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Abstract

Automatic skin lesion diagnosis is a fundamental challenge in medi-
cal image analysis because of requiring accurate and interpretable rep-
resentations of complex visual patterns. Most existing deep learning
approaches rely on Euclidean feature embeddings, which primarily cap-
ture first-order statistics and often fail to model the intrinsic geometric
and textural structure of skin lesions. In this paper, we propose SPD-
SkinNet, a spectral–Riemannian deep learning framework that repre-
sents skin lesion features as symmetric positive definite (SPD) matrices,
enabling the modeling of second-order statistics via feature covariance.
By performing spectral decomposition on the SPD manifold, we extract
eigenvalues that serve as compact and interpretable descriptors of lesion
texture. The initial experimental results on the synthetic highlight the
potential of integrating Riemannian geometry and spectral analysis into
deep learning for medical imaging.
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1 Introduction

Automatic skin lesion classification is a critical problem in medical image anal-
ysis, with significant implications for early detection of melanoma and other
dermatological conditions. Accurate and timely diagnosis can substantially
improve patient outcomes, motivating the development of reliable computer-
aided diagnostic systems. In recent years, the convolutional neural networks
(CNNs) with architectures such as ResNet [3] and EfficientNet [13] learn hi-
erarchical feature representations, progressing from low-level visual primitives
to high-level semantic abstractions. These models have demonstrated strong
performance across a wide range of medical imaging tasks, including skin le-
sion analysis [11, 3, 13]. However, standard CNNs operate in Euclidean space
and predominantly encode first-order statistics, treating feature channels inde-
pendently. This design limits their ability to explicitly capture inter-channel
dependencies and higher-order statistical structures, which are essential for
modeling complex visual textures.

Skin lesions exhibit heterogeneous patterns characterized by subtle color
variations, irregular boundaries, and multi-scale textures. Critically, these
patterns emerge not solely from individual feature responses but from struc-
tured interactions among features, such as co-occurrences between pigmenta-
tion, edges, and micro-patterns. Such interactions are fundamentally second-
order and cannot be fully represented by conventional CNN embeddings. While
some studies have explored higher-order or region-based descriptors, most ap-
proaches continue to rely on Euclidean embeddings, leaving the rich geometric
structure of skin textures underutilized [15, 4, 5].

Covariance-based descriptors offer a principled way to capture these second-
order statistics [15]. By modeling pairwise correlations between feature chan-
nels, covariance matrices encode complex texture interactions in a compact
form. Notably, these matrices lie on the manifold of symmetric positive defi-
nite (SPD) matrices, which has well-defined Riemannian geometry [4, 5]. Re-
cent geometry-aware learning approaches on SPD manifolds have demonstrated
improved robustness and discriminative power in visual recognition tasks [6].
Additionally, spectral analysis of SPD matrices through eigen-decomposition
yields interpretable representations of variation patterns, providing a frequency-
like decomposition of feature interactions that is particularly useful in medical
contexts. Despite the promise of SPD-based and spectral representations, their
integration with deep CNN feature extraction in skin lesion analysis remains
largely unexplored. Most existing CNN-based methods continue to rely on first-
order Euclidean embeddings, which are insufficient to capture the structured,
second-order texture patterns that are characteristic of skin lesions.

To address this gap, we propose SPD-SkinNet, a spectral–manifold deep
learning framework that combines CNN feature extraction with covariance-
based SPD representations and spectral decomposition. The key idea is to
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transform CNN feature maps into covariance matrices, capturing second-order
statistics of skin textures. The resulting SPD matrices are then spectrally
decomposed to extract eigenvalues that serve as compact, interpretable, and
discriminative descriptors of variation patterns within lesions.

From a geometric perspective, the eigenvalues can be interpreted as intrinsic
energy modes of texture, providing a frequency-like decomposition of feature
interactions. This spectral characterization enhances both discriminative ca-
pability and interpretability—critical for clinical applications requiring model
transparency.

We validate the proposed framework on a synthetic dataset, demonstrat-
ing improved performance over standard CNN baselines while also providing
meaningful insights into texture structure.

The main contributions of this paper are summarized as follows:

• We introduce a covariance-based SPD representation for modeling skin
lesion textures, explicitly capturing second-order feature interactions be-
yond standard CNN embeddings.

• We propose a spectral learning mechanism that leverages eigenvalues of
SPD matrices as compact, discriminative, and interpretable descriptors.

• We develop an end-to-end framework, SPD-SkinNet, integrating CNN
feature extraction with Riemannian geometry and spectral analysis for
skin lesion classification.

• We demonstrate the effectiveness of the proposed approach on a synthetic
dataset and the initial results indicate its potential for the accurate and
robust skin lesion classification.

2 Methodology

2.1 Motivation and Problem Statement

Automated skin lesion analysis remains a challenging task due to the intrin-
sic complexity and heterogeneity of dermatological patterns. Unlike natural
images, skin lesions exhibit subtle chromatic variations, irregular and fuzzy
boundaries, multi-scale textures, and intricate interactions between structural
and color-based cues. These characteristics are inherently second-order, arising
from correlations among local patterns rather than isolated feature activations.

Deep convolutional neural networks (CNNs) have achieved remarkable suc-
cess in medical image analysis, including dermatology [1, 2, 3, 11]. Their hi-
erarchical structure enables progressive abstraction from low-level visual prim-
itives to high-level semantic representations. However, conventional CNN ar-
chitectures operate in Euclidean space and predominantly encode first-order
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statistics, treating feature channels independently. Consequently, they are not
explicitly designed to capture inter-channel dependencies or higher-order sta-
tistical relationships, which are critical for modeling complex skin textures.

Recent advances in dermatological imaging further emphasize the impor-
tance of capturing structural variability and texture correlations for accurate
diagnosis [12, 14]. This motivates the need for extending representations of
first-order features to explicitly encode second-order interactions in a geometry-
aware manner.

Problem Statement. Given an input skin image I ∈ R3×H×W , the objec-
tive is to learn a representation that:

• jointly captures local feature responses and their interactions,

• encodes intrinsic texture structure in a geometry-aware space,

• supports accurate, robust, and interpretable classification of skin lesions.

To address these challenges, we propose a unified framework that integrates
CNN-based feature extraction with covariance-based symmetric positive defi-
nite (SPD) representations and spectral analysis.

2.2 Feature Extraction

Let the input image be I ∈ R3×H×W . A deep convolutional backbone extracts
hierarchical feature representations:

F = CNN(I), F ∈ RC×H
′×W ′

.

Modern CNN architectures such as VGG, ResNet, and EfficientNet have
demonstrated strong capability in extracting discriminative visual features [8,
3, 13]. In this work, the backbone serves as a learnable encoder transforming
raw pixels into semantically meaningful representations.

Interpretation of Feature Maps. The tensor F can be interpreted as a
set of feature maps encoding patterns at multiple abstraction levels. Early
layers capture edges, gradients, and color transitions, while deeper layers en-
code high-level structures such as lesion boundaries, asymmetry, and texture
irregularities.

Spatial-to-Sample Transformation. For statistical modeling, the feature
tensor is reshaped into:

X ∈ RC×N , N = H ′ ×W ′,

where each column corresponds to a spatial sample and each row corresponds
to a feature channel.
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Limitation of First-Order Features. Each vector fi ∈ RC represents lo-
cal responses but does not explicitly capture dependencies between channels.
Dermatological textures are governed by co-occurrence patterns (e.g., align-
ment between pigmentation and structural edges), motivating the introduction
of covariance-based second-order representations.

2.3 SPD Representation Layer

To capture second-order statistical structure, we compute the empirical covari-
ance matrix:

C =
1

N

N∑
i=1

(fi − µ)(fi − µ)T , µ =
1

N

N∑
i=1

fi.

The resulting matrix C ∈ RC×C encodes both marginal variances and pair-
wise correlations:

• diagonal entries: channel-wise variance,

• off-diagonal entries: inter-channel dependencies.

Covariance representations have been shown to capture region-level statis-
tics effectively in visual recognition tasks [15].

Geometric Perspective. Under mild conditions, C is symmetric positive
definite, i.e., C ∈ SC++. The space of SPD matrices forms a Riemannian mani-
fold with non-Euclidean geometry [4, 5], providing a principled framework for
modeling structured variability beyond standard Euclidean representations.

2.4 Spectral Representation Layer

To extract compact and informative descriptors, we perform eigen-decomposition:

C = UΛUT ,

where U is orthogonal and

Λ = diag(λ1, . . . , λC)

contains the eigenvalues.

Interpretation. Eigenvalues quantify variation along principal directions. In
skin lesion analysis:

• large eigenvalues correspond to dominant structural or textural patterns,

• small eigenvalues correspond to smoother or less informative variations.

The spectrum provides a compact characterization of texture complexity.
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Dimensionality Reduction. To obtain a low-dimensional representation,
we retain the top-k eigenvalues:

Λtop-k = (λ1, . . . , λk),

forming a discriminative feature vector. This is supported by geometry-aware
dimensionality reduction on SPD manifolds [6].

2.5 Classification Head

The spectral representation is passed through a multi-layer perceptron:

ŷ = fθ(Λtop-k),

where ŷ denotes predicted class probabilities. This module maps geometry-
aware features into semantic lesion predictions.

2.6 Loss Function

We employ the standard cross-entropy loss:

Lcls = −
∑
i

yi log(ŷi).

Spectral Regularization (Optional). To enhance interpretability and en-
courage clinically meaningful representations:

Lspec = ‖Λ− Λref‖22,

where Λref is a reference spectrum (e.g., from healthy skin).

Total Objective.
L = Lcls + λLspec.

This encourages the model to learn deviations from normal texture patterns
while maintaining discriminative performance.

3 Theoretical Properties

Motivation

CNNs effectively capture local spatial patterns but do not explicitly model
inter-channel dependencies. Discriminative cues in dermatology often arise
from structured feature interactions. Covariance-based representations address
this by encoding second-order statistics in a principled manner.

Covariance matrices naturally lie on the SPD manifold SC++, enabling inte-
gration of statistical modeling with Riemannian geometry [4, 5].
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Notation. Let SC++ denote the set of SPD matrices and SC+ the set of positive
semidefinite matrices, with SC++ ⊂ SC+ .

Proposition 1 (Positive Definiteness of Covariance [4, 5]). Let X = [f1, . . . , fN ] ∈
RC×N and Xc = X − µ. Then

C =
1

N
XcX

T
c ∈ SC+ .

If rank(Xc) = C, then C ∈ SC++.

Regularization. To address rank deficiency:

Cε = C + εI, ε > 0,

ensuring numerical stability and preserving the SPD property.

Proposition 2 (Second-Order Statistical Encoding [15]). Covariance matrices
satisfy:

1. Cii = Var(Xi),

2. Cij = Cov(Xi, Xj).

Proposition 3 (Spectral Properties and Optimal Approximation [6]). Let C =
UΛUT . Then:

1. Eigenvalues are invariant under orthogonal transformations.

2. Truncated decomposition provides the optimal rank-k approximation in
Frobenius norm.

Summary

The framework is underpinned by three principles:

• SPD representations define a stable, geometrically meaningful feature
space.

• Second-order statistics capture essential inter-channel interactions.

• Spectral decomposition yields compact, invariant, and discriminative de-
scriptors.

These properties justify the effectiveness of the proposed SPD-SkinNet in
modeling complex skin lesion textures and improving classification performance
in high-dimensional, low-sample settings.
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4 Illustrated Numerical Example

To provide an intuitive understanding of the SPD-SkinNet pipeline, we present
a simplified numerical example illustrating the transformation from CNN fea-
ture maps to spectral features via the SPD representation.

4.1 Step 1: Feature Extraction

Consider a CNN feature map with C = 2 channels and N = 3 spatial locations:

X =

[
1 2 3
2 1 4

]
∈ R2×3,

where each column fi corresponds to a spatial feature vector.

4.2 Step 2: Mean Centering

Compute the mean vector:

µ =
1

N

N∑
i=1

fi =

[
2

7/3

]
,

and center the features:

Xc = X − µ =

[
−1 0 1
−1/3 −4/3 5/3

]
.

4.3 Step 3: Covariance (SPD) Matrix

The empirical covariance is:

C =
1

N
XcX

T
c =

[
2/3 2/3
2/3 14/9

]
.

The positive determinant and positive trace confirm C ∈ SC++. Diagonal en-
tries represent channel variances, and off-diagonal entries encode inter-channel
correlations (texture interactions).

4.4 Step 4: Spectral Decomposition

Eigen-decomposition yields:

C = UΛUT , Λ = diag(λ1, λ2), λ1 ≈ 1.92, λ2 ≈ 0.30.

Interpretation: λ1 captures dominant texture variation, while λ2 reflects
weaker or smoother patterns.
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4.5 Step 5: Spectral Feature for Classification

Retaining the top-k = 1 eigenvalue:

Λtop-1 = [1.92],

provides a compact, discriminative feature for downstream classification.

4.6 Discussion

This example highlights key advantages:

• Covariance encodes second-order interactions ignored by first-order CNN
features.

• Spectral decomposition extracts dominant structure in a compact and
interpretable form.

• Eigenvalues provide intrinsic coordinates on the SPD manifold, invariant
to rotation in feature space.

5 Initial Experiments on Synthetic Dataset

5.1 Experimental Setup

We evaluate the proposed SPD-SkinNet on a synthetic dataset designed to sim-
ulate structured skin texture patterns with controlled variability. The dataset
includes multiple classes exhibiting distinct geometric and stochastic charac-
teristics, enabling a controlled assessment of the model’s ability to capture
second-order feature interactions.

To ensure a fair evaluation, we additionally implement a CNN baseline
using the same backbone architecture (ResNet18) and identical training pro-
tocol. Both models are trained for 20 epochs using cross-entropy loss with
label smoothing. Performance is evaluated using accuracy, F1-score, and Area
Under the Curve (AUC) on both training and validation splits.

5.2 Training Dynamics

Figure 1 illustrates the evolution of loss, accuracy, F1-score, and AUC during
training for both SPD-SkinNet and the CNN baseline.

Both models exhibit stable convergence, with loss decreasing monotonically
and validation loss closely tracking training loss, indicating well-behaved op-
timization without significant overfitting. Performance improvements saturate
after approximately 5–8 epochs, suggesting that the dominant structural pat-
terns in the dataset are learned rapidly.
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Table 1: Comparison between SPD-SkinNet and CNN baseline on the synthetic
dataset.

Model Accuracy F1-score AUC
CNN Baseline 0.879 0.857 0.982
SPD-SkinNet 0.879 0.873 0.985

5.3 Performance Evaluation

Table 1 summarizes the final performance of both models. Notably, SPD-
SkinNet achieves comparable accuracy to the CNN baseline (0.879), indicating
that both first-order and second-order representations are sufficient to capture
the primary class distinctions in this synthetic setting.

However, SPD-SkinNet consistently outperforms the CNN baseline in terms
of F1-score and AUC. The F1-score improves from 0.857 to 0.873, while AUC
increases from 0.982 to 0.985. These improvements suggest enhanced robust-
ness to class imbalance and improved separability in the learned feature space.

5.4 Discussion

The experimental results demonstrate that incorporating second-order statis-
tics via SPD representations provides measurable benefits over standard CNN
feature aggregation:

• Second-order feature modeling: Covariance-based SPD matrices cap-
ture inter-channel dependencies that are not explicitly modeled by first-
order pooling methods.

• Improved class balance: Higher F1-scores indicate better handling of
class-level variations and minority patterns.

• Enhanced separability: The increase in AUC reflects improved ranking
performance and more discriminative feature representations.

Importantly, while classification accuracy remains unchanged, the improve-
ments in F1-score and AUC highlight the advantage of second-order represen-
tations in capturing finer structural variations.

5.5 Limitations and Future Work

Despite promising results, several limitations should be acknowledged. First,
the evaluation is conducted on a synthetic dataset, which may not fully re-
flect the complexity of real-world dermatological images. Second, the observed
performance gains, while consistent, are moderate in magnitude.

Future work will focus on:
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Figure 1: Training and validation performance comparison between SPD-
SkinNet and CNN baseline. Top-left: loss; top-right: accuracy; bottom-left:
F1-score; bottom-right: AUC.

• Extending evaluation to real dermatology datasets.

• Incorporating more complex textures and domain variability.

• Exploring geometry-aware extensions, including log-Euclidean mappings
and Lie algebra representations.

6 Discussion

The results suggest that SPD matrices provide a principled mechanism for en-
coding second-order statistics of convolutional features, capturing interactions
between feature channels that are not accessible through conventional first-
order pooling. Spectral decomposition further transforms these representations
into compact and interpretable descriptors.

Although the accuracy gains are not observed, the consistent improvements
in F1-score and AUC indicate that SPD-based representations enhance the
quality of the learned feature space, particularly in terms of robustness and
discriminative power. This makes the approach a promising foundation for
future extensions incorporating geometric learning on SPD manifolds.
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7 Conclusion

We introduced SPD-SkinNet, a spectral–manifold deep learning framework for
skin lesion classification. CNN features are transformed into SPD covariance
matrices, and spectral analysis yields interpretable, compact representations.
Initial experiments demonstrate robust performance on synthetic data, vali-
dating the approach. In the future, we will consider applying Graph Neural
Networks for patient similarity analysis, utilise multi-scale covariance for cross-
layer texture modeling and apply spectral regularization to improve general-
ization and robustness.
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