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Abstract—Retinal fundus imaging provides important
biomarkers associated with cardiovascular diseases (CVDs)
as it enables direct visualization of microvascular structures.
This work presents a signal processing framework for CVD
prediction by integrating multiscale texture descriptors with
graph-based structural modeling. The approach involves
preprocessing, multiscale wavelet decomposition, and extraction
of wavelet energy and autocorrelation features to capture
texture and spatial dependencies. A graph-based representation
is then constructed, and its spectral features are derived
to model global structural relationships across scales and
orientations. The proposed framework is evaluated on the
China-Fundus-CIMT dataset. Results show that combining
wavelet energy, autocorrelation, and graph spectral features
enhances performance compared with individual feature sets,
achieving a test accuracy of 0.735, recall of 0.900, F1-score of
0.772, and AUC of 0.800. The proposed framework provides
a computationally efficient alternative to data-intensive deep
learning-based approaches for CVD risk prediction.

Index Terms—Cardiovascular diseases (CVDs), retinal fundus
imaging, wavelet decomposition, autocorrelation, graph spectral
analysis

I. INTRODUCTION

Cardiovascular diseases (CVDs) remain the leading cause of
mortality worldwide, accounting for a significant proportion of
deaths each year [1]. As per the World Health Organization
(WHO) report in 2025, CVDs caused an estimated 19.8 million
deaths globally in 2022, accounting for 32% of global deaths,
with 85% of these deaths resulting from heart attacks and
strokes [1]. Early identification of individuals at high risk of
CVD is necessary to enable timely preventive measures and
reduce disease progression. Conventional CVD risk prediction
models such as Framingham Risk Score (FRS) [2], SCORE
[3], and QRISK?2 [4] estimate CVD risk using a combination
of variables including age, sex, systolic blood pressure, choles-
terol levels (total and HDL), smoking status, diabetes status,
and body mass index. These approaches often require clinical
assessment and laboratory investigations, making large-scale
population screening difficult.

Retinal fundus imaging has emerged as a promising non-
invasive approach for CVD risk assessment. Since the retinal
vasculature exhibits anatomical and physiological similarities
with cerebral and coronary microvasculature, retinal images
can reveal important information about systemic vascular
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health. Structural alterations in retinal vessels, such as arterio-
lar narrowing, venular dilation, arterio-venous nicking, vessel
tortuosity, and changes in vessel calibre, have been shown
to correlate with CVDs [5]. As retinal fundus photography
enables rapid and cost-effective acquisition of vascular infor-
mation, it offers a practical modality for large-scale CVD risk
assessment.

Recent advances in artificial intelligence have enabled the
automated analysis of retinal fundus images for CVD risk
prediction. It has been shown that deep learning (DL) models,
especially convolutional neural networks, can directly estimate
cardiovascular risk factors from retinal images. For exam-
ple, Poplin et al. demonstrated that DL models can predict
systemic risk factors such as age, blood pressure, smoking
status, and body mass index (BMI) from retinal images [6].
DL frameworks and multimodal approaches for CVD risk
stratification using retinal images have been further explored
in recent studies [8]-[10].

DL approaches have shown strong performance in extracting
CVD risk features from retinal images. However, these models
often require large annotated datasets and rely on computation-
ally intensive architectures. Furthermore, their performance
can be sensitive to dataset size and variations in imaging
conditions. To address these limitations, recent studies have
explored computational analysis of retinal images to iden-
tify biomarkers associated with cardiovascular health. Vessel
calibre, vascular morphology, and texture characteristics have
been shown to provide clinically relevant information while
maintaining computational efficiency [12].

In this work, a signal processing-based framework is pro-
posed for the analysis of retinal fundus images for CVD
prediction. The proposed method introduces a graph-based
spectral representation, complemented by wavelet energy and
autocorrelation features, to characterize complex retinal image
patterns. Existing handcrafted retinal studies have commonly
employed vascular morphology and texture-based descrip-
tors, including Haralick-based texture representations [14].
Haralick-based texture descriptors primarily quantify localized
texture relationships and do not explicitly capture structural de-
pendencies across multiple spatial scales. In contrast, wavelet
energy captures multiscale retinal texture variations, autocor-
relation characterizes spatial dependencies and repetitive vas-



cular patterns, and graph spectral features model hierarchical
structural relationships within retinal vascular networks. The
integration of these complementary descriptors enables a more
comprehensive characterization of retinal patterns associated
with CVD risk prediction.

The main contributions of this work are summarized as
follows:

1) A graph-based spectral representation is used for cap-
turing global structural relationships present in retinal
image patterns.

2) Integration of complementary wavelet energy and au-
tocorrelation features to characterize multiscale retinal
texture variations.

3) Evaluation of the proposed framework on the China-
Fundus-CIMT dataset using a random forest classifier
for CVD risk prediction.

II. RELATED WORK

Existing approaches for CVD risk prediction from retinal
fundus images can be broadly categorized into DL-based and
handcrafted feature-based methods. The summary of existing
approaches, along with their techniques, performance, and
limitations is presented in Table 1.

Recent studies have demonstrated that DL techniques
achieve strong predictive performance by learning hierarchical
features directly from the retinal images to predict CVD
risk [6] [7] [9] [13]. Various architectures, including CNN
and transformer-based models, have been explored for CVD
prediction [8] [11]. In addition, some recent studies have
extended these approaches to multimodal frameworks, where
clinical and demographic information is integrated with the
images for improved risk stratification [10].

In parallel, feature-based methods focus on extracting clin-
ically relevant retinal biomarkers such as, vessel calibre,
structural morphology and texture characteristics. These meth-
ods employ handcrafted descriptors derived from intensity
statistics and spatial relationships in the retinal images such
as, gray-level co-occurrence matrix (GLCM)-based texture
features, color distribution features, making them computa-
tionally efficient and easy to interpret [12]. GLCM features
quantify the spatial relationship between pair of neighboring
pixel intensities, thereby capturing local characteristics.

Despite this, existing DL methods exhibit certain limitations
as they often require large-scale annotated datasets and signif-
icant computational resources. On the other hand, the feature-
based approaches fail to capture the long-range structural
dependencies and inter-scale relational patterns present in
retinal vasculature because they primarily depend on localized
descriptors. Therefore, there is a need for a feature-driven
approach that effectively captures both the local texture in-
formation and global structural relationships in retinal fundus
images for CVD risk prediction.

III. PROPOSED METHODOLOGY

The proposed method for CVD predication consists of pre-
processing, wavelet energy feature extraction, autocorrelation-

TABLE I: Literature review of CVD risk assessment from
retinal fundus images.

Author(s),

SL.No. year Techniques Performance Limitations
* Low
. AUC: .
Poplin . * Gender-97.00,  Predictive
1 et al., Inception-v3 . performance
* Smoking-71.00,
2018 * MACE-70.00 for BMI
e & HbAIC
5 ecth:f“g CNN ICC: * Vulnerable
2021” (SIVA-DLS)  0.82 to 0.95 to artifacts.
. R2-score = 0.503,
Zhang RetiWHO  \AR =158, * High false
3 et al., (Swin ]
2023 transformer) SEN = 0.81, negatives.
SPE = 0.66.
Sathva Multimodal DL: * Reliance
& Y * HRV-GT + on Cross-
4 Mahesh STC-T + AUC = 97.00 sectional data.
2005 ’ SMM Fusion + * Limited
CHRC-Net interpretability.
Bisna EthmeqtNet B3 ACC = 92.40 .R.equlred
5 et al., + clinical AUC = 96.30 clinical
2025 data fusion o validation.

based analysis, graph construction, graph spectral feature ex-
traction, and classification. The block diagram of the proposed
method is shown in Fig. 1

A. PREPROCESSING

The green channel of colour fundus images from the China
Fundus CIMT dataset is used as it provides highest contrast
between the retinal vessels and the background. Contrast-
limited adaptive histogram equalization (CLAHE) is applied
to these images to improve the vessel visibility and suppress
non-uniform illumination [15]. The resulting image is then
normalized using min-max normalization to ensure a consis-
tent intensity range across samples.

B. MULTISCALE WAVELET ENERGY FEATURES

A multilevel 2-D discrete wavelet transform (DWT) [16]
is applied to the preprocessed image to capture the texture
characteristics at different spatial resolutions. At each level of
decomposition, the image is decomposed into one approxima-
tion (low frequency) subband and three detail subbands i.e.,
LH (horizontal), HL (vertical), and HH (diagonal). The spatial
resolution of each subband decreases as level of decomposition
increases and this leads to reduced number of coefficients at
higher levels. This enables the analysis of both fine and coarse
structural patterns present in the retinal images.

For each subband, the energy is computed as sum of squared
wavelet coefficients i.e., Ejp = > W, (i, j)2.

(2
Where, W, (i,j) denotes the ]Wavelet coefficient at level
[ and sub-band b. Direct comparison of energy values can
be misleading as it may introduce some bias towards lower
levels having large number of coefficients, so to address this
limitation, a normalized energy measure is employed to ensure
that energy values are independent of subband size:

~ 1 .
E, = N %: Wi (i, 5)?
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where N; represents the total number of coefficients in the
corresponding sub-band. To further characterize the high
frequency content, the total detail energy at each level is
computed by combining the horizontal, vertical and diagonal
components which represents the overall edge and texture
strength at a given scale (E'), . = E\, + EL, + ElL ).

In addition to capture how structural information is dis-

tributed across the scales, a relative energy measure (i.e.,
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decom%gsition levels. This relative measure provides a scale-
invariant energy representation, enabling consistent compari-
son across decomposition levels which highlights the relative
contribution of fine and coarse structural components. How-
ever, while wavelet energy features quantify the magnitude of
frequency components in each subband, they do not explicitly
capture the spatial organization of structural patterns.

C. AUTOCORRELATION-BASED SPATIAL ANALYSIS

2-D autocorrelation is applied to wavelet detail subbands to
capture the arrangement and persistence of vessel structures,
which act as discriminative features, as different structural
patterns may exhibit similar energy distributions. For each de-
composition level, the detail subbands LH, HL, and HH are
analyzed individually using the 2-D autocorrelation function.
For a given subband, W, ;(z,y), the autocorrelation map is
obtained by Ryp(u,v) = >, Wip(z,y)Wip(x + u,y +v).
Where, (u,v) denotes the spatial shift. The resulting map is
normalized with respect to its maximum value to ensure that
the representation is independent of absolute magnitude, and
the normalized autocorrelation map is denoted by Rl,b(U, v).
For each normalized autocorrelation map, three scalar descrip-
tors are extracted. The mean autocorrelation,

1 ~
ACrean = N uz; Rl,b(uv v)
represents the average spatial similarity across all shifts. The
standard deviation,

1
ACstd = \/N

captures the variation in correlation values, indicating how
structural similarity changes across the image. In addition, a
decay-based descriptor is computed from the central horizontal
profile of the normalized autocorrelation map
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: Overall framework of the proposed method for CVD risk prediction from retinal fundus images.

where w denotes the horizontal spatial shift from the au-
tocorrelation center, and the shift range is fixed from 5 to
19 pixels. This range was selected empirically to reduce the
influence of the central autocorrelation peak while preserving
meaningful spatial dependencies. This descriptor quantifies
the persistence of structural similarity at non-zero displace-
ments, where higher values indicate better preservation of
vascular organization typically associated with lower CVD
risk, whereas lower values reflect faster correlation decay and
greater structural irregularity often observed in CVD cases.

D. GRAPH-BASED SPECTRAL ANALYSIS

A graph-based representation is constructed using the auto-
correlation descriptors obtained from different wavelet decom-
position levels and sub-bands to capture the global structural
relationships in fundus images associated with CVDs [17].
This explicitly models the relationships between structures
across different levels and orientations, whereas the previously
extracted features capture only local frequency characteristics
and spatial organization. In retinal vasculature, structural char-
acteristics vary between normal and pathological conditions,
with CVDs associated with vascular abnormalities and changes
in vessel morphology [5]. These variations occur across differ-
ent scales and orientations. Therefore, it is important to capture
how these structures relate to one another.

1) Graph Construction: Each wavelet detail subband (hor-
izontal, vertical, diagonal) obtained from different decompo-
sition levels is treated as a node in the graph. In a three-
level decomposition, a total of nine nodes are formed corre-
sponding to the combinations of levels and orientations i.e.,
(LH,HL, HH). Each node in the graph is represented using a
feature vector constructed from the autocorrelation descriptors
e, f= [¢;L7¢Ua¢7—]'

The relationships between nodes are defined based on
cosine similarity of their corresponding feature vectors, which
measure the pairwise relationship between nodes. Subbands
exhibiting similar structural pattern produce similar autocor-
relation characteristics.
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The computed similarities are used to construct the adjacency
matrix A € RY*N | where N denotes the number of nodes.
A higher value of A; ; indicates stronger structural similarity
between the corresponding subbands.

2) Graph Spectral Analysis: Spectral analysis is performed
using the normalized graph Laplacian to capture the global
structural properties of the constructed graph. Degree matrix

J =

A



‘D;; = Y A;; is computed from the adjacency matrix A.

Where, Djw- = 0. The normalized graph Laplacian is then
defined as Ly,opm = I—D~Y2AD~/2[17]. Where, I denotes
the identity matrix. It reduces the influence of variations
in node degree. Since different subband nodes may have
different connectivity strengths, normalization ensures that the
spectral representation reflects relative structural relationships
rather than being dominated by highly connected nodes. The
eigenvalues of L, opm, denoted by 0 = A < Ay < -+ < Ay,
are computed, and the corresponding spectral features are
extracted to characterize the structural properties of the graph.
The second smallest eigenvalue Ao, known as the algebraic
connectivity is computed which reflects the overall connectiv-
ity between the subband nodes. In addition, Az is included
to capture higher-order variations in the spectral structure.
The largest eigenvalue and the standard deviation of eigen
values is computed to quantify the spread of graph spectrum.
Largest eigenvalue represents the maximum variation in the
graph, while the standard deviation of eigenvalues captures
the variability in structural relationships across the subband
nodes.

Furthermore, spectral entropy is computed from non-trivial
eigenvalues to characterize the complex relationships (i.e.,
degree of structural disorder) within the graph. Eigenvalues

are normalized (i.e., p; = A’;\j) to form a probability distri-

bution. Where, i, € [1, N ]] Lower entropy indicates a more
organized and consistent relationship between subband nodes,
whereas higher entropy corresponds to increased complexity
and heterogeneity in the graph structure. In addition, the non-
trivial eigenvalue spectrum is divided into low-, mid-, high-
frequency bands based on ascending order of eigenvalues.
The spectral energy in each band is computed as sum of
eigenvalues within that band. The normalized energy ratios
of these bands are computed to represent the spectral energy
distribution across different frequency components. These fea-
tures provide information about relative contribution of low
and high frequency structural variations.

Overall, graph-based spectral analysis extracts a set of dis-
criminative features that capture the structural organization of
relationships between wavelet subbands using autocorrelation-
based features. The constructed graph captures the struc-
tural similarities between subbands, and its spectral analysis
provides a compact representation of global structural or-
ganization. The extracted spectral descriptors, including A,
(connectivity), A3, largest eigenvalue, standard deviation of
eigenvalues, spectral entropy, and band energy distribution
capture the variations in inter-scale structural relationships.

E. FEATURE INTEGRATION AND CLASSIFICATION

The final feature representation is obtained by combining
the wavelet energy features, autocorrelation-based descriptors,
and graph-spectral features into a unified feature vector for
each retinal image. The wavelet energy features capture mul-
tiscale local frequency characteristics, autocorrelation features
describes spatial dependencies, and graph spectral features

model global structural relationships across scales and ori-
entations. These features are then used for classification to
distinguish between normal and pathological cases associated
with CVDs. Random forest is employed for classification
because of its ability to handle high-dimensional feature spaces
and capture non-linear relationships. Additionally, it does not
require strict feature scaling and works well with the proposed
feature set. The random forest classifier was implemented
using scikit-learn version 1.7.2 with 300 decision trees, a
maximum depth of 8, a minimum leaf size of 5, balanced
class weighting, and a fixed random seed of 42 to ensure
reproducibility.

IV. RESULTS AND DISCUSSIONS

The proposed approach illustrated in Fig. 1 is applied to
the retinal images from the China-Fundus-CIMT dataset, and
the results are presented in Table II. The dataset description is
provided below, and performance of the proposed framework
is evaluated using accuracy, precision, recall, F1-score, AUC,
and MCC. For brevity, E, AC, and GS denote wavelet energy,
autocorrelation, and graph spectral features, respectively.

TABLE II: Performance comparison of the proposed feature
configurations and fundus-only DL baselines.

Method Acc Prec Rec F1 AUC MCC
E 0.650 0.621 0.770 0.687 0.727 0.309
E + AC 0.720 0.672 0.860 0.754 0.798 0.458
E + AC + GS (Proposed) 0.735 0.677 0.900 0.772 0.800 0.498
DenseNet121 0.740 0.700 0.840 0.764 0.842 0.490
EfficientNet-BO 0.780 0.769 0.800 0.784 0.840 0.560

A. DATASET

The proposed approach was evaluated on the China Fundus-
CIMT dataset [18], which consists of bilateral high-resolution
retinal fundus images acquired from 2,903 patients. Each
subject underwent retinal imaging and carotid ultrasound
examination, during which carotid intima-media thickness
(CIMT) was measured. Based on the CIMT values, the images
were categorized into two groups: normal (CIMT < 0.9 mm)
and thickened (CIMT > 0.9 mm). The dataset was divided
into training, validation, and test sets using a patient-wise
split to prevent data leakage. This resulted in 5,206, 400,
and 200 retinal images for the training, validation, and test
sets, respectively. The corresponding normal/thickened class
distributions were 1398/3808, 200/200, and 100/100, and no
patient appeared in more than one subset.

B. RESULTS

The performance of the proposed framework is evaluated
using a random forest classifier across three feature configu-
rations: wavelet energy only, wavelet energy with autocorre-
lation, and the complete feature set. The energy-only config-
uration achieved an accuracy of 0.650 and an AUC of 0.727,
indicating that basic multiscale texture information provides
limited discriminative capability for CVD risk prediction. The
addition of autocorrelation features improved the performance,



achieving a test accuracy of 0.720 and an AUC of 0.798. This
improvement highlights the importance of extracting spatial
dependencies and structural patterns present in retinal vascu-
lature. Further improvement was observed when graph spectral
features were incorporated, where the proposed framework
achieved the best performance among the handcrafted feature
configurations, with a test accuracy of 0.735, Fl-score of
0.772, AUC of 0.800, and MCC of 0.498. This demonstrates
that modeling inter-scale and orientation relationships using
graph-spectral analysis provides additional discriminative in-
formation that is not captured by local features alone. The
progressive improvement from the energy-only configuration
to E+AC and subsequently to E+AC+GS suggests that auto-
correlation features contribute substantially to the performance
gain, while graph spectral descriptors provide complementary
discriminative information that further enhances classification
performance. In comparison, the fundus-only DL baselines,
DenseNetl121 and EfficientNet-B0, were trained and evaluated
using the same preprocessing pipeline and patient-wise dataset
split to ensure a fair comparison under identical experimental
conditions. Although these models achieved higher overall
accuracy and Fl1-score, the proposed framework attained the
highest recall (0.900), indicating an enhanced ability to iden-
tify high-risk CVD patients. This improved sensitivity reduces
the likelihood of missing positive cases and may therefore
be advantageous in screening applications requiring early
risk detection and timely clinical intervention. Moreover, the
proposed framework relies on computationally efficient hand-
crafted descriptors and a lightweight random forest classifier,
making it suitable for deployment in settings with limited data
availability and computational resources.

To further assess the robustness of the proposed feature rep-
resentation, additional experiments were conducted using sup-
port vector machine (SVM) with a radial basis function (RBF)
kernel and XGBoost under the same experimental settings.
Although the relative performance varied across classifiers,
random forest achieved the best overall performance among
the evaluated ML classifiers, demonstrating its suitability for
modeling heterogeneous feature representations.

V. CONCLUSIONS

In this work, a feature-driven framework for CVD risk
prediction from retinal fundus images is proposed. This
framework combines multiscale wavelet energy features,
autocorrelation-based spatial descriptors, and graph spectral
features to effectively capture local texture information, spatial
dependencies, and global structural relationships in retinal
vasculature. Experimental results show that progressively in-
corporating autocorrelation and graph spectral features im-
proves classification performance over the individual hand-
crafted feature configurations, as reflected by higher accu-
racy, Fl-score, AUC, and MCC, while attaining a recall
of 0.900 for identifying high-risk CVD patients. This high
sensitivity reduces the likelihood of missing positive cases
and may therefore be advantageous in screening applications
requiring early risk detection and timely clinical intervention.

The proposed framework offers a computationally efficient
feature-based alternative for CVD risk prediction by leveraging
structured representations derived from retinal images. By
integrating multiscale signal characteristics with spatial and
relational information, the proposed framework captures un-
derlying vascular patterns associated with CVDs. Furthermore,
its lightweight design makes it well suited for deployment
in settings with limited data availability and computational
resources.
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