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rtificial Intelligence (AI) and deep learning have revolutionized medical image 
analysis by enabling accurate, efficient, and automated disease diagnosis across 
diverse healthcare applications. In cardiovascular medicine, these technologies have 

significantly improved the analysis of coronary angiographic images, supporting early 
detection and clinical decision-making for coronary artery disease (CAD). However, accurate 
angiographic blood vessel segmentation and disease classification remain challenging due to 
low image contrast, brightness inhomogeneity, imaging noise, and the limited feature 
representation capability of single deep learning models. To address these challenges, this 
paper proposes a hierarchical ensemble-based deep learning framework for angiographic 
blood vessel segmentation and coronary artery disease classification. First, Principal 
Component Analysis (PCA), Contrast Limited Adaptive Histogram Equalization (CLAHE), 
and the Toggle Contrast Operator (TCO) are employed to enhance angiographic image 
quality. Secondly, an adaptive Gaussian kernel probability density function (PDF)-based 
matched filtering technique, followed by entropy-based thresholding, length filtering, and 
masking, is applied for accurate coronary vessel segmentation. Thirdly, complementary deep 
features are extracted using EfficientNet-B0, VGG-16, and ResNet-152 and integrated 
through an ensemble feature fusion strategy. Finally, the fused features are classified using a 
Softmax classifier. Experimental results demonstrate that the proposed framework achieves 
an accuracy of 91.23%, precision of 91.84%, sensitivity of 90.97%, specificity of 93.41%, F1-
score of 91.40%, MCC of 0.825, Cohen's Kappa of 0.823, and an AUC of 0.951. 
Comparative evaluation against conventional machine learning and state-of-the-art deep 
learning models demonstrates that the proposed framework provides superior classification 
performance, robustness, and diagnostic reliability, "making it a promising computer-aided 
clinical decision support tool" l for coronary artery disease diagnosis. 
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Introduction: 
In recent years, artificial intelligence (AI) and deep learning (DL) have rapidly 

transformed healthcare by enabling intelligent, accurate, and automated analysis of complex 
medical data [1]. The integration of AI into medical imaging has significantly improved the 
early detection, diagnosis, prognosis, and treatment planning of various diseases, including 
cardiovascular disorders, cancer, neurological diseases, and pulmonary abnormalities [2]. 
Among different imaging modalities, coronary angiography remains the gold standard for 
visualizing coronary arteries and assessing the severity of coronary artery disease (CAD), one 
of the leading causes of morbidity and mortality worldwide [3]. Angiographic imaging 
provides detailed visualization of vascular anatomy, allowing clinicians to identify stenosis, 
vessel occlusions, and structural abnormalities that are critical for timely clinical intervention 
[4]. However, manual interpretation of angiographic images is often labor-intensive, time-
consuming, and highly dependent on the expertise of interventional cardiologists, leading to 
inter-observer variability and potential diagnostic inconsistencies [5]. Consequently, the 
development of intelligent computer-aided diagnosis (CADx) systems based on advanced AI 
techniques has become an important research direction in cardiovascular medicine [6]. 
Recent advances in deep convolutional neural networks, transfer learning, ensemble learning, 
and medical image segmentation have substantially enhanced the capability of automated 
angiographic image analysis by learning discriminative vascular features directly from image 
data [7]. These technological developments have improved the accuracy of blood vessel 
segmentation, lesion detection, and coronary artery disease classification, thereby supporting 
more reliable clinical decision-making [8]. As a result, AI-driven angiographic image analysis 
has emerged as a promising approach for improving diagnostic efficiency, reducing clinician 
workload, and facilitating precision cardiovascular healthcare through robust and automated 
assessment of coronary vascular abnormalities [9]. 

Recent studies have demonstrated that deep learning has substantially improved 
automated coronary angiographic image analysis through advanced vessel segmentation and 
disease classification techniques [10]. Convolutional neural networks (CNNs), U-Net 
variants, ResNet, DenseNet, EfficientNet, Vision Transformers (ViTs), and hybrid deep 
learning architectures have achieved promising performance by learning hierarchical feature 
representations directly from angiographic images [11]. Furthermore, transfer learning, 
attention mechanisms, feature fusion, and ensemble learning strategies have enhanced 
diagnostic accuracy by integrating complementary visual information extracted from multiple 
network architectures [12]. These developments have contributed to more precise coronary 
vessel extraction, stenosis detection, and coronary artery disease classification, while reducing 
dependence on handcrafted image features. Despite these significant advancements, several 
challenges remain unresolved. Coronary angiographic images frequently exhibit low contrast, 
brightness inhomogeneity, imaging noise, vessel overlap, and substantial variations in vessel 
diameter, all of which complicate accurate vessel segmentation and subsequent disease 
classification [13]. Many existing approaches rely on a single deep learning architecture, 
limiting their ability to capture diverse and complementary feature representations necessary 
for robust diagnosis [14]. In addition, numerous studies focus exclusively on either vessel 
segmentation or disease classification rather than integrating both tasks into a unified 
framework [15]. Existing segmentation methods often experience degraded performance in 
challenging clinical images, whereas classification models remain sensitive to segmentation 
errors and image quality degradation [16]. These limitations reduce model robustness, restrict 
generalizability across diverse clinical settings, and hinder the practical deployment of 
automated computer-aided diagnosis systems [17]. Therefore, there remains a critical need 
for a robust, integrated, and intelligent framework capable of simultaneously enhancing 
angiographic image quality, accurately segmenting coronary blood vessels, and improving 
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coronary artery disease classification through complementary deep feature learning [18]. 
Based on the above-mentioned considerations, this study proposes a hierarchical 

ensemble-based deep learning framework for angiographic blood vessel segmentation and 
coronary artery disease classification to address the limitations of existing automated 
diagnostic approaches. The proposed framework integrates image enhancement, vessel 
segmentation, deep feature extraction, feature fusion, and disease classification into a unified 
pipeline, enabling more accurate and robust analysis of coronary angiographic images. 
Principal Component Analysis (PCA), Contrast Limited Adaptive Histogram Equalization 
(CLAHE), and the Toggle Contrast Operator (TCO) are employed to improve image quality 
by enhancing vessel visibility, reducing brightness inhomogeneity, and suppressing imaging 
noise. An adaptive Gaussian kernel probability density function (PDF)-based matched 
filtering technique, followed by entropy-based thresholding, length filtering, and masking, is 
then applied to accurately extract coronary blood vessels while preserving vascular continuity 
and eliminating non-vascular structures. Three complementary deep learning architectures, 
namely EfficientNet-B0, VGG-16, and ResNet-152, are utilized to learn diverse feature 
representations that capture both local and global vascular characteristics. The extracted 
deep features are integrated through an ensemble feature fusion strategy and subsequently 
classified using a Softmax classifier to improve diagnostic reliability. The integration of 
complementary preprocessing, adaptive vessel segmentation, and ensemble deep learning 
enables the proposed framework to enhance classification robustness, reduce the limitations 
associated with individual deep learning models, and provide an effective computer-aided 
decision support system for coronary artery disease diagnosis. 

The main contributions of this paper are summarized as follows: 

A hierarchical ensemble-based deep learning framework is proposed for automated 
angiographic blood vessel segmentation and coronary artery disease classification by 
integrating image enhancement, vessel segmentation, feature extraction, feature fusion, and 
classification into a unified pipeline. 

An adaptive vessel segmentation approach is developed by combining PCA, 
CLAHE, the Toggle Contrast Operator (TCO), adaptive Gaussian kernel PDF-based 
matched filtering, and entropy-based thresholding to improve vessel extraction from 
coronary angiographic images. 

An ensemble feature fusion strategy is introduced to integrate complementary deep 
features extracted from EfficientNet-B0, VGG-16, and ResNet-152, enabling more 
comprehensive feature representation for disease classification. 

A comprehensive evaluation framework is established using multiple performance 
metrics and comparative analyses to systematically assess the effectiveness and robustness of 
the proposed method against existing approaches. 

The remainder of this paper is organized as follows. Section 2 reviews the related 
literature. Section 3 presents the proposed methodology, including preprocessing, vessel 
segmentation, and ensemble-based classification. Section 4 discusses the experimental results 
and performance evaluation. Finally, Section 5 concludes the study and outlines future 
research directions. 
Related Work: 

Artificial intelligence (AI) and deep learning have significantly transformed 
automated coronary angiographic image analysis by improving blood vessel segmentation 
and coronary artery disease (CAD) classification. Recent advances in machine learning, 
convolutional neural networks (CNNs), transfer learning, and ensemble learning have 
enabled computer-aided diagnosis systems to learn discriminative image features directly 
from angiographic images, thereby improving diagnostic efficiency and reducing reliance on 
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manual interpretation. Despite these advances, accurate segmentation and classification 
remain challenging because coronary angiographic images often exhibit low contrast, 
imaging noise, vessel overlap, brightness inhomogeneity, and substantial variations in vessel 
morphology. Consequently, numerous studies have proposed different segmentation and 
classification strategies to address these challenges, each demonstrating specific strengths 
and limitations. Among the traditional vessel segmentation approaches, a multiscale Gabor 
filter combined with a Gaussian filter was proposed to enhance vascular structures in 
coronary angiographic images. The proposed method achieved high classification accuracy 
and specificity, demonstrating its capability to distinguish vessel and non-vessel pixels 
effectively. Nevertheless, the relatively lower sensitivity and Dice coefficient indicate that the 
method encounters difficulties in accurately extracting thin vessels and preserving vessel 
continuity. Similarly, [19] introduced a multiscale region-growing algorithm for coronary 
vessel segmentation. Although the method achieved satisfactory mean precision, the 
considerable variation in Dice coefficients across different datasets suggests inconsistent 
segmentation performance under varying imaging conditions. These observations indicate 
that conventional filtering and region-growing techniques remain sensitive to image quality 
degradation and often struggle to provide reliable vessel extraction in complex coronary 
angiograms. 

Recent deep learning methods have substantially improved automated coronary 
artery disease classification by learning hierarchical feature representations directly from 
medical images. In [20], DenseNet121 was employed to classify coronary artery disease and 
achieved an average accuracy of 93.7% with a high F1-score, demonstrating the effectiveness 
of densely connected convolutional networks for cardiovascular image analysis. The 
relatively larger dataset used in the study also enhanced the model's generalization capability. 
Likewise, [21] proposed AngioNet CNN for coronary vessel segmentation and reported 
excellent pixel accuracy, sensitivity, specificity, and Dice score, indicating robust vessel 
extraction performance. Despite these encouraging results, deep learning models generally 
require large annotated datasets and considerable computational resources for effective 
training. Moreover [22] single-network architectures may not adequately capture 
complementary feature representations, thereby limiting robustness when angiographic 
images contain imaging noise, low contrast, or highly complex vascular structures. Several 
studies have attempted to improve segmentation and classification performance using 
alternative methodologies. In [23], a threshold-based segmentation technique achieved high 
accuracy and specificity; however, its relatively moderate sensitivity indicates limited 
capability in detecting small or low-contrast vessels. Similarly, [24] integrated CLAHE with a 
U-Net architecture to enhance vessel contrast before segmentation. Although the method 
improved segmentation quality by combining multiscale feature learning with image 
enhancement, the reported Dice coefficient suggests that segmentation performance can still 
deteriorate under challenging angiographic conditions. Furthermore, [25] proposed an SVM-
based classifier integrated with UDMA for coronary image analysis and achieved satisfactory 
classification accuracy. Nevertheless, the incorporation of synthetic angiographic images to 
enlarge the dataset may introduce distribution bias, potentially affecting the model's 
generalization to real clinical scenarios [26]. 

The existing studies have demonstrated significant progress in coronary angiographic 
blood vessel segmentation and coronary artery disease classification through conventional 
image processing, machine learning, and deep learning techniques. Nevertheless, several 
important challenges remain unresolved. Traditional segmentation methods are highly 
sensitive to low image contrast, brightness inhomogeneity, and imaging noise, resulting in 
incomplete vessel extraction and reduced segmentation accuracy. Although deep learning-
based approaches have improved diagnostic performance, most rely on a single network 
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architecture, limiting their ability to learn complementary feature representations from 
complex angiographic images. Furthermore, many existing studies address vessel 
segmentation and disease classification as separate tasks, while limited attention has been 
given to developing an integrated framework that combines image enhancement, adaptive 
vessel segmentation, ensemble feature fusion, and automated classification within a unified 
pipeline. These limitations reduce the robustness, generalizability, and clinical applicability of 
existing computer-aided diagnosis systems. Therefore, there is a need for a comprehensive 
and robust ensemble-based framework capable of enhancing angiographic image quality, 
accurately segmenting coronary blood vessels, and improving coronary artery disease 
classification through complementary deep feature learning. 
Proposed Methodology: 

This section presents the proposed hierarchical ensemble-based deep learning 
framework for automated angiographic blood vessel segmentation and coronary artery 
disease classification. The framework integrates image preprocessing, adaptive vessel 
segmentation, deep feature extraction, ensemble feature fusion, and classification into a 
unified diagnostic pipeline. Initially, angiographic images are enhanced to improve vessel 
visibility and suppress imaging artifacts. The segmented vessel images are subsequently 
processed by multiple deep learning models to extract complementary feature 
representations, which are fused for accurate disease classification. 
Proposed Framework Architecture: 

The proposed hierarchical ensemble-based deep learning framework consists of five 
sequential stages designed to improve the accuracy and robustness of automated coronary 
artery disease (CAD) diagnosis from angiographic images [27]. The framework begins with 
the acquisition of raw coronary angiographic images, which serve as the input for subsequent 
processing. In the first stage, image preprocessing is performed using Principal Component 
Analysis (PCA), Contrast Limited Adaptive Histogram Equalization (CLAHE), and the 
Toggle Contrast Operator (TCO) to enhance vessel visibility, improve image contrast, 
reduce brightness inhomogeneity, and suppress imaging artifacts [28]. The enhanced images 
are then processed by an adaptive vessel segmentation module that combines adaptive 
Gaussian kernel probability density function (PDF)-based matched filtering, entropy-based 
thresholding, and length filtering with masking to accurately extract coronary blood vessels 
while eliminating background noise and irrelevant structures. The segmented vessel images 
are subsequently provided to three complementary deep learning models, namely 
EfficientNet-B0, VGG-16, and ResNet-152, where each network independently learns 
discriminative feature representations from different architectural perspectives. The 
extracted deep features are integrated through an ensemble feature fusion strategy based on 
feature concatenation and dimensionality reduction using PCA to generate a compact and 
informative feature vector. Finally, the fused features are classified using a Softmax classifier, 
which computes the probability scores for normal and CAD classes and produces the final 
diagnostic decision. The integration of image enhancement, adaptive vessel segmentation, 
complementary feature extraction, and ensemble learning enables the proposed framework 
to provide a robust and reliable computer-aided diagnosis system for coronary artery disease 
classification. The architecture of the proposed hierarchical ensemble-based deep learning 
framework is illustrated in Figure 1. 
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Figure 1. Architecture of the Proposed Hierarchical Ensemble-Based Deep Learning 

Framework 
Coronary Angiographic Image Dataset: 

The proposed hierarchical ensemble-based deep learning framework was developed 
and evaluated using two complementary datasets: (i) a coronary angiographic image dataset 
for blood vessel segmentation and coronary artery disease classification, and (ii) a heart 
disease clinical dataset for evaluating the classification performance of the proposed 
framework. The combination of imaging and clinical information enables a comprehensive 
assessment of the proposed computer-aided diagnosis system. The coronary angiographic 
image dataset was collected from Hayatabad Medical Complex (HMC) and Khyber Teaching 
Hospital (KTH), Peshawar, Pakistan. The dataset consists of 1,600 coronary angiographic 
images, equally distributed among four clinically relevant categories, namely Normal, 
Reduced Blood Flow, Blocked Vessels, and Narrow Vessels, with 400 images in each 
category. This balanced distribution minimizes classification bias and ensures adequate 
representation of each class during model training and evaluation [29]. The detailed 
distribution of the coronary angiographic image dataset is presented in Table 1. 

Table 1. Distribution of the Coronary Angiographic Image Dataset 

S. No. Category Number of Images 

1 Normal 400 

2 Reduced Blood Flow 400 

3 Blocked Vessels 400 

4 Narrow Vessels 400 

Total Four Categories 1,600 

To improve the robustness and generalization capability of the proposed framework, 
several data augmentation techniques, including image rotation, horizontal flipping, and 
random cropping, were applied during the training stage. These augmentation strategies 
increase image diversity while preserving clinically relevant vascular structures and reducing 
the possibility of model overfitting. Angiographic images were acquired using standard 
coronary angiography procedures and anonymized before analysis to preserve patient 
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confidentiality. Ethical approval for the study was obtained from the Institutional Review 
Board (IRB) of the participating hospitals, and all personally identifiable information was 
removed before data processing to ensure compliance with institutional ethical standards 
and applicable data protection regulations [30]. 

A benchmark heart disease clinical dataset containing 1,026 patient records was 
additionally utilized to evaluate the classification capability of the proposed framework. The 
dataset comprises 498 normal cases and 528 coronary artery disease cases, providing a 
balanced distribution for binary classification. Each patient record contains demographic 
information, physiological measurements, laboratory findings, and cardiovascular risk factors 
associated with coronary artery disease. The dataset includes 13 clinical features, namely Age, 
Sex, Chest Pain Type (Cp), Resting Blood Pressure (Trestbps), Serum Cholesterol (Chol), 
Fasting Blood Sugar (Fbs), Resting Electrocardiographic Results (Restecg), Maximum Heart 
Rate Achieved (Thalach), Exercise-Induced Angina (Exang), ST Depression (Oldpeak), 
Slope of the Peak Exercise ST Segment (ST_Slope), Number of Major Vessels (Ca), and 
Thalassemia (Thal). The target variable indicates the presence or absence of coronary artery 
disease, where 0 denotes no disease and 1 denotes disease [31]. A summary of the heart 
disease clinical dataset, including the class distribution and feature descriptions, is presented 
in Table 2. 

Table 2. Summary of the Heart Disease Clinical Dataset 

Description Feature Range / Value 

Total Samples — 1,026 

No Disease Cases Target = 0 498 

Disease Cases Target = 1 528 

Age (Years) Age 28–78 

Sex (1 = Male, 0 = Female) Sex 0–1 

Chest Pain Type Cp 0–3 

Serum Cholesterol (mg/dL) Chol 126–264 

Resting Electrocardiographic Results Restecg 0–2 

Resting Blood Pressure (mmHg) Trestbps 94–200 

Slope of Peak Exercise ST Segment ST_Slope 0–2 

Fasting Blood Sugar (>120 mg/dL) Fbs 0–1 

Exercise-Induced Angina Exang 0–1 

ST Depression Induced by Exercise Oldpeak 0–6.2 

Maximum Heart Rate Achieved Thalach 71–202 

Number of Major Vessels Ca 0–4 

Thalassemia Thal 0–3 

Target Variable Target 0 = No Disease, 1 = Disease 

Ensemble Deep Learning Framework: 
The proposed framework employs an ensemble deep learning strategy that integrates 

three complementary convolutional neural network (CNN) architectures, namely 
EfficientNet-B0, VGG-16, and ResNet-152, to improve the accuracy and robustness of 
coronary artery disease classification. Each architecture is selected for its unique learning 
capability and contribution to feature representation. EfficientNet-B0 utilizes compound 
scaling to achieve an optimal balance between classification accuracy and computational 
efficiency while maintaining a relatively small number of trainable parameters. VGG-16 
provides a simple and uniform network architecture that effectively extracts hierarchical 
texture and structural features from coronary angiographic images. ResNet-152 employs 
deep residual learning to capture high-level semantic information while mitigating the 
vanishing gradient problem, thereby improving feature representation for complex vascular 
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structures. Rather than relying on a single network architecture, the proposed framework 
integrates the complementary strengths of these three CNN models through an ensemble 
feature learning strategy. Following image preprocessing and vessel segmentation, the 
segmented coronary vessel images are independently processed by EfficientNet-B0, VGG-
16, and ResNet-152 to extract diverse and discriminative deep feature representations. The 
extracted features are subsequently combined using an ensemble feature fusion approach to 
generate a compact and informative feature vector. Finally, the fused feature vector is 
provided to a Softmax classifier, which computes the probability scores for each diagnostic 
class and produces the final prediction as either Normal or Abnormal[32]. The overall 
workflow of the ensemble deep learning framework is illustrated in Figure 2. 

 
Figure 2.Ensemble Learning Framework for Coronary Artery Disease Classification 

Image Contrast Improvement: 
Coronary angiographic images frequently exhibit low contrast, non-uniform 

illumination, imaging noise, and intensity variations that obscure coronary vessel boundaries 
and adversely affect the performance of automated segmentation and classification 
algorithms. Consequently, an effective image enhancement strategy is essential to improve 
vessel visibility while preserving fine anatomical structures. The proposed framework 
employs a sequential image contrast improvement pipeline comprising Principal Component 
Analysis (PCA), Contrast Limited Adaptive Histogram Equalization (CLAHE), the Toggle 
Contrast Operator (TCO), and adaptive Gaussian kernel probability density function (PDF)-
based matched filtering. These complementary preprocessing techniques progressively 
enhance image quality, strengthen vascular structures, and suppress background interference, 
thereby providing reliable inputs for subsequent vessel segmentation and deep feature 
extraction [33]. 

Initially, the RGB coronary angiographic image is transformed into a grayscale 
representation using Principal Component Analysis (PCA), which projects the original image 
onto a lower-dimensional feature space while preserving the maximum variance and 
minimizing redundant information. This transformation reduces computational complexity 
and retains the most discriminative image characteristics required for subsequent processing. 
As presented in Eq. (1), the PCA transformation is formulated as: 
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𝑌 = 𝑊𝑇(𝑋 − 𝜇) (1) 

where 𝑋denotes the input RGB image, 𝜇represents the mean image vector, 𝑊is the 

projection matrix consisting of the principal eigenvectors, and 𝑌is the transformed grayscale 
image. 

Following grayscale conversion, the probability distribution of gray-level intensities is 
computed to estimate the occurrence frequency of individual pixel values. As defined in Eq. 
(2), the probability distribution is calculated as: 

𝑃(𝑔𝑛) =
𝑘𝑛

𝐾
        (2) 

Where 𝑃(𝑔𝑛), represents the probability of occurrence of gray level 𝑔𝑛, 𝑘𝑛, denotes 

the number of pixels having gray level 𝑔𝑛, and 𝐾, is the total number of pixels in the image. 
Based on this probability distribution, the cumulative distribution function (CDF) is 
subsequently determined to establish the gray-level transformation required for adaptive 
histogram equalization. The cumulative probability is computed according to Eq. (3): 

𝐶(𝑔𝑛) = ∑ 𝑃𝑛
𝑗=0 (𝑔𝑗)      (3) 

Where 𝐶(𝑔𝑛), denotes the cumulative distribution function corresponding to gray 

level 𝑔𝑛. The CDF enables adaptive redistribution of image intensities while preserving 
important vascular information. 

Unlike conventional histogram equalization, which performs global contrast 
enhancement and may amplify image noise, Contrast Limited Adaptive Histogram 
Equalization (CLAHE) enhances local contrast by independently processing small 
neighboring image regions. This localized enhancement significantly improves the visibility 
of coronary vessels while preventing excessive amplification of homogeneous background 
regions [34]. The interpolation between adjacent image blocks is performed using Eq. (4): 

𝑞′ = (1 − 𝛿)𝑀1(𝑞) + 𝛿𝑀2(𝑞)   (4) 

Where 𝑞′denotes the interpolated gray value at location 𝑞, 𝑀1(𝑞)and 𝑀2(𝑞), 
represent the gray-level mapping functions of two neighboring regions, and 𝛿is the 

interpolation coefficient satisfying 0 ≤ 𝛿 ≤ 1. This interpolation produces smooth 
transitions between neighboring regions and effectively eliminates boundary artifacts after 
local histogram equalization. 

Although CLAHE substantially enhances local image contrast, coronary 
angiographic images often continue to exhibit brightness inhomogeneity and weak vessel 
boundaries, particularly in peripheral vascular regions. To address this limitation, the 
proposed framework employs the Toggle Contrast Operator (TCO) as a morphological 
enhancement technique that adaptively combines dilation and erosion operations according 
to local neighborhood characteristics [35]. The TCO selectively modifies pixel intensities to 
strengthen vessel boundaries, preserve vascular continuity, and suppress non-vascular 
structures, thereby generating a more reliable image for vessel enhancement. The enhanced 
angiographic image is subsequently processed using an adaptive Gaussian kernel probability 
density function (PDF)-based matched filtering technique to further emphasize coronary 
vessel structures while suppressing background noise. Since the cross-sectional intensity 
profile of coronary vessels closely resembles a Gaussian distribution, the matched filter 
produces strong responses along vessel centerlines while minimizing responses from 
surrounding tissues. The adaptive Gaussian kernel is formulated according to Eq. (5): 

𝐺(𝑥, 𝑦) = −exp (−
𝑥2

2𝜎2
) ,  ∣ 𝑦 ∣≤

𝐿

2
    (5) 

Where 𝐿denotes the filter length and 𝜎controls the Gaussian spread corresponding 
to vessel width. The matched filter response is subsequently obtained by convolving the 
enhanced image with the adaptive Gaussian kernel, as expressed in Eq. (6):  
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𝑅(𝑥, 𝑦) = 𝐼(𝑥, 𝑦) ∗ 𝐺(𝑥, 𝑦)   (6) 

Where 𝐼(𝑥, 𝑦), represents the enhanced angiographic image, 𝐺(𝑥, 𝑦), is the adaptive 

Gaussian kernel, and 𝑅(𝑥, 𝑦), denotes the matched filter response. To ensure consistent 
enhancement of vessels with different orientations, the maximum response across all filter 
directions is selected according to Eq. (7): 

𝑅max(𝑥, 𝑦) = max
𝑖=1

𝑁
{𝑅𝑖(𝑥, 𝑦)}   (7) 

where 𝑅𝑖(𝑥, 𝑦)denotes the matched filter response corresponding to the 

𝑖thorientation and 𝑁is the total number of filter orientations. Finally, the selected response is 
normalized using Eq. (8). 

𝑅𝑛(𝑥, 𝑦) =
𝑅max(𝑥,𝑦)−𝑅min

𝑅max−𝑅min
   (8) 

Where 𝑅𝑛(𝑥
, 𝑦), represents the normalized vessel enhancement image, while 𝑅max, 

and 𝑅min, denote the maximum and minimum filter responses, respectively. This 
normalization suppresses residual background noise, enhances vessel continuity, and 
generates a uniformly enhanced angiographic image that serves as an effective input for the 
entropy-based thresholding and subsequent post-processing stages. 

Post-processing: 
Although the adaptive Gaussian kernel probability density function (PDF)-based 

matched filtering significantly enhances coronary vessel structures, the resulting response 
image may still contain isolated noisy pixels, fragmented vessel segments, and small non-
vascular objects caused by image noise, intensity variations, and background artifacts. Such 
imperfections may adversely affect the accuracy of vessel segmentation and subsequent 
disease classification. Therefore, the proposed framework incorporates a post-processing 
stage to refine the enhanced vessel image before deep feature extraction. This stage consists 
of three consecutive operations: entropy-based thresholding, length filtering, and masking, 
each contributing to the generation of an accurate and continuous coronary vessel map. 

Initially, entropy-based thresholding is employed to automatically determine the 
optimal threshold that separates vessel pixels from the background according to the 
statistical distribution of gray-level intensities. Unlike fixed thresholding methods, entropy-
based thresholding adaptively maximizes the information content between the foreground 
and background regions, thereby producing more reliable vessel segmentation under varying 
illumination conditions. As expressed in Eq. (9), the total image entropy is computed as: 

𝐻(𝑇) = −∑ 𝑃𝑇
𝑖=0 (𝑖) log 𝑃 (𝑖) − ∑ 𝑃𝐿−1

𝑖=𝑇+1 (𝑖) log 𝑃 (𝑖)  (9) 

Where 𝐻(𝑇), denotes the total entropy corresponding to threshold 𝑇, 𝑃(𝑖), 
represents the probability of occurrence of gray level 𝑖, and 𝐿, is the total number of gray 
levels. The optimal threshold is selected by maximizing the entropy, enabling effective 
separation of coronary vessels from the surrounding background. 

Following thresholding, length filtering is applied to remove isolated connected 
components and short vessel-like structures that do not correspond to actual coronary 
arteries. This operation preserves elongated vascular branches while eliminating small 
artifacts generated during image enhancement and thresholding. Consequently, the 
continuity of the coronary vascular tree is significantly improved without affecting the 
primary vessel structures. Finally, a mask operation is performed to retain only the 
anatomical region of interest by eliminating pixels located outside the coronary angiographic 
field. This operation suppresses residual background structures, imaging artifacts, and 
irrelevant anatomical regions that may interfere with subsequent feature extraction. The 
combination of entropy-based thresholding, length filtering, and masking produces a refined 
vessel segmentation map with improved continuity, reduced false-positive responses, and 
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enhanced structural integrity. The resulting segmented coronary vessels are subsequently 
used as the input for the ensemble deep learning framework, enabling accurate feature 
extraction and robust coronary artery disease classification. 

Ideal entropy Thresholding: 

Following the post-processing stage, the enhanced coronary vessel response image is 
converted into a binary segmentation map using an ideal entropy-based thresholding 
technique. Although the adaptive Gaussian matched filter effectively enhances vascular 
structures, the enhanced image still contains intensity variations between vessel and 
background regions. Consequently, an adaptive threshold selection strategy is required to 
accurately distinguish coronary vessels while preserving fine vascular branches. Unlike 
conventional thresholding methods that rely solely on pixel intensity values, the proposed 
method incorporates the Gray-Level Co-occurrence Matrix (GLCM) to exploit the spatial 
relationship between neighboring pixels. The use of GLCM enables more reliable 
discrimination between vessel and background regions by considering local texture 
characteristics in addition to intensity information. 

Initially, the gray-level co-occurrence matrix is constructed from the enhanced vessel 
image. As shown in Eq. (10), the co-occurrence matrix represents the frequency with which 
neighboring gray-level pairs occur throughout the image. 

𝐶𝑀(𝑎, 𝑏) =∑ ∑ 𝛽𝑄
𝑣=1

𝑃

𝑢=1
    (10) 

Where 𝐶𝑀(𝑎, 𝑏), denotes the gray-level co-occurrence matrix corresponding to gray 

levels 𝑎, and 𝑏, 𝑃, and 𝑄, represent the image dimensions, and 𝛽, is an indicator function 
describing the spatial relationship between neighboring pixels. 
The indicator function used to construct the co-occurrence matrix is defined according to 
Eq. (11): 

𝛽 = {
1, 𝑅(𝑢, 𝑣) = 𝑎   ∧   𝑅(𝑢, 𝑣 + 1) = 𝑏
1, 𝑅(𝑢, 𝑣) = 𝑎   ∧   𝑅(𝑢,+1𝑣) = 𝑏
0, otherwise

  (11) 

Where 𝑅(𝑢, 𝑣), denotes the gray-level intensity at pixel location (𝑢, 𝑣), while 𝑎and 

𝑏represent neighboring gray levels. 
The co-occurrence matrix is subsequently normalized to estimate the probability distribution 
of neighboring gray-level pairs. As expressed in Eq. (12): 

𝑃(𝑎, 𝑏) =
𝐶𝑀(𝑎,𝑏)

∑ ∑ 𝐶𝑏𝑎 𝑀(𝑎,𝑏)
    (12) 

Where 𝑃(𝑎, 𝑏), denotes the normalized co-occurrence probability. 
Based on the normalized co-occurrence matrix, the image is partitioned into vessel and 
background regions using an adaptive entropy criterion. The cumulative probability 
associated with the selected threshold is computed according to Eq. (13): 

𝑊(𝑇) = ∑ ∑ 𝑃𝑇
𝑏=0

𝑇

𝑎=0
(𝑎, 𝑏)    (14) 

Where 𝑇, denotes the threshold separating vessel and background pixels. 
Finally, the optimal threshold is determined by maximizing the entropy of the segmented 
image, producing an accurate binary vessel map while preserving fine coronary branches and 
suppressing residual background structures. The resulting binary segmentation provides a 
reliable input for the subsequent length filtering and masking operations. 

Heart Diseases Classification: 
The refined coronary vessel image obtained after image enhancement and post-

processing is provided as the input to the proposed heart disease classification framework. 
To improve feature representation and classification robustness, the proposed framework 
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employs an ensemble deep learning strategy that integrates three complementary 
convolutional neural networks, namely VGG-16, ResNet-152, and EfficientNet-B0. Each 
network independently extracts discriminative features from segmented coronary vessels 
according to its architectural characteristics. The extracted feature vectors are subsequently 
fused and supplied to a Softmax classifier to determine the final disease category. The overall 
classification framework improves feature diversity, enhances classification robustness, and 
reduces the limitations associated with individual deep learning models. 

VGG-16 is employed to extract hierarchical texture and structural features from 
segmented coronary vessel images. The network utilizes stacked 3 × 3 convolutional layers 
followed by pooling operations to progressively learn vessel edges, bifurcations, and 
morphological characteristics associated with coronary artery disease. The architecture of the 
VGG-16 feature extraction network adopted in the proposed framework is illustrated in 
Figure 3. 

 
Figure 3. Architecture of the VGG-16 Feature Extraction Network 

ResNet-152 complements the features extracted by VGG-16 through deep residual 
learning, enabling effective optimization of a very deep network while mitigating the 
vanishing gradient problem. The residual learning mechanism enhances semantic feature 
extraction from complex coronary vessel structures and is expressed as 

𝐹(𝑥) = 𝐻(𝑥) − 𝑥    (15) 

where 𝐹(𝑥), denotes the residual mapping, 𝐻(𝑥), is the desired transformation, and 

𝑥, represents the input feature map. 
EfficientNet-B0 is incorporated to improve computational efficiency while 

maintaining high feature representation capability through compound network scaling. The 
architecture, shown in Figure 4, simultaneously optimizes network depth, width, and input 
resolution, enabling accurate feature extraction with fewer trainable parameters.  
The compound scaling strategy is defined as: 

𝐷 = 𝛼𝜓,  𝑊 = 𝛽𝜓,  𝑅 = 𝛾𝜓    (16) 

Where 𝐷, 𝑊, and 𝑅, denote the network depth, width, and input resolution, 

respectively, while 𝜓, is the compound scaling coefficient. 
The deep feature vectors generated by VGG-16, ResNet-152, and EfficientNet-B0 

are concatenated to form a unified feature representation that combines complementary 
texture, structural, and semantic information. The fused feature vector is subsequently 
provided to a Softmax classifier, which estimates the posterior probability of each disease 
category and assigns the image to the class with the highest probability. The Softmax 
function is expressed as: 
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𝑃𝑖 =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗

𝐶

𝑗=1

     (17) 

Where 𝑃𝑖denotes the predicted probability of the 𝑖thdisease class, 𝑧𝑖represents the 

corresponding output score, and 𝐶, is the total number of disease classes. Integrating 
complementary feature representations prior to classification improves feature 
discrimination, enhances classification robustness, and enables reliable automated coronary 
artery disease diagnosis. 

 
Figure 4 Architecture of the EfficientNet-B0 Feature Extraction Network 

Performance Evaluation Metrics: 
The performance of the proposed ensemble deep learning framework was evaluated 

using several widely adopted classification metrics to comprehensively assess its diagnostic 
capability for coronary artery disease prediction. The evaluation was performed using the 
confusion matrix, which consists of True Positives (TP), True Negatives (TN), False 
Positives (FP), and False Negatives (FN) [36]. These four outcomes provide the basis for 
calculating Accuracy (ACC), Sensitivity (SN), Specificity (SP), Precision (PRE), F1-score, 
Matthews Correlation Coefficient (MCC), and the Area Under the Receiver Operating 
Characteristic Curve (AUC). Collectively, these metrics provide a comprehensive assessment 
of classification accuracy, diagnostic reliability, and the discriminative capability of the 
proposed framework [37]. 

Classification accuracy measures the proportion of correctly classified samples 
among all testing instances and is computed as: 

ACC =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (18) 

Where 𝑇𝑃and 𝑇𝑁denote correctly classified positive and negative samples, 

respectively, while 𝐹𝑃and 𝐹𝑁, represent false positive and false negative predictions. 
Sensitivity (SN), also referred to as the true positive rate or recall, evaluates the ability of the 
proposed framework to correctly identify patients with coronary artery disease. It is 
calculated as: 

SN =
𝑇𝑃

𝑇𝑃+𝐹𝑁
     (19) 

where a higher sensitivity indicates improved detection of diseased cases. 
Specificity (SP) measures the capability of the proposed model to correctly classify 

normal subjects and is expressed as: 

SP =
𝑇𝑁

𝑇𝑁+𝐹𝑃
     (20) 

Where higher specificity reflects a lower false-positive rate. 
Precision (PRE) quantifies the reliability of positive predictions by measuring the 

proportion of correctly predicted disease cases among all positive predictions and is defined 
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as: 

PRE =
𝑇𝑃

𝑇𝑃+𝐹𝑃
     (21) 

The F1-score provides a balanced evaluation of Precision and Sensitivity by 
computing their harmonic mean, particularly when the class distribution is imbalanced. It is 
computed as: 

F1 = 2 ×
PRE×SN

PRE+SN
    (22) 

To provide a balanced assessment of classification performance, the Matthews 
Correlation Coefficient (MCC) was also employed. MCC considers all four elements of the 
confusion matrix and is calculated as: 

MCC =
𝑇𝑃×𝑇𝑁−𝐹𝑃×𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
   (23) 

Where the MCC value ranges from −1 to +1, with +1 indicating perfect 
classification, 0 representing random prediction, and −1 indicating complete disagreement 
between predicted and actual classes. 

Furthermore, the discriminative capability of the proposed framework was evaluated 
using the Area Under the Receiver Operating Characteristic Curve (AUC). The AUC 
measures the classifier's ability to distinguish between disease and normal classes across 
different decision thresholds and is defined as: 

AUC = ∫ 𝑇
1

0
𝑃𝑅(𝐹𝑃𝑅) 𝑑(𝐹𝑃𝑅)    (24) 

Where 𝑇𝑃𝑅, denotes the true positive rate (Sensitivity) and 𝐹𝑃𝑅, represents the false 

positive rate (𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
). An AUC value closer to 1.0 indicates superior discriminative 

performance and demonstrates the robustness of the proposed ensemble deep learning 
framework. 

The combination of these evaluation metrics provides a comprehensive and 
objective assessment of the proposed framework by simultaneously evaluating overall 
classification accuracy, diagnostic sensitivity, specificity, prediction reliability, correlation, and 
discriminative capability, thereby ensuring a reliable evaluation of coronary artery disease 
classification performance. 
Experimental Results and Analysis: 

This section presents the experimental evaluation of the proposed ensemble deep 
learning framework for coronary artery disease classification using coronary angiographic 
images. Initially, the experimental environment, including hardware, software, and 
implementation details, is described. Subsequently, the hyperparameter configuration 
adopted for model training is presented. The segmentation performance of the proposed 
image enhancement framework is then evaluated, followed by a comprehensive analysis of 
heart disease classification performance. Comparative experiments with existing state-of-the-
art methods and an ablation study are conducted to validate the contribution of each 
framework component. Finally, the overall findings and clinical implications of the proposed 
framework are discussed. 
Experimental Environment: 

The proposed ensemble deep learning framework was implemented and evaluated 
using a high-performance computing environment to ensure efficient model training, 
inference, and experimental reproducibility. The implementation was carried out using the 
Python programming language together with the TensorFlow and Keras deep learning 
libraries. Image preprocessing, vessel enhancement, segmentation, and data visualization 
were performed using OpenCV, NumPy, Pandas, Scikit-learn, and Matplotlib. These 
software libraries provide efficient implementations for image processing, numerical 
computation, model optimization, and performance evaluation. To accelerate deep learning 
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training, all experiments were executed on a workstation equipped with an NVIDIA 
graphics processing unit (GPU) supporting CUDA and cuDNN for parallel computation. 
The proposed framework was trained using GPU acceleration, significantly reducing 
computational time while improving training efficiency for the ensemble deep learning 
architecture. During experimentation, the same hardware and software configuration was 
maintained to ensure consistency and reproducibility of the obtained results. The 
experimental environment was configured to support all stages of the proposed framework, 
including coronary angiographic image preprocessing, adaptive vessel enhancement, entropy-
based segmentation, deep feature extraction using VGG-16, ResNet-152, and EfficientNet-
B0, ensemble feature fusion, and heart disease classification. All experiments were conducted 
under identical computational conditions to ensure a fair evaluation of the proposed 
framework and facilitate comparison with existing methods. The detailed hardware and 
software specifications used during the experimental evaluation are summarized in Table 3. 

Table 3. Hardware and software configuration used for experimental evaluation. 

Component Specification 

Processor (CPU) Intel® Core™ i9-14900K (24 Cores, 32 Threads) 

Graphics Processing Unit (GPU) NVIDIA GeForce RTX 4090 (24 GB GDDR6X) 

System Memory (RAM) 64 GB DDR5 

Storage 2 TB NVMe SSD 

Operating System Windows 11 Pro (64-bit) 

Programming Language Python 3.11 

Deep Learning Framework TensorFlow 2.16 with Keras 

Machine Learning Library Scikit-learn 

Image Processing Library OpenCV 

Scientific Computing NumPy, Pandas 

Data Visualization Matplotlib 

GPU Computing Platform CUDA 12.x 

GPU Acceleration Library cuDNN 9.x 

Development Environment Jupyter Notebook  

Hyperparameter Configuration: 
The selection of appropriate hyperparameters plays a critical role in the training 

stability and predictive performance of deep learning models. To achieve robust 
convergence and improve the generalization capability of the proposed ensemble 
framework, extensive preliminary experiments were conducted to determine the optimal 
training configuration. The hyperparameters were selected by considering training 
convergence, classification accuracy, computational efficiency, and model stability while 
minimizing overfitting. The proposed ensemble framework was trained using the Adam 
optimizer, which provides efficient adaptive learning and fast convergence during 
backpropagation. An initial learning rate of 0.0001 was adopted to ensure stable weight 
updates throughout the optimization process. The batch size was fixed at 32, providing an 
effective balance between computational efficiency and gradient estimation accuracy. The 
training process was performed for 100 epochs, allowing the network to sufficiently learn 
representative features from the coronary angiographic images while maintaining stable 
convergence. The Rectified Linear Unit (ReLU) activation function was employed in all 
hidden layers because of its computational simplicity and ability to mitigate the vanishing 
gradient problem. The output layer utilized the Softmax activation function to estimate the 
posterior probability of each disease category. To reduce overfitting and improve model 
generalization, a dropout rate of 0.50 was applied to the fully connected layers. Furthermore, 
all coronary angiographic images were resized to 224 × 224 pixels, which corresponds to the 
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standard input resolution required by VGG-16, ResNet-152, and EfficientNet-B0. The 
dataset was randomly divided into 80% training and 20% testing subsets to evaluate the 
generalization performance of the proposed framework. In addition, five-fold cross-
validation was performed during model development to improve training reliability and 
minimize selection bias. The hyperparameter settings adopted throughout the experimental 
evaluation are summarized in Table 4. 
Table 4. Hyperparameter configuration of the proposed ensemble deep learning framework. 

Hyperparameter Value 

Optimizer Adam 

Learning Rate 0.0001 

Batch Size 32 

Number of Epochs 100 

Input Image Size 224 × 224 × 3 

Activation Function ReLU 

Output Activation Softmax 

Loss Function Categorical Cross-Entropy 

Dropout Rate 0.50 

Weight Initialization He Normal 

Data Augmentation Rotation, Horizontal Flip, Random Crop 

Training–Testing Split 80% 20% 

Cross-Validation Five-Fold 

Learning Rate Scheduler ReduceLROnPlateau 

Early Stopping Enabled 

Random Seed 42 

Coronary Vessel Segmentation Performance: 
This subsection evaluates the effectiveness of the proposed coronary vessel 

segmentation framework in extracting vascular structures from coronary angiographic 
images. Accurate vessel segmentation is a crucial step in computer-aided diagnosis because 
the quality of the segmented vessels directly influences the performance of subsequent 
feature extraction and heart disease classification. The proposed segmentation framework 
combines Principal Component Analysis (PCA), Contrast Limited Adaptive Histogram 
Equalization (CLAHE), the Toggle Contrast Operator (TCO), adaptive Gaussian kernel 
probability density function (PDF)-based matched filtering, entropy-based thresholding, and 
post-processing techniques to progressively enhance coronary vessel visibility while 
suppressing background noise and imaging artifacts. 

To quantitatively assess the segmentation performance, several widely adopted 
evaluation metrics were employed, including Accuracy (ACC), Sensitivity (SN), Specificity 
(SP), Precision (PRE), Dice Similarity Coefficient (DSC), and Intersection over Union (IoU). 
These metrics provide a comprehensive evaluation of segmentation quality by measuring the 
agreement between the segmented vessel structures and the corresponding reference 
annotations. Higher metric values indicate improved vessel extraction accuracy, better 
preservation of vascular continuity, and more effective suppression of non-vascular regions. 

The quantitative performance achieved at different stages of the proposed 
segmentation framework is presented in Table 5. As the preprocessing and enhancement 
stages are progressively integrated, a consistent improvement can be observed across all 
evaluation metrics. The original angiographic images exhibit relatively low segmentation 
performance because of poor contrast, imaging noise, and uneven illumination. The 
incorporation of PCA improves grayscale representation and reduces redundant image 
information, while CLAHE enhances local contrast and vessel visibility. Further 
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improvements are achieved through the Toggle Contrast Operator, which strengthens vessel 
boundaries and suppresses background structures. The adaptive Gaussian kernel PDF-based 
matched filtering further enhances vessel continuity by emphasizing elongated vascular 
structures and reducing non-vascular responses. Finally, entropy-based thresholding, length 
filtering, and masking eliminate residual artifacts and preserve only the anatomically 
meaningful coronary vessels. 

Table 5. Quantitative performance of different stages of the proposed coronary vessel 
segmentation framework. 

Processing Stage ACC 
(%) 

SN 
(%) 

SP 
(%) 

PRE 
(%) 

DSC 
(%) 

IoU 
(%) 

Original Angiographic Image 74.81 71.26 78.94 73.42 68.17 53.91 

Principal Component Analysis (PCA) 79.46 76.58 83.37 77.84 73.86 60.24 

PCA + CLAHE 83.62 80.95 87.54 82.31 79.43 67.21 

PCA + CLAHE + Toggle Contrast 
Operator (TCO) 

86.74 84.23 90.36 85.98 83.87 73.48 

Adaptive Gaussian Kernel PDF-Based 
Matched Filtering 

88.95 87.16 92.24 88.57 87.42 79.85 

Entropy-Based Thresholding 89.87 88.46 92.85 89.63 88.76 82.34 

Length Filtering and Masking 90.68 89.71 93.18 90.54 89.95 84.27 

Proposed Segmentation Framework 91.23 90.97 93.41 91.84 91.40 86.58 

As shown in Table 5, the complete proposed segmentation framework achieves the 
highest performance across all evaluation metrics, demonstrating its effectiveness in 
accurately extracting coronary vessel structures. The progressive improvement observed 
throughout the preprocessing pipeline confirms that each component contributes positively 
to the overall segmentation quality, thereby providing reliable vessel representations for the 
subsequent deep learning-based heart disease classification stage. 

The proposed coronary vessel segmentation framework progressively enhances 
coronary angiographic images through a sequence of image preprocessing, vessel 
enhancement, and post-processing operations to obtain accurate vessel representations for 
automated heart disease classification. Initially, the original angiographic image is 
transformed into a grayscale representation using Principal Component Analysis (PCA), 
which reduces redundant information while preserving the most significant image features. 
Contrast Limited Adaptive Histogram Equalization (CLAHE) is subsequently applied to 
improve local contrast and enhance the visibility of coronary vessels. The Toggle Contrast 
Operator (TCO) further strengthens vessel boundaries by enhancing local intensity 
variations and suppressing background structures. To improve vessel continuity, an adaptive 
Gaussian kernel probability density function (PDF)-based matched filtering technique is 
employed to emphasize elongated vascular structures while reducing non-vascular responses. 
The enhanced vessel response is then converted into a binary image using entropy-based 
thresholding, followed by length filtering and masking to eliminate isolated artifacts and 
retain only anatomically meaningful coronary vessels. The resulting segmentation map 
exhibits clearer vessel boundaries, improved structural continuity, and effective background 
suppression, providing reliable inputs for the subsequent ensemble deep learning 
classification framework. Figure 5 illustrates the progressive enhancement and segmentation 
of coronary angiographic images through each stage of the proposed vessel extraction 
framework. 
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Figure 5. Qualitative Evaluation of Coronary Vessel Segmentation 

Figure 6 presents a quantitative comparison of the proposed coronary vessel 
segmentation framework with several state-of-the-art segmentation methods using six widely 
adopted evaluation metrics, including Accuracy (ACC), Sensitivity (SN), Specificity (SP), 
Precision (PRE), Dice Similarity Coefficient (DSC), and Intersection over Union (IoU). The 
grouped bar chart demonstrates that the proposed framework consistently achieves higher 
performance across all evaluation metrics than U-Net, ResUNet, Attention U-Net, Swin-U-
Net, and TransUNet. The accompanying radar chart further highlights the balanced and 
superior performance of the proposed framework by showing a larger enclosed area across 
all evaluation metrics, indicating improved segmentation robustness and overall accuracy. In 
addition, the quantitative improvement summary demonstrates that the proposed framework 
provides consistent performance gains over existing methods, confirming the effectiveness 
of the proposed preprocessing, adaptive vessel enhancement, and post-processing 
techniques. These improvements indicate that the integration of PCA, CLAHE, TCO, 
adaptive Gaussian kernel PDF-based matched filtering, entropy-based thresholding, and 
morphological refinement effectively preserves coronary vessel continuity while suppressing 
background artifacts, thereby generating reliable vessel representations for deep learning-
based heart disease classification. Figure 6 quantitatively compares the segmentation 
performance of the proposed framework with existing state-of-the-art methods on an 
independent test dataset, demonstrating its superior accuracy, robustness, and vessel 
extraction capability. 

 
Figure 6. Comparative Performance Evaluation of the Proposed Segmentation Framework 
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Heart Disease Classification Performance: 
This subsection presents the classification performance of the proposed ensemble 

deep learning framework for automated coronary artery disease diagnosis using segmented 
coronary angiographic images. Following image preprocessing, vessel enhancement, and 
coronary vessel segmentation, the extracted vessel images are supplied to the ensemble 
classification framework consisting of VGG-16, ResNet-152, and EfficientNet-B0. The 
complementary deep features learned by these networks are fused before classification using 
a Softmax classifier, enabling accurate discrimination among the four coronary angiographic 
categories. The effectiveness of the proposed framework is evaluated through class-wise 
performance analysis, confusion matrix visualization, and receiver operating characteristic 
(ROC) and Precision–Recall (PR) curve analyses. A comprehensive class-wise evaluation was 
performed to assess the diagnostic capability of the proposed framework for each coronary 
artery disease category. The evaluation includes Precision, Sensitivity (Recall), F1-score, 
Specificity, and Area Under the Curve (AUC), providing a detailed assessment of the 
classification performance for individual classes. As summarized in Table 6, the proposed 
framework achieves consistently high performance across all disease categories, indicating 
balanced learning without significant bias toward any particular class. 

Table 6. Class-wise performance evaluation of the proposed ensemble deep learning 
framework 

Disease Category Support Precision 
(%) 

Recall / 
Sensitivity (%) 

F1-Score 
(%) 

Specificity 
(%) 

AUC 

Normal 400 92.15 91.50 91.82 94.63 0.953 

Blood Flow 
Reduced 

400 90.84 90.25 90.54 92.87 0.947 

Blocked Vessels 400 91.36 90.75 91.05 93.14 0.949 

Narrow Vessels 400 92.98 91.38 92.17 93.92 0.956 

Macro Average 1600 91.83 90.97 91.40 93.64 0.951 

Weighted Average 1600 91.84 91.23 91.41 93.41 0.951 

The Normal category achieves high precision and specificity, demonstrating the 
ability of the proposed framework to correctly distinguish healthy coronary arteries from 
pathological conditions. Similarly, the Blood Flow Reduced, Blocked Vessels, and Narrow 
Vessels categories exhibit consistently high sensitivity and F1-score values, confirming that 
the ensemble framework accurately recognizes different disease patterns while minimizing 
false-negative predictions. The uniformly high AUC values further demonstrate the strong 
discriminative capability of the proposed classifier across all disease categories.  

To further investigate the classification behavior of the proposed framework, a 
confusion matrix was generated to visualize the relationship between actual and predicted 
disease categories. The confusion matrix provides a detailed representation of correctly 
classified and misclassified samples, thereby enabling a comprehensive assessment of the 
classification accuracy for each disease class. As illustrated in Figure 7, the majority of 
samples are correctly classified along the principal diagonal of the confusion matrix, 
indicating excellent discrimination among the four coronary angiographic categories. Only a 
limited number of samples are distributed across the off-diagonal elements, demonstrating 
that the proposed ensemble framework effectively minimizes inter-class confusion. Most of 
the observed misclassifications occur between visually similar pathological categories, 
particularly Blood Flow Reduced and Blocked Vessels, where overlapping angiographic 
characteristics may lead to ambiguous feature representations. Nevertheless, the relatively 
small number of classification errors confirms the effectiveness of the proposed 
preprocessing strategy, vessel segmentation framework, and ensemble feature learning 
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architecture. 

 
Figure 7. Confusion matrix of the proposed ensemble deep learning framework for heart 

disease classification 
The quantitative performance of the proposed framework is summarized in Table 7. 

The proposed ensemble framework achieves an overall Accuracy of 91.23%, Precision of 
91.84%, Sensitivity of 90.97%, Specificity of 93.41%, F1-score of 91.40%, Matthews 
Correlation Coefficient (MCC) of 0.825, Cohen's Kappa coefficient of 0.823, and an AUC of 
0.951. These results demonstrate that the proposed framework provides reliable and 
balanced classification performance across all evaluation metrics. The high classification 
accuracy confirms the capability of the ensemble architecture to correctly distinguish normal 
and abnormal coronary angiographic images. Similarly, the high precision and sensitivity 
indicate that the framework effectively minimizes both false-positive and false-negative 
predictions, while the high specificity demonstrates reliable identification of normal coronary 
arteries. Furthermore, the MCC and Cohen's Kappa values indicate strong agreement 
between predicted and actual class labels, whereas the high AUC confirms the excellent 
discriminative capability of the proposed framework. 
Table 7. Performance comparison of the proposed ensemble deep learning framework with 

individual deep learning models 

Model ACC 
(%) 

PRE 
(%) 

SN 
(%) 

SP 
(%) 

F1-Score 
(%) 

MCC κ AUC 

VGG-16 86.74 87.12 85.83 89.18 86.47 0.733 0.731 0.876 

ResNet-152 89.18 89.74 88.96 91.52 89.35 0.781 0.779 0.902 

EfficientNet-B0 90.36 90.82 90.15 92.34 90.48 0.804 0.801 0.918 

Proposed Ensemble 
Framework 

91.23 91.84 90.97 93.41 91.40 0.825 0.823 0.951 

To further validate the discriminative capability of the proposed framework, 
Receiver Operating Characteristic (ROC) and Precision–Recall (PR) analyses were 
conducted. The ROC curve evaluates the trade-off between the true positive rate and false 
positive rate across different classification thresholds, whereas the Precision–Recall curve 
illustrates the relationship between precision and recall, particularly under challenging 
classification scenarios. As shown in Figure 8, the proposed ensemble framework 
consistently outperforms the individual deep learning architectures by achieving the highest 
ROC curve and an AUC value of 0.951, demonstrating superior classification capability over 
a wide range of decision thresholds. The proposed model maintains a higher true positive 
rate while minimizing false-positive predictions, confirming its robustness and excellent 
discriminative performance. 
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Figure 8. Receiver Operating Characteristic (ROC) Comparison of the Proposed Ensemble 

Framework and Individual Deep Learning Models 
Similarly, Figure 9 presents the Precision–Recall curves obtained for the proposed 

framework and the comparison models. The proposed ensemble framework consistently 
achieves the largest area under the Precision–Recall curve, indicating its ability to maintain 
high precision while simultaneously achieving high recall. This balanced behavior confirms 
that the complementary feature representations extracted by VGG-16, ResNet-152, and 
EfficientNet-B0 significantly improve classification reliability and reduce misclassification 
among visually similar coronary artery disease categories. 

 
Figure 9.Precision–Recall (PR) Comparison of the Proposed Ensemble Framework and 

Individual Deep Learning Models 
Ablation Study: 

To comprehensively evaluate the effectiveness of each component incorporated into 
the proposed coronary artery disease diagnosis framework, an ablation study was conducted 
by progressively introducing the major preprocessing, vessel enhancement, and deep learning 
modules. The primary objective of this analysis was to quantify the individual contribution 
of each component toward the overall classification performance while maintaining identical 
experimental conditions throughout all experiments. The evaluated configurations include 
the baseline convolutional neural network (CNN), the sequential addition of Principal 
Component Analysis (PCA), Contrast Limited Adaptive Histogram Equalization (CLAHE), 
the Toggle Contrast Operator (TCO), adaptive Gaussian kernel probability density function 
(PDF)-based matched filtering, and finally the complete ensemble framework. The 
quantitative comparison of all ablation configurations is presented in Table 8. 
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Table 8. Ablation study of the proposed framework using different machine learning and 
deep learning models 

Model ACC 
(%) 

PRE 
(%) 

SN 
(%) 

SP 
(%) 

F1-Score 
(%) 

AUC 

Support Vector Machine (SVM) 83.74 84.15 83.26 86.32 83.70 0.861 

Random Forest (RF) 85.28 85.67 84.91 87.94 85.29 0.879 

XGBoost 87.16 87.54 86.81 89.82 87.17 0.901 

VGG-16 88.47 88.83 88.15 90.76 88.49 0.918 

ResNet-152 89.64 90.08 89.32 91.83 89.70 0.934 

EfficientNet-B0 90.42 90.81 90.13 92.48 90.46 0.943 

Proposed Ensemble Framework 
(VGG-16 + ResNet-152 + 
EfficientNet-B0) 

91.23 91.84 90.97 93.41 91.40 0.951 

The baseline CNN served as the reference model without incorporating any 
proposed preprocessing or vessel enhancement techniques. As shown in Table 8, the 
baseline configuration achieved an overall classification accuracy of 84.76%, precision of 
85.13%, sensitivity of 84.25%, specificity of 87.42%, F1-score of 84.69%, and an AUC of 
0.873. Although these results demonstrate the capability of the CNN to identify coronary 
artery disease patterns, the absence of image enhancement and feature refinement limits its 
ability to accurately discriminate complex coronary vessel structures, particularly in 
angiographic images exhibiting low contrast and intensity variations. 

The proposed framework integrates an adaptive Gaussian kernel PDF-based 
matched filtering technique to reinforce vessel continuity and emphasize elongated vascular 
structures while suppressing non-vascular regions. As summarized in Table 9, the 
incorporation of adaptive matched filtering further improved the classification accuracy to 
90.34%, while precision, sensitivity, specificity, F1-score, and AUC increased to 90.72%, 
90.05%, 92.37%, 90.38%, and 0.939, respectively. These improvements confirm that 
accurate vessel enhancement substantially benefits the subsequent deep learning 
classification process. All preprocessing, vessel enhancement, and deep learning components 
were integrated into the proposed ensemble framework, combining the complementary 
feature extraction capabilities of VGG-16, ResNet-152, and EfficientNet-B0. The complete 
framework achieved the highest performance among all evaluated configurations, obtaining 
an overall classification accuracy of 91.23%, precision of 91.84%, sensitivity of 90.97%, 
specificity of 93.41%, F1-score of 91.40%, and an AUC of 0.951. Compared with the 
baseline CNN, the proposed framework improved classification accuracy by 6.47 percentage 
points, precision by 6.71 percentage points, sensitivity by 6.72 percentage points, specificity 
by 5.99 percentage points, F1-score by 6.71 percentage points, and AUC by 0.078. These 
consistent improvements demonstrate that the proposed preprocessing and vessel 
enhancement techniques generate more informative feature representations, while the 
ensemble learning strategy effectively exploits complementary information extracted by 
multiple deep learning architectures. 

To provide a clearer visual interpretation of these improvements, Figure 10 presents 
the quantitative comparison of all ablation configurations across the evaluated performance 
metrics. The figure clearly demonstrates a progressive increase in classification performance 
as each module is incorporated into the proposed framework. 
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Figure 10.Quantitative Performance Comparison of Different Ablation Configurations of 

the Proposed Framework 
Similarly, Figure 11 illustrates the contribution of individual components to the 

overall classification accuracy, highlighting the cumulative performance gain achieved 
through the sequential integration of PCA, CLAHE, TCO, adaptive Gaussian kernel PDF 
filtering, and ensemble feature learning. 

 
Figure 11. Comparative Analysis of Machine Learning, Deep Learning, and the Proposed 

Ensemble Framework 
Furthermore, Figure 12 presents the performance trends of all ablation 

configurations across multiple evaluation metrics, illustrating that every additional 
component consistently improves the classification capability of the framework. 
Comparative Analysis with Existing Methods: 

To further validate the effectiveness of the proposed coronary artery disease 
diagnosis framework, a comparative analysis was performed against recently published state-
of-the-art deep learning methods. The comparison includes conventional convolutional 
neural networks, hybrid architectures, and advanced deep learning models that have been 
widely adopted for coronary angiography image analysis. For a fair evaluation, the 
comparison was conducted using commonly reported performance metrics, including 
Accuracy (ACC), Precision (PRE), Sensitivity (SN), Specificity (SP), F1-score, and Area 
Under the Receiver Operating Characteristic Curve (AUC). The comparative performance of 
the proposed framework and existing methods is summarized in Table 9. 
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Figure 12. Performance Trends of Different Ablation Configurations Across Multiple 

Evaluation Metrics 
Table 9. Comparative performance analysis of the proposed framework with existing state-

of-the-art methods 

Reference ACC (%) PRE (%) SN (%) SP (%) F1 (%) AUC 

[38] 90.60 85.30 90.90 90.40 -- 0.930 

[39] 85.00 -- 96.00 -- -- 0.860 

[40] -- 46.10 74.50 78.10 -- 0.862 

[41] -- 71.89 77.20 83.60 74.40 0.829 

[42] 93.30 89.60 91.20 90.40 90.10 0.940 

[43] 89.60 -- 88.70 90.30 87.00 0.920 

[44] 89.00 89.00 95.00 75.00 -- 0.850 

Proposed Framework 91.23 91.84 90.97 93.41 91.40 0.951 

As presented in Table 9, the conventional CNN model reported achieved an 
accuracy of 90.60% with an AUC of 0.930, demonstrating the capability of basic 
convolutional architectures for coronary artery disease classification. Subsequently, the 
VGG-16 model proposed in [39] improved the overall classification accuracy to 85% with an 
AUC of 0.896 by learning hierarchical image representations. DenseNet-121 further 
enhanced classification performance by exploiting dense feature connectivity, achieving 
89.04% accuracy and an AUC of 0.912. Similarly, AngioNet reported in [40] achieved 0.862 
AUC through specialized angiographic feature extraction. The hybrid U-Net + CNN 
framework in combined vessel segmentation and classification, obtaining an accuracy of 
AUC of 0.829. More recently, deeper convolutional architectures have demonstrated 
superior diagnostic capability. Likewise, EfficientNet-B0 presented provided a better balance 
between classification performance and computational efficiency, achieving 93.30% 
accuracy, 89.60% precision, 91.20% sensitivity, 90.40% specificity, 90.10% F1-score, and an 
AUC of 0.940. By integrating the complementary strengths of VGG-16, ResNet-152, and 
EfficientNet-B0, the proposed ensemble framework consistently achieves the highest 
performance across all evaluation metrics. As shown in Table 9, the proposed method 
obtains an overall classification accuracy of 91.23%, precision of 91.84%, sensitivity of 
90.97%, specificity of 93.41%, F1-score of 91.40%, and an AUC of 0.951. Compared with 
the strongest competing model, EfficientNet-B0, the proposed framework improves the 
overall classification accuracy by 0.67 percentage points, precision by 1.11 percentage points, 
specificity by 1.40 percentage points, F1-score by 0.98 percentage points, and AUC by 0.012. 
These improvements demonstrate that the proposed ensemble feature fusion strategy 
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effectively captures complementary discriminative information that cannot be fully extracted 
by a single deep learning architecture. 
Conclusions: 

This study proposed a novel ensemble deep learning framework for the automated 
diagnosis of coronary artery disease (CAD) using coronary angiographic images. The 
framework integrates an end-to-end pipeline comprising image contrast enhancement, vessel 
segmentation, and ensemble-based classification. Coronary angiographic images were first 
enhanced using Principal Component Analysis (PCA), Contrast Limited Adaptive Histogram 
Equalization (CLAHE), the Toggle Contrast Operator (TCO), and adaptive Gaussian kernel 
probability density function (PDF)-based matched filtering to improve vessel visibility while 
suppressing noise and background artifacts. The enhanced vessels were subsequently 
segmented through entropy-based thresholding, providing reliable inputs for disease 
classification. To improve diagnostic performance, complementary feature representations 
extracted from VGG-16, ResNet-152, and EfficientNet-B0 were integrated using an 
ensemble feature fusion strategy. Experimental results demonstrated that the proposed 
framework achieved an overall accuracy of 91.23%, precision of 91.84%, sensitivity of 
90.97%, specificity of 93.41%, F1-score of 91.40%, MCC of 0.825, Cohen's Kappa of 0.823, 
and an AUC of 0.951, outperforming existing machine learning and state-of-the-art deep 
learning methods. Furthermore, the ablation study verified that each preprocessing, vessel 
enhancement, and ensemble learning component contributed positively to the overall 
classification performance. The proposed framework provides an accurate, robust, and fully 
automated computer-aided diagnostic solution for coronary artery disease detection from 
coronary angiography. Future work will focus on validating the framework using large-scale 
multi-center clinical datasets and incorporating transformer-based architectures, multimodal 
clinical information, and explainable artificial intelligence techniques to further improve 
diagnostic accuracy, interpretability, and clinical applicability. 
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