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Abstract

Modern deep neural networks have shown remarkable per-
formance in medical image classification. However, such
networks either emphasize pixel-intensity features instead
of fundamental anatomical structures (e.g., those encoded
by topological invariants), or they capture only simple
topological features via single-parameter persistence. In
this paper, we propose a new topology-guided classifica-
tion framework that extracts multi-scale and multi-filtration
persistent topological features and integrates them into vi-
sion classification backbones. For an input image, we first
compute cubical persistence diagrams (PDs) across mul-
tiple image resolutions/scales. We then develop a “vine-
yard” algorithm that consolidates these PDs into a sin-
gle, stable diagram capturing signatures at varying granu-
larities, from global anatomy to subtle local irregularities
that may indicate early-stage disease. To further exploit
richer topological representations produced by multiple fil-
trations, we design a cross-attention-based neural network
that directly processes the consolidated final PDs. The re-
sulting topological embeddings are fused with feature maps
from CNNs or Transformers. By integrating multi-scale and
multi-filtration topologies into an end-to-end architecture,
our approach enhances the model’s capacity to recognize
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complex anatomical structures. Evaluations on three public
datasets show consistent, considerable improvements over
strong baselines and state-of-the-art methods, demonstrat-
ing the value of our comprehensive topological perspective
for robust and interpretable medical image classification.

1. Introduction

Deep neural networks (DNNs) have become commonly-

used methods for medical image analysis (e.g., classifica-

tion), powered by expressive visual representations learned

by convolutional networks (CNNs) [11, 13, 15, 18, 19,

23, 33, 35] and, more recently, by Vision Transformers

(ViTs) [8, 25, 26] that model long-range dependencies via

self-attention. Despite these advances, mainstream archi-

tectures rely predominantly on encoding intensity-driven

appearance and local texture features, while global, robust
anatomical structures — such as connected components

and loops that characterize tissues, organs, and lesions —

remain weakly represented. This gap is consequential to

medical practice, where object topology often conveys clin-

ically meaningful patterns (e.g., lesion cavities, branches,

and enclosure) [1, 12, 14, 34, 37].

Topological data analysis (TDA) [9], and in particular

persistent homology (PH) [10], offers a powerful approach

to quantify such structures. PH tracks the birth and death of

topological features along a filtration, summarizing them as
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a multi-set of points in a persistence diagram (PD). How-

ever, efforts of leveraging PDs in deep learning (DL) meth-

ods are non-trivial. (1) Established vectorization methods:

Previous methods such as persistent images [2], persistent

landscapes [4], PersLay [5], PLLay [22], and projection lay-

ers [16, 17] convert a PD (a variable-size multi-set) into a

fixed-length vector via a mathematically prescribed encod-

ing. These processes are often arduous and task-specific

(e.g., choices of kernels, grids, and smoothing), and can

suffer information bottlenecks that discard fine-grained ge-

ometry or higher-order interactions among PD points. (2)

Data-driven PD encoding: More recently, PHG-Net [30]

learns a permutation-invariant encoder that directly con-

sumes PD points and co-trains with a vision backbone,

thereby reducing hand-crafted design and retaining task-

relevant signals. Yet, PHG-Net, like most prior work, oper-

ates on single-parameter persistence from a single filtration,

and does not explicitly target stable multi-scale or multi-
filtration topological signatures.

We hypothesize that exploiting stable, complementary

topological cues can enhance medical image classification

by aligning learned representations with clinically meaning-

ful structures across scales and filtrations. Hence, in this

paper, we propose a new approach that (1) extracts stable
multi-scale, multi-filtration topological signatures and (2)

injects them throughout the backbone to improve classifica-

tion performance. Specifically, given an image, we compute

cubical PDs at multiple resolutions (scales) under multiple

filtration functions (e.g., intensity and gradient magnitude).

We then introduce a “vineyard” tracking algorithm that as-

sociates homologous points across scales and selects reli-

able trajectories, producing a stable PD that captures topo-

logical signatures ranging from organ-level shapes to subtle

boundary irregularities. To further leverage multi-filtration

topological features, we generate stable PDs under different

filtrations and introduce a PDs encoder to fuse complemen-

tary cues across filtrations via bidirectional cross-attention.

The resulting topological embedding is then injected into

the backbone at multiple layers via a channel-wise gating

module with residual connections, enabling topology-aware

refinement of intermediate features in the backbone models.

We evaluate the proposed method with standard DL clas-

sification networks on three public medical image datasets.

Extensive experiments show that our method yields signif-

icant improvements over state-of-the-art (SOTA) methods,

demonstrating the effectiveness of our new approach.

Our contributions are three-fold: (1) We propose a new

framework for extracting stable multi-scale, multi-filtration

topological features for medical image classification. (2)

Our method is model-agnostic and can incorporate topolog-

ical features into any vision backbone, including CNNs and

Transformers. (3) We achieve considerable performance

improvements on three public datasets compared to SOTA

medical image classification methods.

2. Method

Fig. 1(a) shows the overall pipeline of our approach. Gen-

erally, given an input image I , we first compute PDs from

multi-scale versions of I using different filtration functions.

Stable PDs are then generated from these PDs using Algo-

rithm 1. A PDs encoder is applied to transform the stable

PDs into a topological feature vector, which is integrated

with the feature maps produced by the backbone DL classi-

fication model at each stage to enable feature refinement.

This section begins with a brief review of how PDs are

constructed from images. We then describe the “vineyard”

algorithm for generating stable PDs from multi-scale im-

ages. Next, we present the design of our PDs encoder for

embedding stable PDs into topological feature vectors. Fi-

nally, we discuss how these vectors are integrated to guide

the DL classification model in feature refinement for medi-

cal image classification.

2.1. Constructing Persistence Diagrams of Images
Given an input image I , we model its pixel grid as a cubi-
cal complex C that takes each pixel as a 0-cell (vertex) and

encodes neighborhood connectivity through 1-cells (edges),

2-cells (squares), and higher-dimensional cubes when ap-

propriate [21, 36]. Let f : I → R be a filtration function
(e.g., the raw intensity or a derived scalar field). Varying a

threshold τ induces a nested family of super-level subcom-

plexes C(τ) := {x ∈ I | f(x) ≥ τ }, and, as τ decreases

through finitely many critical values τ1 ≥ τ2 ≥ · · · ≥ τm,

we obtain the super-level set filtration ∅ ⊆ C(τ1) ⊆
C(τ2) ⊆ · · · ⊆ C(τm) = I.

PH [10] tracks how homology classes evolve along

this filtration. For 2D images, we mainly consider k ∈
{0, 1}, corresponding to connected components (0-D) and

cycles/loops (1-D) in homology classes. A topological fea-

ture that first appears (is born) at threshold value b and then

disappears/merges (dies) at threshold value d < b is en-

coded by a pair (b, d). Its persistence (lifespan) is pers =
b − d > 0, quantifying the range of scales over which the

feature remains topologically salient (longer lifespans usu-

ally indicate more meaningful structures). PH provides a

principled multi-scale description of image topology.

Collecting all birth–death pairs in a fixed dimension k

yields the k-th PD, Dk
I =

{
(b

(k)
i , d

(k)
i ) ∈ R

2
∣∣ d(k)i <

b
(k)
i }, k ∈ {0, 1}, a multi-set of points that compactly

summarizes when features occur and how long they persist

across the filtration. PDs serve as stable, interpretable shape

descriptors that encode the births and deaths of connected

components and loops across thresholds. For visualization,

one often plots points with b < d by switching to an equiva-

lent sub-level convention (or by replacing f with −f ). This
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Figure 1. (a) Illustrating the pipeline of our proposed approach. (b) Illustrating the generation of a stable persistence diagram from the

multi-scale persistence diagrams using the “vineyard” tracking Algorithm 1 (using a single filtration function as an example). (c) The

architecture of the proposed persistence diagrams (PDs) encoder. VisionLoss and TopoLoss represent the vision loss and topological loss,

respectively. We use an image from the ISIC 2018 dataset and a CNN backbone for illustration. For simplicity, the batch normalization

and rectified linear unit that follow each 1D convolution layer are omitted.

monotone reparameterization keeps the underlying topol-

ogy and persistences unchanged. Fig. 2 shows some exam-

ples of PDs in images from the ISIC 2018 dataset [6] using

the intensity filtration function (i.e., magnitude values of the

three RGB channels of pixels) and gradient filtration func-

tion (i.e., average gradient magnitude values computed by

the Laplacian operator across the three RGB channels).

2.2. Computing Stable Multi-scale Topological Fea-
tures with the “Vineyard” Algorithm

A single-scale topological analysis risks being either too

coarse — missing subtle, localized cues such as early-stage

lesions or boundary irregularities — or too fine, thereby

overlooking global organ-level structures and anatomical

context. By computing PDs across multiple resolutions,

{PD1, . . . , PDn}, we capture topological signatures at

varying granularities: from large-scale anatomical shapes

to fine-scale locally irregular patterns that may be clinically

meaningful. Hence, this multi-scale representation is better

aligned with the heterogeneous nature of medical imagery,

where pathology can manifest at multiple spatial scales si-

multaneously.

However, not all multi-scale features are equally reli-

able for downstream tasks (e.g., classification). Some fea-

tures are transient (noise or resolution artifacts), while oth-

ers persist consistently across scales and thus reflect stable

anatomical or pathological structures. To identify and retain

the most reliable topological features, we propose to explic-

itly track putative correspondences of PD points across ad-

jacent scales (forming “vines”), and then select those vines

whose trajectories are both smooth (small inter-scale move-

ment) and topologically significant (high persistence).

Given ordered PDs across the scales, we conduct a “vine-

yard” tracking procedure to assemble trajectories and se-

lect stable features. Its main steps are as follows. (1)
Multi-Scale Diagrams: Load PDs at n image resolutions

{PDi}ni=1, where each PDi contains birth–death pairs

(b, d) for a fixed homology degree. (2) Persistence-Aware
Costs: For each consecutive pair (PDi, PDi+1), we de-

fine a distance between points p = (bp, dp) ∈ PDi and

q = (bq, dq) ∈ PDi+1. (3) Bipartite Matching: Con-

struct the pairwise distance matrix D on (PDi, PDi+1),
and compute an optimal matching assignment with the Hun-

garian algorithm [3]. Keep only matches with D[a, b] ≤ τm
(the matching threshold) to avoid implausible jumps. (4)
Vine Assembly: Each accepted match creates a segment

from p ∈ PDi to q ∈ PDi+1, annotated with its distance

and endpoint persistences. If the source point is already

tracked, we extend its vine; otherwise, we start a new vine

at scale i. Tracked points not matched at the next scale

are terminated (the vine “dies”). (5) Stability Scoring:
For a vine v with segments s, we compute a persistence-

weighted stability σ(v) =
∑

s∈v ws· 1
1+dist(s)∑

s∈v ws
, ws =

max
(
0.1,

persfrom(s)+persto(s)
2

)
, which rewards smooth tra-

jectories while emphasizing high-persistence structure. We
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(a) (b) (c)

Figure 2. Examples of persistence diagrams in an image from the ISIC 2018 dataset under different filtrations. (a) An original image; (b)

image with intensity values and its corresponding persistence diagram; (c) image with gradient magnitude values and its corresponding

persistence diagram. In the PDs, red circles denote 0-D persistent homology (H0), and blue squares denote 1-D persistent homology (H1).

keep vines with σ(v) ≥ τs. (6) Stable Diagram Construc-
tion: Each retained vine is summarized by a representative

birth–death pair taken at its medial scale (middle segment in

practice), yielding the final stable PD PDstable to be used

as a compact, reliable descriptor for downstream learning.

Algorithm 1 gives the procedure for computing the fi-

nal stable PD for one homology degree (e.g., H0, H1, or

H2), and the final stable diagram is formed by a degree-

wise union: PDstable =
⋃

r∈{0,1,2} PD
(r)
stable. In our ex-

periments, we compute the PDs at three image resolutions

(i.e., 224×224, 112×112, and 56×56) to generate the final

stable PD (see examples in Fig. 3). Unlike [7], which stud-

ied vineyards along a continuous family of filter functions,

our approach constructs “vineyards” by matching PDs com-

puted at different image resolutions.

2.3. Exploiting Multi-filtration Topological Fea-
tures with the Persistence Diagrams Encoder

A single filtration (e.g., raw pixel intensity) captures only

one projection of image structures. Applying multiple fil-

trations to the same image, such as intensity and gra-

dient magnitude, accentuates complementary aspects of

anatomy [14]. One filtration may sharpen tissue inter-

faces, while another may emphasize gradual transitions or

pathology-related gradients. Formally, for given filtration

functions {f (t) : I→R}Tt=1 on image I , each f (t) induces

a stable PD using Algorithm 1, providing complementary

multi-scale and multi-filtration topological features.

PDs are the most prevalent descriptors in PH, and numer-

ous handcrafted mappings (e.g., persistence images, land-

scapes, Betti curves) transform PDs into vectors for down-

stream learning. However, these mappings impose fixed

functional forms and may discard task-relevant information.

To avoid such information drawbacks, we propose a learn-
ing, end-to-end PDs encoder that directly encodes PDs.

First, for each stable PD, we encode the sets of 2D

points in the PD into expressive vectors. A naive approach

for this would aggregate {(b, d)} by max-/avg-pooling;

but such pooling is order invariant yet interaction-poor,

risking loss of higher-order relations. Therefore, we first

lift each 2D point to a higher-dimensional feature space

that enables point-point interactions before applying a

symmetric aggregation. Specifically, we adapt a Point-

Net style [32] Spatial Transformer Network (STN) [20]

to learn spatial transformations that make our network

invariant to rigid transformations of 3D point clouds.

Given an input point cloud represented as a tensor of

shape (channels, points), where the channels correspond to

coordinate dimensions (typically 3 for xyz coordinates),

the STN predicts a single 3 × 3 transformation matrix.

The STN architecture consists of a feature extraction

backbone followed by a regression head. The backbone

uses three 1D convolutional layers with channel dimensions

{64, 128, 1024}, each followed by batch normalization and

ReLU activation: x(1) = ReLU(BN(Conv1dc→64(x
(0)))),

x(2) = ReLU(BN(Conv1d64→128(x
(1)))), x(3) =

ReLU(BN(Conv1d128→1024(x
(2)))), where x(0) is the

input tensor and c is the number of input channels. To

achieve permutation invariance across the points, we apply

symmetric max-pooling, f = maxi x
(3)
i , yielding a global

feature vector f ∈ R
1024. This global feature is then passed

through a three-layer MLP regression head with dimensions

{512, 256, 9}: h(1) = ReLU(BN(Linear1024→512(f))),
h(2) = ReLU(BN(Linear512→256(h

(1)))), T̂ =
Linear256→9(h

(2)). To ensure that the transformation

matrix is initialized as an identity and remains close to it

during early training, we add an identity matrix residual

connection, T = T̂ + I3×3, where I3×3 is the 3 × 3
identity matrix flattened to a 9-dimensional vector and then

reshaped back to matrix form. The final transformation

matrix T ∈ R
3×3 is applied to the input points via matrix

multiplication, enabling the network to learn the invariance

to rotations, translations, and uniform scaling of the input

point cloud.

Then, we process the vectors through multiple 1D con-

volutions with batch normalization and ReLU activations,

and fuse complementary information across the filtrations.

Stable PDs produced by different filtrations contain non-

redundant cues (e.g., a loop persistent in the gradient-

filtration but not in intensity). An effective encoder must

discover correspondences and complementarities across the

PD sets and fuse them without collapsing distinct sig-
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Figure 3. Examples of stable persistence diagrams generated from multi-scale persistence diagrams in images of the Kvasir dataset. Here,

scale 1 corresponds to 224× 224, scale 2 to 112× 112, and scale 3 to 56× 56.

nals. To capture correspondences among different fea-

ture sets, we employ a multi-head cross-attention mecha-

nism. Given query features Q ∈ R
Nq×D, key features

K ∈ R
Nk×D, and value features V ∈ R

Nv×D, we com-

pute attended features through scaled dot-product atten-

tion. The input features are first projected through learned

linear transformations, Q′ = QWQ,K
′ = KWK , and

V ′ = VWV , where WQ,WK ,WV ∈ R
D×D are learn-

able parameter matrices. For multi-head attention with H
heads, we reshape the projected features into head-specific

representations with dimension d = D/H: Qh = Q′[:
, h · d : (h + 1) · d],Kh = K ′[:, h · d : (h + 1) · d],
and Vh = V ′[:, h · d : (h + 1) · d]. The attention

mechanism computes similarity scores between queries and

keys, applies softmax normalization, and aggregates val-

ues: Attentionh(Q,K, V ) = softmax
(

QhK
T
h√

d

)
Vh. The

outputs from all attention heads are concatenated and pro-

jected through a final linear layer, MultiHead(Q,K, V ) =
Concat(Attention1, . . . ,AttentionH)WO, where WO ∈
R

D×D is the output projection matrix. This cross-attention

mechanism enables selective information exchange among

different feature sets, allowing the model to identify and

leverage correspondences across heterogeneous inputs. The

multi-head structure captures diverse types of relationships

simultaneously, while the scaled attention prevents gradient

vanishing in high-dimensional feature spaces. Finally, we

concatenate the feature vectors and pass it to two MLP lay-

ers to produce the final topological feature vector, capturing

richer topological representations. Fig. 1(c) illustrates the

details of the PDs encoder that we design.

Following [14], we use intensity and gradient filtration

functions in our experiments.

2.4. Integrating Topological Features in DL Classi-
fication Models

A straightforward integration strategy is to concatenate the

topological embedding t ∈ R
M (from the PDs encoder)

with the penultimate deep features and train a joint clas-

sifier. However, this late fusion has two drawbacks: (i) gra-

dients for the topology and image branches are largely com-

puted in isolation during back-propagation, limiting cross-

branch interaction; (ii) concatenation at the final stage pre-

vents topology from shaping intermediate, multi-scale rep-

resentations where semantic and anatomical cues emerge.

To address this issue, we employ an attention-based

residual gating method [30]. Let L index a set of inter-

mediate layers of a CNN or Transformer backbone. For

a layer � ∈ L, denote the features as F (�) ∈ R
H�×W�×C�

for CNNs (or F (�) ∈ R
N�×C� for token features). We in-

ject a topology-conditioned channel gate g(�) ∈ R
C� com-

puted from t: g(�) = σ
(
W

(�)
1 ReLU

(
W

(�)
2 t

))
, where

W
(�)
2 ∈ R

C�
r ×M reduces t to a bottleneck of width C�/r,

W
(�)
1 ∈R

C�×C�
r restores channel dimension, σ denotes sig-

moid, and r ≥ 1 balances accuracy and cost. The gate

modulates features multiplicatively (broadcast over spatial

positions or tokens): F̂ (�) = F (�) � g(�). To pre-

serve identity mapping and stabilize training, we adopt

a residual update with a learnable scalar α�: F
(�)
ref =

F (�) + α� F̂
(�), α� ≥ 0. We optimize the network

end-to-end with the following combination losses: J =
Lvis
cls

(
ŷvis, y

)
+ λLtopo

cls (ŷtopo, y) , where Lvis
cls and Ltopo

cls

are cross-entropy terms for the vision backbone and topo-

logical branch respectively, ŷvis and ŷtopo are the class-

score outputs of the two branches, y is ground truth, and

λ is sets as 0.1 to control the contribution of the topology-

guided supervision (see Fig. 1(a) for more details).

3. Experiments
3.1. Datasets
ISIC 2018 [6]: This skin lesion classification dataset con-

tains 10,015 training images and 193 validation images

across 7 classes of skin disease lesions. For fair compari-

son, we follow the dataset split strategy in [39] using five-

fold cross validation.

Kvasir [31]: This dataset contains 4,000 images, an-

notated and verified by experienced endoscopists, includ-

ing 8 classes showing anatomical landmarks, phatologi-

cal findings or endoscopic procedures in the GI tract, with

hundreds of images for each class. Following [38], we

split the dataset into 2,408/392/1,200 images for train-
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Algorithm 1 “Vineyard” Tracking Algorithm for a Stable

Persistence Diagram

Input: Ordered persistence diagrams (PDs)

{PD1, . . . , PDn}, matching threshold τm, stabil-

ity threshold τs, distance metric dist
Output: Stable PD PDstable

1: Vactive ← ∅ {map: current-point index 
→ vine}
2: Vcomplete ← ∅
3: for i = 1 to n− 1 do
4: A ← PDi[:, (b, d)], B ← PDi+1[:, (b, d)]
5: Compute pairwise distance matrix D between points

of A and B using dist
6: Compute optimal matching assignment M by the

Hungarian algorithm on D
7: Vnext ← ∅ ; Scurr ← ∅ ; Snext ← ∅
8: for each matched pair (a ∈ A, b ∈ B) in M do
9: if D[a, b] ≤ τm then

10: Form segment s = (i, a→b, distance =
D[a, b], persa, persb)

11: if a ∈ Vactive then
12: Append s to vine Vactive[a]; Vnext[b] ←

Vactive[a]
13: else
14: Create new vine v with segment s;

Vnext[b]←v
15: end if
16: Scurr ← Scurr ∪ {a}; Snext ← Snext ∪ {b}
17: end if
18: end for
19: for each a such that a ∈ Vactive and a /∈ Scurr do
20: Set death scale of Vactive[a] to i+1 and move it to

Vcomplete

21: end for
22: Vactive ← Vnext

23: end for
24: Move all vines remaining in Vactive to Vcomplete with

death scale = n
25: PDstable ← ∅
26: for each vine v ∈ Vcomplete do
27: Compute stability score σ(v)
28: if σ(v) ≥ τs then
29: Let m ← �|v.segments|/2
 (middle segment in-

dex)

30: Add the middle segment’s source point (b, d) to

PDstable

31: end if
32: end for
33: return PDstable

ing/validation/test, and apply five-fold cross validation.

CBIS-DDSM [24]: The Curated Breast Imaging Sub-

set of the Digital Database for Screening Mammography

(CBIS-DDSM) consists of 1,566 participants and 6,775

studies, categorized as benign or malignant. We adopt the

train/test split provided by the dataset, with 20% of the cases

reserved for testing and the rest for training.

3.2. Implementation Details
Our experiments are conducted with the PyTorch frame-

work. We employ the Cubical Ripser software [21] to com-

pute PDs. Model training is performed on an NVIDIA Tesla

V100 Graphics Card with 32GB GPU memory using the

AdamW optimizer [27] with a weight decay = 0.005. The

learning rate is 0.0001, and the number of training epochs

is 400 for the experiments. The batch size for each case

is set as the maximum size allowed by the GPU. We apply

standard data augmentation, such as rotation, random flip,

random crop, etc. to avoid overfitting.

3.3. Results and Analysis
We evaluate three strong vision backbones:

ResNet152 [15], SENet154 [18], and SwinV2-B [26].

For each backbone, we conduct a controlled ablation by

progressively enabling: (i) a topology branch following

PHG [30], (ii) + multi-scale vineyard stabilization across

image resolutions, and (iii) + multi-filtrations (full model)

which fuses intensity- and gradient-derived stable PDs via

our PDs encoder and applies multi-scale topology-guided

refinement (Sec. 2). We report results in Accuracy, AUC,

Sensitivity, and Specificity.

We compare our method against PHG-Net [30], a SOTA

topology-based DL classification method. Note that we do

not additionally compare to two common PD vectorization

approaches, PersLay [5] and PLLay [22], because PHG-Net

has already shown that it outperforms these vectorizers on

medical image classification tasks. We also do not compare

to TopoImages [14], as it is a hand-crafted data augmenta-

tion method that encodes local topology rather than learning

from PDs for medical image classification. Besides, we do

not include CuMPerLay [29], a differentiable layer for cubi-

cal multiparameter persistence, since our method builds on

stable single-parameter PDs aggregated across scales and

filtrations rather than full multiparameter persistence.

Tables 1, 2, and 3 present the experimental results. We

observe the following. (1) Our method consistently out-

performs all three backbones and PHG-Net [30] across the

three datasets and the performance metrics. In particular,

we improve the accuracy by 4.55% over SENet154 on the

ISIC 2018 dataset and by 3.08% over PHG-Net [30] on

the CBIS-DDSM dataset. These results show the effec-

tiveness of the proposed method. (2) Adding the “vine-

yard” algorithm across resolutions (while using a sin-

gle filtration) yields average gains of +0.64 Acc (range

[+0.33,+0.85]), +0.64 AUC ([+0.10,+1.99]), +1.48
Sens ([+0.33,+2.58]), and +0.47 Spec ([+0.11,+1.39])
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Table 1. Experimental results of different methods on the ISIC 2018 dataset. The best results are highlighted in bold.

Method Accuracy AUC Sensitivity Specificity

ResNet152 [15] 87.68 96.70 70.82 96.60

ResNet152 + PHG [30] 89.63 97.47 76.62 97.07

ResNet152 + PHG + multi-scale 90.16 98.34 78.97 97.31

ResNet152 + PHG + multi-scale + multi-filtrations (Ours) 91.56 98.81 81.11 97.48

SENet154 [18] 88.03 97.03 75.94 96.83

SENet154 + PHG [30] 90.47 97.75 78.55 97.31

SENet154 + PHG + multi-scale 91.13 98.20 81.13 97.43

SENet154 + PHG + multi-scale + multi-filtrations (Ours) 92.58 98.95 82.73 97.82

SwinV2-B [26] 89.03 97.77 79.63 97.03

SwinV2-B + PHG [30] 90.87 98.13 82.36 97.39

SwinV2-B + PHG + multi-scale 91.60 98.74 83.97 97.68

SwinV2-B + PHG + multi-scale + multi-filtrations (Ours) 92.94 99.10 85.56 98.12

Table 2. Experimental results of different methods on the Kvasir dataset. The best results are highlighted in bold.

Method Accuracy AUC Sensitivity Specificity

ResNet152 [15] 75.92 96.33 75.92 96.99

ResNet152 + PHG [30] 77.52 97.03 77.52 97.59

ResNet152 + PHG + multi-scale 78.27 97.18 78.27 97.70

ResNet152 + PHG + multi-scale + multi-filtrations (Ours) 79.52 97.63 79.52 97.88
SENet154 [18] 78.00 97.45 78.00 96.50

SENet154 + PHG [30] 79.00 97.85 79.00 97.00

SENet154 + PHG + multi-scale 79.33 98.01 79.33 97.19

SENet154 + PHG + multi-scale + multi-filtrations (Ours) 80.42 98.11 80.42 97.43

SwinV2-B [26] 78.58 97.35 78.58 97.08

SwinV2-B + PHG [30] 79.78 97.05 79.78 97.09

SwinV2-B + PHG + multi-scale 80.36 97.15 80.36 97.27

SwinV2-B + PHG + multi-scale + multi-filtrations (Ours) 81.52 97.25 81.52 97.40

Table 3. Experimental results of different methods on the CBIS-DDSM dataset. The best results are highlighted in bold.

Method Accuracy AUC Sensitivity Specificity

ResNet152 [15] 72.16 77.81 73.72 70.93

ResNet152 + PHG [30] 74.29 79.16 72.24 71.96

ResNet152 + PHG + multi-scale 75.14 79.86 74.05 73.35

ResNet152 + PHG + multi-scale + multi-filtrations (Ours) 76.43 80.29 75.19 74.47

SENet154 [18] 70.88 77.44 72.74 70.70

SENet154 + PHG [30] 74.15 80.23 73.44 72.94

SENet154 + PHG + multi-scale 74.95 80.95 75.07 73.31

SENet154 + PHG + multi-scale + multi-filtrations (Ours) 77.23 82.43 76.80 74.91

SwinV2-B [26] 73.15 80.12 72.27 73.22

SwinV2-B + PHG [30] 75.74 83.98 75.13 75.03

SwinV2-B + PHG + multi-scale 76.28 85.97 76.84 76.35

SwinV2-B + PHG + multi-scale + multi-filtrations (Ours) 78.40 87.22 78.35 77.89

when averaged over all the datasets/backbones. This sup-

ports the premise that scale-stable topological signatures

suppress resolution-specific artifacts while retaining clini-

cally salient structures. (3) Fusing stable PDs from different

filtrations (intensity and gradient) provides the largest im-

proving boost. For example, on the CBIS-DDSM dataset,

the accuracy is improved by 2.28% and 2.12% using

SENet154 and SwinV2-B, respectively. In addition, im-

provements are particularly pronounced in Sensitivity (cru-

cial for screening) while Specificity remains high, indicat-
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Table 4. Accuracy results for different matching and stability

thresholds in Algorithm 1, evaluated on the ISIC 2018 dataset with

ResNet152.

Matching Threshold τm

Stability Threshold τs
0.6 0.7 0.8

0.2 89.00 90.67 88.83

0.3 90.50 91.56 90.17

0.4 89.83 90.33 89.58

ing that topology-guided refinement improves true-positive

detection without sacrificing false-positive control. To-

gether, these parts yield consistent Accuracy/AUC gains

and marked Sensitivity improvements across the back-

bones/datasets, validating the effectiveness of multi-scale,

multi-filtration topologies for medical image classification.

3.4. Ablation Study

The “vineyard” algorithm (Algorithm 1) has two key hyper-

parameters: the matching threshold τm, which controls how

aggressively PD points are linked across adjacent scales,

and the stability threshold τs, which filters completed vines

based on their persistence-weighted smoothness score σ(v).
Intuitively, a small τm risks breaking valid correspondences

(vine fragmentation), while a large τm may link unrelated

points (spurious vines). Similarly, a small τs retains noisy

or unstable vines, whereas a large τs may prune away infor-

mative but moderately stable structures.

Our experiments evaluate τm ∈ {0.2, 0.3, 0.4} and τs ∈
{0.6, 0.7, 0.8} on the ISIC 2018 dataset using ResNet152,

with all the other settings fixed. Table 4 reports the ac-

curacy results. The highest accuracy, 91.56%, occurs at

(τm, τs) = (0.3, 0.7). Therefore, we set τm = 0.3 and

τs = 0.7 as the default values and adopt this setting in

our experiments, as it balances recall (sufficient cross-scale

linking) with precision (filtering to stable vines).

Furthermore, we conduct experiments to investigate

the effects of different distance metrics in the “vine-

yard” algorithm. We compare three metrics between

points p = (bp, dp) and q = (bq, dq) with persistence

persp = max(0, dp − bp): (1) Wasserstein Distance [28]:

dW(p, q) =
√

(bp − bq)2 + (dp − dq)2, (2) Persistence-

scaled Distance: dPS(p, q) = dW(p, q)
/(

1 +
persp+persq

2

)
,

and (3) Relative Persistence Distance: dRP(p, q) =

dW(p, q)
(
1 +

|persp−persq|
max(persp,persq)

)
. We evaluate on the

CBIS-DDSM dataset with SwinV2-B. Table 5 presents the

accuracy results. We observe that the Relative Persistence

Distance attains the best performance (78.40%), outper-

forming Wasserstein (73.30%; ↑ 5.10%) and Persistence-

Scaled (73.72%; ↑ 4.68%). Therefore, we use the Relative

Persistence Distance (dRP) as the default distance metric in

Algorithm 1 for our experiments.

Table 5. Results of different distance metrics in Algorithm 1, eval-

uated on the CBIS-DDSM dataset with SwinV2-B.

Method Accuracy

Wasserstein Distance 73.30

Persistence-Scaled Distance 73.72

Relative Persistence Distance 78.40

Table 6. Parameter complexity comparison of different methods.

Method Number of Parameters

SwinV2-B 86.908 M

SwinV2-B + PHG 94.455 M

Ours 144.238 M

3.5. Time and Parameter Complexity
Our pipeline for computing stable PDs consists of the fol-

lowing main steps: (i) constructing cubical PDs at three

image scales (224 × 224, 112 × 112, and 56 × 56) with

two filtrations (intensity and gradient), and (ii) applying the

“vineyard” algorithm across the PDs of adjacent scales to

compute stable PDs. Here, we report the execution time on

the Kvasir dataset (4,000 images). For the intensity filtra-

tion, computing PDs takes 32 seconds, 28 seconds, and 20

seconds at the 224×224, 112×112, and 56×56 resolutions,

respectively. The “vineyard” algorithm requires 22 minutes

and 56 seconds to generate stable PDs from these PDs. For

the gradient filtration, computing PDs takes 38 seconds, 30

seconds, and 18 seconds at the three scales, respectively,

and the “vineyard” algorithm takes 1 hour, 13 minutes, and

8 seconds for computing the stable PD. It is worth noting

that PD computation is performed offline, and this process

needs to be conducted only once.

To examine the parameter complexity, Table 6 reports

the numbers of parameters for SwinV2-B, SwinV2-B +

PHG, and our proposed approach for comparison.

4. Conclusions
In this paper, we introduced a new topology-guided
framework for medical image classification that augments
intensity-based representations with stable topological sig-
natures which are aggregated across scales and filtrations.
We computed cubical PDs at multiple resolutions/scales and
consolidate them via a “vineyard” algorithm to capture sta-
ble topological signatures ranging from global anatomy to
fine local irregularities. To further exploit richer topolog-
ical representations derived from multiple filtrations, we
designed a cross-attention-based neural network specifi-
cally for processing the final PDs, producing task-relevant
embeddings that are fused with CNN/Transformer fea-
tures in an end-to-end pipeline. Experiments on three
public datasets showed that our method yields consis-
tent, considerable gains over the baselines and SOTA
methods, demonstrating the effectiveness of our new ap-
proach.
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