.0 ±3.7 7.9 ±2.9 8.4 ±2.9 0.15 ±0.0 0.79 ±0.0

CHASE (Fraz et al. 2012)

Deform 94.0 ±0.3 79.3 ±0.1 78.6 ±0.3 24.1 ±1.7 2.79 ±0.2 25.5 ±2.8 0.18 ±0.00 0.28 ±0.00

DSC 95.9 ±0.2 79.6 ±0.2 79.9 ±0.4 28.3 ±1.7 3.67 ±0.5 26.4 ±1.4 0.18 ±0.00 0.30 ±0.00

Conform (Ours) 94.2 ±0.2 79.7 ±0.4 80.6 ±0.0 21.6 ±3.0 2.20 ±0.4 20.9 ±3.6 0.17 ±0.00 0.28 ±0.00

Table 3: Segmentation Performance Compared to SOTA Layers. DSC (Qi et al. 2023) and Deform (Dai et al. 2017) on CHASE,
HT29, and ISBI12. The layers are inserted at the bottleneck of a UNet model.

Fil. GD Aggr. clDice ↑ errβ0 ↓ errβ1 ↓ errχ ↓ ARI ↓ VI ↓
- ✓ ✓ 79±0.00 32.7±1.1 3.2±0.5 33.8±1.5 0.19±0.00 0.30±0.02

✓ - ✓ 79±0.01 23.4±1.4 3.0±0.3 23.8±2.1 0.19±0.01 0.28±0.01

✓ ✓ - 80±0.00 24.8±0.9 2.9±0.6 25.2±1.3 0.18±0.03 0.29±0.04

✓ ✓ ✓ 81±0.00 21.6±3.0 2.1±0.4 20.6±3.6 0.17±0.00 0.28±0.00

Table 4: Ablation Study of Different Components on CHASE (Fraz et al. 2012). The model with all components corresponds
to ”UNet + Conform” in Table 1. GD: Gaussian Dilation, Fil.: Filtration, Aggr.: Feature Aggregation

Effect of Different Components To further justify our de-
sign choice of methodology, we ablate the filtration, Gaus-
sian dilation, and feature aggregation process to learn their
effects on the results. As shown in Table 4, when no filter-
ing is applied to the generators in TPG, regions with noise
would not be filtered and would be assigned a high weight in
fprior. This also leads to noise in the final prediction, caus-
ing worse topological metrics. When we remove the Gaus-
sian dilation module in Table 4, the topological results also
worsen. This indicates that Gaussian dilation can enhance
the local features with topological significance, thereby im-
proving the final segmentation results. At last, we also block
the aggregation of input feature maps to see if the fusion of
semantics from ϕin is really effective. After the aggregation
is blocked, the equation is updated to:

ϕpost = ϕdil ⊙ ϕin (13)
We show that such an aggregation from ϕin could benefit the
gradient flow and is also beneficial for the topological seg-
mentation results in Table 4. Overall, our proposed design
produces segmentations with fewer clustering errors and ac-
curate topological consistency, striking a balance between
precise boundary delineation and the preservation of critical
structural properties—making it particularly valuable for ap-
plications where maintaining the connectivity of thin, elon-
gated structures is crucial. The Conformable layer learns
a better representation of geometry and anatomical consis-
tency for continuity preservation, while not sacrificing pixel-

wise accuracy. This significantly enhances Betti and Euler
metrics, contributing to the similarity of cluster segments
(ARI and VI) and center-line connectivity (clDice), due to
the amplified wholeness of anatomical structures. In addi-
tion, we ablate the position of inserting and the number of
Conformable layers in the architecture in the appendix.

Conclusion

In this work, we introduce Conformable Convolution, a
novel, architecture-agnostic layer that bridges topological
principles and neural networks. By explicitly encoding topo-
logical constraints into the learning process, without com-
promising pixel-level performance, the critical structural
properties are preserved. Our approach incorporates a topo-
logical posterior generator (TPG) module, which identi-
fies and prioritizes regions of high topological significance
within feature maps. By integrating persistent homology, we
ensure the preservation of critical topological features, such
as connectivity and continuity, which are often overlooked
by conventional deep learning models. Our proposed mod-
ules are designed to be architecture-agnostic, allowing seam-
less integration into various existing networks. Through ex-
tensive experiments on diverse medical imaging datasets, we
demonstrate the effectiveness of our framework in adhering
to the topology and improving segmentation performance,
both quantitatively and qualitatively.
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