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Abstract. Topological Data Analysis (TDA) has emerged as a promising frame-

work for capturing structural patterns in medical images; however, existing ap-

proaches for COVID-19 CT classification, particularly those based on Riemannian

representations of persistence diagrams, often involve complex non-Euclidean com-

putations that limit scalability and integration with standard machine learning mo-

dels. In this paper, we propose a TDA-based classification framework that utilizes

persistence landscapes as a computationally efficient Euclidean representation of

persistent homology. Each CT image is transformed into a Feature Point Cloud via

an intensity-based covering and spatial clustering procedure, from which topological

features (H0, H1, H2) are extracted using Vietoris–Rips filtration, along with an

additional descriptor obtained from lower-star filtration. These features are vector-

ized into a fixed-length representation and used for classification. Experiments on

a balanced dataset of 1000 CT images with a 70:20:10 train/validation/test split

demonstrate that the proposed method achieves accuracies of 96% using Support

Vector Machines and 98% using Random Forest. An ablation study further reveals

that the H0 feature consistently provides the strongest discriminative performance,

indicating that connectivity-based structures are more robust and informative than

higher-dimensional topological features for distinguishing COVID-19 CT images,

while maintaining computational efficiency and compatibility with classical machine

learning approaches.

Key words and Phrases: persistence homology, persistence landscapes, COVID-19,

CT-scan.

1. INTRODUCTION

Computed tomography (CT) imaging plays an important role in the diagno-
sis and monitoring of COVID-19 infections. Radiological studies have shown that
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COVID-19 CT scans often exhibit characteristic patterns such as bilateral lung in-
volvement and ground-glass opacities (GGOs). These structural patterns motivate
the development of automated methods for analyzing CT images to assist clinical
diagnosis.

Machine learning and deep learning approaches have been widely used for
medical image classification. Convolutional Neural Networks (CNNs), including
architectures such as EfficientNet and ResNet, have demonstrated strong perfor-
mance in image recognition tasks [1, 2]. However, such models typically require
large training datasets and often lack interpretability, making it difficult to under-
stand the structural patterns that drive classification decisions.

Topological Data Analysis (TDA) offers an alternative framework for analyz-
ing complex data by extracting geometric and topological features [3]. Persistent
homology, one of the main tools in TDA, captures multiscale structures such as
connected components, loops, and cavities [4]. These features provide interpretable
descriptors that explicitly encode structural information in the data.

Previous work by Iqbal et al. [5] applied TDA to COVID-19 CT image clas-
sification by constructing feature point clouds and representing persistence dia-
grams using a Riemannian framework. While effective, this approach introduces
additional computational complexity and relies on non-Euclidean statistical tools,
which limits scalability and complicates integration with standard machine learning
models.

This limitation motivates the need for a simpler and more computationally
efficient representation of persistence diagrams. In this paper, we adopt persis-
tence landscapes as a vectorization method that embeds persistence diagrams into
a Euclidean space, enabling direct compatibility with classical machine learning
algorithms while preserving essential topological information.

Following the geometric framework of [5], we construct Feature Point Clouds
from CT images and compute persistent homology using Vietoris–Rips filtrations
together with a lower-star filtration on the image grid. The resulting topological
features are then vectorized and used for classification via Support Vector Machines
and Random Forest classifiers.

Furthermore, we investigate the contribution of individual homological fea-
tures through an ablation study. The experimental results show that the H0

feature consistently provides the strongest discriminative performance, suggesting
that connectivity-based structures are more robust and informative than higher-
dimensional topological features for distinguishing COVID-19 CT images.

2. Preliminaries

This section reviews the main concepts of topological data analysis and per-
sistent homology used in this paper, with emphasis on their role in constructing
features from image data. For further background, we refer to [3, 4].
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2.1. Topological Data Analysis and Persistent Homology.

Topological Data Analysis (TDA) studies the qualitative structure of data us-
ing tools from algebraic topology. In many applications, geometric and structural
properties such as connectivity, loops, and higher-dimensional cavities provide im-
portant information about the underlying data.

Persistent homology is a fundamental tool in TDA that captures such topo-
logical features across multiple scales. By tracking how these features appear and
disappear along a filtration, persistent homology provides a multiscale summary of
the data that is stable under small perturbations.

2.2. Simplices and Simplicial Complexes.

A k-simplex is the convex hull of k+1 affinely independent points v0, . . . , vk,
denoted by [v0, . . . , vk]. Examples include a point (k = 0), a line segment (k = 1),
a filled triangle (k = 2), and a filled tetrahedron (k = 3).

A simplicial complex K is a finite collection of simplices such that every face
of a simplex in K also belongs to K, and the intersection of any two simplices
is either empty or a common face. Simplicial complexes provide a combinatorial
representation of geometric structures and serve as the foundation for computing
topological features.

2.3. Homology.

Let K be a simplicial complex with coefficients in Z2. The k-th homology
group is defined as

Hk(K) = ker(∂k)/ im(∂k+1),

and its dimension βk = dimHk(K) is called the k-th Betti number. Intuitively,
β0 counts connected components, β1 counts loops, and β2 counts voids. These
quantities provide compact summaries of the structural properties of data.

2.4. Filtrations and Persistent Homology.

A filtration is a nested sequence of simplicial complexes

K0 ⊆ K1 ⊆ · · · ⊆ KT .

Applying homology to each Kt yields a sequence of vector spaces in which
topological features appear and disappear. A feature is said to be born at a certain
scale and dies at a later scale, and its lifetime is called persistence. Features with
longer persistence are typically considered more significant.

2.5. Persistence Diagrams.

For a fixed k, the persistence diagram Dgmk is a multiset of points (b, d) ∈ R2

with b < d, where b and d denote the birth and death of k-dimensional features.
Points far from the diagonal b = d correspond to persistent (and thus more signifi-
cant) features, while points near the diagonal are often regarded as noise.
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2.6. Persistence Landscapes.

Persistence diagrams are not vector-valued objects, which makes them diffi-
cult to use directly in machine learning. Persistence landscapes provide a functional
embedding that maps persistence diagrams into a vector space [6].

For each point (b, d) in a persistence diagram, define the tent function

λ(b,d)(t) = max{0,min(t− b, d− t)}.

The k-th persistence landscape λk(t) is defined as the k-th largest value
among all such functions at time t. The collection {λk}k≥1 is called the persis-
tence landscape.

In practice, the landscape is truncated to a finite number of layers and each
function is sampled on a fixed grid to obtain numerical feature vectors. This rep-
resentation is particularly important in our framework, as it enables persistence
diagrams to be converted into fixed-length vectors that can be directly used with
standard machine learning models.

2.7. Relation to Image Data.

In image analysis, topological structures arise from spatial arrangements of
pixels and their intensity values. In particular, connected components correspond
to homogeneous regions, while higher-dimensional features capture more complex
geometric patterns such as boundaries and cavities.

Persistent homology provides a way to summarize these structures across
multiple intensity thresholds or spatial scales. In the context of CT images, such
descriptors can capture structural patterns of lung regions, including fragmented
intensity regions and irregular boundaries associated with COVID-19 infection.

These concepts form the basis for the feature construction pipeline used in this
paper, where images are transformed into point clouds and topological summaries
are extracted for classification.

3. METHODS

Our framework follows a geometric approach in which CT images are embed-
ded into a three-dimensional space using pixel coordinates and grayscale intensi-
ties. To improve computational efficiency while preserving structural information,
we construct a Feature Point Cloud (FPC) representation. Persistent homology is
then computed from both the point cloud and the image grid, and the resulting
topological features are vectorized using persistence landscapes for classification.

3.1. Feature Point Cloud Construction.

Definition 3.1 (Point Cloud). Let M be a grayscale image defined on a pixel grid
{1, . . . ,m} × {1, . . . , n} with intensity values pij ∈ [0, 255]. The associated point
cloud is

XM = {(i, j, pij) ∈ R3}.
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Each image is first resized to 256× 256 and normalized to the range [0, 255].
The image is then embedded into R3 as

P = {(x, y, I(x, y)) : (x, y) ∈ Ω}.

Since the raw point cloud contains one point per pixel, it is computationally
expensive for persistent homology. Therefore, we construct a reduced representa-
tion using an intensity-based covering.

Definition 3.2 (Feature Point Cloud). Let U = {U1, . . . , U15} be a collection of
overlapping intervals covering [0, 255] with an overlap ratio of 0.3. For each interval
Ui, define

Ωi = {(x, y) ∈ Ω : I(x, y) ∈ Ui}.
The spatial coordinates in Ωi are grouped using hierarchical agglomerative

clustering with single linkage and Euclidean distance in the image plane, using a
distance threshold τ = 2.0. Clusters with fewer than three points are discarded to
reduce noise.

Each cluster C ⊆ Ωi is represented by its centroid

c(C) =

 1

|C|
∑

(x,y)∈C

x,
1

|C|
∑

(x,y)∈C

y,
1

|C|
∑

(x,y)∈C

I(x, y)

 .

To ensure computational tractability, the number of feature points is limited
to 1000 using farthest point sampling, which preserves the geometric distribution of
points while reducing redundancy.

The Feature Point Cloud is defined as

XI = {c(C) : C is a cluster from some Ωi}.

This construction reduces the number of points while preserving essential
spatial and intensity-based structures of the image.

An example of the Feature Point Cloud is shown in Figure 1.

Figure 1. Construction of the Feature Point Cloud (FPC) from
a CT scan image. Left: Original CT image. Middle: Spatial dis-
tribution of clustered feature points overlaid on the image. Right:
Three-dimensional point cloud representation (x, y, I(x, y)) in R3.
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3.2. Lower-Star Filtration.

In addition to the point cloud representation, we construct a filtration directly
on the image grid. Each pixel is treated as a vertex, and edges are added according
to 8-neighborhood adjacency, producing a cubical complex.

Let f : K(0) → R be defined by f(v) = I(v). The lower-star filtration is given
by

Kt = {σ ∈ K : max
v∈σ

f(v) ≤ t}.

This filtration captures the evolution of connected components based on in-
tensity thresholds in the image.

3.3. Vietoris–Rips Filtration.

Persistent homology is computed on the Feature Point Cloud using the Vietoris–
Rips filtration implemented in the Giotto-TDA library. The filtration is constructed
over a range of scales, allowing the extraction of multiscale topological features
without fixing a single scale parameter.

Persistence diagrams are computed for homology dimensions

H0, H1, H2.

Together with the diagram obtained from the lower-star filtration, we obtain
four persistence diagrams per image.

To reduce the influence of noise, topological features with very small persis-
tence are filtered out using a threshold.

Representative persistence diagrams are shown in Figure 2.

Figure 2. Persistence diagrams obtained from the Feature Point
Cloud and lower-star filtration. Each point (b, d) represents a topo-
logical feature with birth time b and death time d. The diagrams
correspond to H0, H1, H2 (Vietoris–Rips filtration), and H0 from
the lower-star filtration.

3.4. Persistence Landscape Vectorization.

Each persistence diagram is transformed into a persistence landscape. We
retain the first five landscape layers and sample each layer at 100 uniformly spaced
points, resulting in 500 features per diagram and a total of 2000 features per image.

This vectorization produces a fixed-length Euclidean representation that can
be directly used in standard machine learning models.
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The corresponding persistence landscapes are illustrated in Figure 3.

Figure 3. Persistence landscapes derived from the persistence di-
agrams. Each diagram is transformed into multiple landscape la-
yers λk(t), which are then sampled to produce a fixed-length fea-
ture vector for classification.

3.5. Implementation and Classification.

Persistent homology is computed using the Giotto-TDA library, and machine
learning models are implemented using scikit-learn.

Feature vectors are standardized using statistics computed from the training
data and applied consistently to validation and test sets. The dataset is split
into training, validation, and testing sets with a ratio of 70:20:10 using stratified
sampling.

Hyperparameters are selected using grid search with 5-fold cross-validation
on the training data. For the Support Vector Machine with RBF kernel, the pa-
rameters C and γ are tuned, while for the Random Forest classifier, the number of
trees, maximum depth, and splitting criteria are optimized.

The final model is retrained on the combined training and validation data
and evaluated on the test set. Performance is measured using accuracy, precision,
recall, F1-score, and ROC-AUC.

4. EXPERIMENTS AND RESULTS

4.1. Dataset and Experimental Setup.

The experiments are conducted on a subset of the SARS-CoV-2 CT-scan
dataset [7], consisting of 1000 images with 500 COVID-19 and 500 non-COVID
cases. All images are resized to 256× 256 pixels prior to feature extraction.

The dataset is split into training, validation, and testing sets with a ratio
of 70:20:10, respectively. The split is performed using stratified sampling to pre-
serve class balance across all subsets, and a fixed random seed is used to ensure
reproducibility.

Hyperparameters are tuned using grid search with 5-fold cross-validation on
the training set. After tuning, the models are retrained on the combined training
and validation data, and the final performance is evaluated on the held-out test
set.
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4.2. System Workflow.

The overall pipeline transforms raw CT images into topological feature rep-
resentations suitable for classification:

(1) Convert each CT image into a Feature Point Cloud.
(2) Compute Vietoris–Rips persistence diagrams (H0, H1, H2).
(3) Compute a lower-star persistence diagram (H0-LSF).
(4) Transform persistence diagrams into persistence landscapes.
(5) Construct a 2000-dimensional feature vector for each image.
(6) Perform classification using SVM and Random Forest.

This pipeline enables the transformation of spatial and intensity information
into multiscale topological descriptors that can be directly integrated into standard
machine learning models.

4.3. Overall Classification Performance.

Table 1 summarizes the classification performance on the test set.

Table 1. Overall Classification Performance on The Test Set

Metric SVM (RBF) Random Forest
Accuracy (%) 96.0 98.0
Precision (COVID-19) 1.00 1.00
Recall (COVID-19) 0.92 0.96
F1-score (COVID-19) 0.958 0.980
Precision (Non-COVID) 0.926 0.962
Recall (Non-COVID) 1.00 1.00
F1-score (Non-COVID) 0.962 0.980

Both classifiers achieve high performance, with Random Forest outperforming
Support Vector Machine, reaching an accuracy of 98.0%. The consistently high
precision for COVID-19 indicates a low false-positive rate, which is important in
clinical screening scenarios.

The superior performance of Random Forest suggests that the relationship
between topological features and class labels is nonlinear and involves complex
feature interactions. Ensemble-based methods are better suited to capture such
interactions compared to kernel-based models, which may explain the observed
performance gap.

4.4. Comparison with CNN Baselines.

We compare the proposed method with several transfer-learning CNN archi-
tectures. The results are summarized in Table 2.
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Table 2. CNN Baselines

Model Accuracy (%)
EfficientNet-B0 90.62
EfficientNet-B2 87.65
ResNet50 91.96

The proposed TDA-based approach achieves higher accuracy than the consider-
ed CNN models. However, it is important to note that the CNN architectures are
used as baseline references without extensive hyperparameter optimization. There-
fore, the comparison should be interpreted as an indication of the effectiveness
of topological features rather than a definitive benchmark against deep learning
methods.

4.5. Ablation Study of Homological Features.

To evaluate the contribution of each homological feature, we perform an ab-
lation study by training classifiers using each feature individually. The results are
summarized in Table 3.

Table 3. Individual Homological Feature Performance on The
Test Set

Feature SVM Acc. RF Acc.
H0 (VR) 98.0% 99.0%
H1 (VR) 76.0% 75.0%
H2 (VR) 67.0% 76.0%
H0 (LSF) 96.0% 95.0%

The results show that the H0 feature derived from the Vietoris–Rips filtration
provides the strongest discriminative performance, achieving 99.0% accuracy with
Random Forest and 98.0% with Support Vector Machines.

This behavior can be explained by the nature of the structures captured by
H0. In CT images of COVID-19 patients, abnormalities such as ground-glass opac-
ities typically appear as spatially connected regions. These patterns are naturally
reflected in the evolution of connected components, which are directly captured by
H0.

In contrast, higher-dimensional features such as H1 and H2, which represent
loops and voids, exhibit significantly lower performance. These structures are less
consistently present in lung CT images and are more sensitive to noise, sampling,
and discretization effects, making them less reliable for classification.

Interestingly, combining all homological features does not improve perfor-
mance compared to using H0 alone. This suggests that higher-dimensional features
may introduce redundant or noisy information, which can negatively affect the
classifier.
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The H0 feature obtained from the lower-star filtration also shows strong per-
formance, indicating that intensity-based connectivity on the image grid provides
complementary structural information.

Overall, these results demonstrate that connectivity-based topological fea-
tures play a dominant role in distinguishing COVID-19 CT images, while increasing
topological complexity does not necessarily lead to improved classification perfor-
mance.

4.6. Implementation and Reproducibility.

The implementation of the proposed method, including data preprocessing,
topological feature extraction, and classification pipelines, is publicly available at:

https://github.com/JekiSaputraaaa/covid-tda-classification

The repository includes the full implementation as well as a Jupyter note-
book that reproduces the complete experimental pipeline from raw data to final
classification results.

5. Conclusion

In this paper, we proposed a Topological Data Analysis (TDA) framework for
classifying COVID-19 CT scan images using persistent homology and persistence
landscapes. The experimental results demonstrate that the proposed approach
achieves strong classification performance, reaching 96.0% accuracy with Support
Vector Machines and 98.0% with Random Forest on a held-out test set.

The ablation study reveals that the H0 Vietoris–Rips feature provides the
most discriminative information, outperforming both higher-dimensional features
and their combination. This finding indicates that connectivity-based structures
play a dominant role in distinguishing COVID-19 CT images, while higher-dimension-
al topological features such as loops and voids contribute limited additional infor-
mation and may introduce noise.

These results highlight that increasing topological complexity does not ne-
cessarily improve classification performance, and that simpler, more stable features
can be more effective in practical applications. While the proposed approach pro-
vides interpretable and competitive results, its computational cost remains higher
compared to standard deep learning methods, and further evaluation on larger and
more diverse datasets is required to assess its scalability and generalization.

The implementation is publicly available at https://github.com/JekiSaputraaaa/
covid-tda-classification, supporting transparency and reproducibility of the
proposed framework.
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study are available from the corresponding author upon request.
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