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Abstract 

Coronary artery disease (CAD) remains the leading cause of mortality worldwide, with invasive 
coronary angiography (ICA) being the standard method for diagnosis and intervention. However, 
manual interpretation of angiographic videos is time-consuming, prone to observer variability, and limited 
in real-time applications. In this thesis, we present a fully automated deep learning pipeline for ICA 
video analysis, integrating frame selection, anatomical classification, procedural detection, and 
stenosis identification. 

The dataset consisted of 11,929 anonymized ICA videos from 767 patients. Pre-processing in- 
cluded anonymization of DICOM files, and binary coding of diagnosis that where given by the 
General Hospital of Lamia. The pipeline of the research includes automatic frame selection us- 
ing vesselness filtering, a Frame Score metric and structural similarity index (SSIM). Anatomical 
classification between left (LCA) and right (RCA) coronary arteries was performed using a fine- 
tuned AlexNet model, achieving excellent performance (AUC = 0.991). Procedural frame detection, 
specifically balloon inflation was addressed using a Vision Transformer (ViT-Base) model, giving 
very strong classification results. Finally, stenosis detection and localization were implemented 
with AlexNet, achieving AUCs of 0.963–0.984 across proximal, middle, and distal RCA segments, 
with similarly high accuracy for LCMA, LAD, and LCx segments. During testing, predictions were 
made frame-by-frame across each video, and a majority voting scheme was applied to assign the 
final video-level label. 

Compared to previous approaches, which typically relied on static CCTA images or isolated ICA 
frames and addressed single tasks, our work introduces the first end-to-end automated pipeline for 
full ICA videos, encompassing both anatomical and clinical event recognition. 

This study presents an end-to-end automated pipeline for ICA video analysis, integrating 
anatomical classification, procedural event detection, and stenosis identification with automatic 
frame selection. The system achieved state-of-the-art results on a large multi-patient dataset and 
demonstrates significant potential to assist clinicians in diagnosis, interventional guidance, and 
treatment planning. 
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1 Introduction 

Coronary angiography is an invasive imaging procedure used to provide visualization information 
about the coronary arteries and support the diagnosis and therapeutic intervention of coronary artery 
disease. The procedure produces real time X-ray video sequences, in which the vessels are highlighted 
by contrast medium (iodine-based radio-opaque dye), allowing the assessment of their anatomy and 
blood flow. Although it remains a very important procedure, the interpretation of angiography is 
challenging due to factors like contrast flow, overlapping vessels, image quality, real time 
performance and many pathological features. Until recently, the manual selection of frames and the 
classification by experts has been time consuming and error-prone. These challenges motivate the 
development of automated computational approaches that can assist cardiologists by improving 
efficiency, reproducibility, and diagnostic accuracy. 

 

1.1 Anatomy of the Heart and Imaging of Coronary Vessels 

The standard anatomy of the coronary artery, Figure 1 includes the left main coronary artery 
(LMCA), which bifurcates into the left anterior descending artery (LAD) and the left cirmumflex 
artery (LCx). The LAD descends consistently along the anterior interventricular groove, while 
the LCx follows the atrioventricular groove that supplies the lateral and posterior walls of the left 
ventricle. The LAD and LCx part of the LCA divides into 3 segments: 

• The proximal segment, which extends from its origin at the bifurcation to the first major 
septal branch; 

• The mid segment which includes the first and second septal; 

• The distal segment which continues beyond the second septal branch toward the apex. 

The right coronary artery (RCA) exhibits variability in curvature and length transverse to the right 
atrioventricular sulcus. It is also divided into three segments: the proximal segment, from its origin 
at the right coronary sinus to the first acute marginal branch; the mid segment from the acute 
marginal branch to the crux of the heart; and the distal segment which goes beyond the crux to 
give rise to the posterior descending artery (PDA) . 

Institutional Repository - Library & Information Centre - University of Thessaly
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Figure 1: A representation of Heart anatomy 1 

 
The coronary angiography procedure is performed primarily to obtain detailed imaging of the 

heart’s vascular anatomy, with a particular focus on the coronary arteries and associated structures. 
The main goal is to visualize the coronary vessels through the use of intravenous contrast medium 
injection, therefore facilitating an accurate assessment of cardiac morphology and function. Specific 
diagnostic aims include the identification of the main coronary arteries in relation to the aortic root, 
visualization of the left coronary main artery (LCMA), the left anterior descending (LAD), the left 
circumflex artery (LCx) and the right coronary artery (RCA), and the measurement of the aortic 
diameter. Through this procedure, clinicians can detect abnormalities in the heart, such as vessel 
stenosis, atheromatic plaques, or the status of previous interventions, such as stent placement. 

 

1Image adapted from [1]. 
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Figure 2: LCA and RCA example 

 
The imaging system used to acquire the videos is often called ”C-arm”. The X-ray source is 

positioned below the patient, while the detector is placed above the thoracic cavity. The X-beam 
travels in an upward direction through the chest to the direction of the detector, producing an image 
based on different attenuation of the X-rays. A typical C-arm is shown in Figure 3. 
 

Figure 3: Three-dimensional reconstruction of coronary arteries 2 

 
2Image adapted from [2]. 
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The image geometry includes antero-posterior view (AP), cranial view (CRA), caudal view 
(CAU), and the LCA, RCA, AP. In cranial view (CRA) the X-beam is angled upward from the feet 

to the head of the patient, its particularly useful for visualizing the LAD and its diagonal branches. 
In caudal views (CAU) the X-ray beam is angled downward from the head to the feet of the 

patient, visualizing the LCx and obtuse marginal branches. The antero-posterior (AP) refers to a 
straight frontal projection, without cranial or caudal tilt; it is used to assess the overall outline of 
the coronary tree. These projections enable an accurate assessment of coronary morphology and 

support clinical decision-making during diagnosis or procedures. 

 

1.2 Related work 

In [3] a real time radiation dose monitoring system was developed using DICOM data and leveraging 
the Modality Performed Procedure Step (MMPS) to automatically capture dose information during 
coronary angiography. This pioneering real-time DRL framework not only enhances dose tracking but 
also provides procedural feedback. 

While in [4] an automatic method for selecting the most appropriate frame from coronary 
angiographic videos was proposed. The approach applies classical image processing filters based 
on the eigen-analysis of the Hessian matrix, such as Canny[5], Sato [6], Frangi [7], Mejering [8] 
and selects the frame with the highest contrast, achieving a 85.7% accuracy with the Sato filter. 
The authors provided quantified evaluation of their method based on frames selected by cardiology 
experts, but they do not identify specific placement of the vessels. 

The authors of [9] present a Deep AngioKey model, which automates the extraction of keyframes 
from coronary angiography videos by identifying the frame where vessel structures are most visible. 
The approach is based on a U-net architecture and achieved an accuracy of 98.1% with an average 
frame distance of 1,63 from expert selected keyframes. However, the method evaluates frames 
independently and requires further validation on diverse datasets. 

A systematic approach, often used by clinicians is the Syntax Score [10], an angiographic classifi- 
cation designed to quantify the complexity of coronary artery disease in patients with left main and 
three-vessel CAD. In [11] an approach is proposed that did not use deep learning networks and clas- 
sification procedures, while utilizing the SYNTAX Score. For each lesion, the specialists classified 
its anatomical characteristics: Location (proximal, mid, distal, ostial), lesion length, whether it was 
bifurcation/trifurcation, tortuosity, calcification, thrombus, diffuse disease. All these parameters 
were then scored and summed giving the SYNTAX Score for the patient. 

In [12] the paper introduces a feature-based model for coronary vessel segmentation, without 
labeling them. The proposed approach fuses classical filter-based features with deep neural network 
representations. These are fed into ensemble classifiers Gradient Boosting Decision Tree (GBDT) and 
Deep Forest, which achieved AUROC 95%, and F1 score 87%, with notably high specificity 99% 
on a test set of 130 images. The ground truth vessel masks were created manually by experts and 
were used as the reference standard for training and evaluating the segmentation models. 

A number of approaches were focused on U-net architectures. More specifically, in [13] a DR- 
LCT-UNet was introduced in order to improve coronary segmentation in Coronary Computed To- 
mography Angiography (CCTA) scans. The model extended the 3D U-Net by incorporating Dense 
Residual and Local Contextual Transformer modules, achieving a high Dice Similarity Coefficient 
(DSC) of 85.8%. The ground truth annotations and the appropriate keyframe extraction were de- 
cided by medical specialists. However, the study reported limited comparisons with other methods 
and lacked detailed training settings. 

Institutional Repository - Library & Information Centre - University of Thessaly
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Similarly in [14] the paper uses a SE-RegUNet, which integrates RegNet encoders with squeeze- 
and-excitation (SE) blocks to improve feature extraction for coronary vessel segmentation from 
X-ray angiography images. A two-step preprocessing pipeline was applied to improve image con- trast 
and vessel delineation. The ground truth was established with the assistance of cardiologists, who 
selected a key frame with optimal vessel opacification for each patient and generated consensus- based 
coronary masks. Using the open-access segmentation tool MedSeg, the vessels were manu- ally 
traced to produce the final ground truth masks. The best-performing variant—SE-RegUNet 4GF—
achieved a Dice score of 0.72 and accuracy of 0.97 on internal test data. The external vali- dation on 
the DCA1 dataset slightly improved with a Dice score of 0.76, supporting the robustness of the 
method. 

In [15] the paper uses a TVS-Net(Temporal Vessel Segmentation Network), a 2D+time neural 
network that combines a Dense 3D encoder with 2D decoder, to include temporal information 
from angiography frames. The network generates a binary segmentation of the coronary vessels, 
without any localization of the vessels. Results are presented using frames, manually annotated by 
specialists. The authors report a DCS of 83.4% on the internal test set, while external validation 
had slightly lower performance. 

Stenosis classification is another important objective in coronary angiography. In [16] the au- 
thors evaluated eight state-of-the-art object detection networks for real-time coronary artery steno- 
sis detection in invasive angiography, without any classification of the vessel placement in the heart. 
The Faster R-CNN Inception ResNet V2 achieved the highest accuracy (mAP 0.95, F1-score 0.96), while 
SSD MobileNetV2 delivered the fastest inference (38 fps, mAP 0.83, F1-score 0.80) and The R-FCN 
ResNet-101V2 model provided the best balance (mAP 0.94, F1-score 0.96). Keyframe ex- traction 
happened manually from specialists which labeled the frames with bounding boxes around stenotic 
regions, which served as the ground truth. 

Another approach by [17] implements an integrated deep learning framework combining seg- 
mentation and classification on coronary angiography images. Specifically, they performed a binary 
classification for the existence of stenosis and tested multiple networks for vessel segmentation. They 
compared segmentation models (U-Net, UNet++, ResUNet-a), with U-Net achieving the highest 
accuracy DCS 84%. In terms of classification, DenseNet201 outperformed other pretrained models, 
reaching an accuracy of 90%. The angiography frames were selected by cardiology experts during 
routine diagnostic procedures then manually delineated the coronary vessels to produce 
segmentation masks. 

The CathAI system was introduced in [18], as a multi-stage deep learning pipeline designed to 
fully automate the interpretation of coronary angiograms. The pipeline consists of four neural 
networks, each tailored for a specific task: projection angle classification, anatomical structure 
identification, object localization and stenosis severity estimation. This system identifies the right 
and Left coronary arteries (RCA and LCA respectively) and predicts the stenosis classified into two 
severities (above or below 70%). Frame selection is automated using a very simple method based 
on SSIM. While the modular approach and real-time capability seem to have great results, the 
low accuracy in bounding-box localization ( 48% Mean Average Precision) and variability across 
external datasets suggest further improvement. 

The work of [19] presents an AI-based Quantitative Coronary Angiography (AI-QCA) system 
to quantify vessel stenosis. The algorithm identifies the minimum lumen diameter (MLD) location and 
computes stenosis metrics on the major coronary arteries. In this approach, the appropriate frame is 
manually selected and three different neural models are applied to generate the vessel segmentation. 
Stenosis is then quantified by measuring the vessel width perpendicularly to its 
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medial axis. 
In [20] the authors proposed an end-to-end deep learning model, built on pre-existing Curved 

Multiplanar Reformats (cMPR) of coronary CCTA scans, where the arteries were already known to 
contain stenosis, to detect moderate (>50%) and severe (>70%) stenosis in the LAD, RCA, and LCX 
arteries, the ground truth was identified by specialists. They authors applied a transfer learning 
approach, including an EfficientNet, ResNet, DenseNet, and Inception-ResNet, with class-weighted 
strategies. Activation maps as heatmaps were included for understanding and the model achieved AUROC 
values of 0.95/0.94 (LAD), 0.92 (RCA), and 0.88 (LCX) with the use of EfficientNetB3/B0. The 
authors mentioned limited external validation. The following Table summarizes the details of the 
aforementioned works. 
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Study Year Modality Detect 

Stenosis 
Stenosis Lo- 
calization 

Vessel Seg- 
mentation 

Vessel 
belling 

La- Frame Selection Other Processing Dataset Size Method 

 
[20] 

 
2025 

 
CCTA 

 

YES (>50, 
>70) 

 

LAD,  RCA, 
LCx 

 
NO 

 
NO 

 
 
MANUAL 

 
cMPRs 

 
6,293 CT scans 

 
cMPRs 

[14] 2024 ICA NO NO YES NO 
 

MANUAL CLAHE 1000 videos SE-RegUNet 

[16] 2021 ICA Binary Continuous NO NO 
 

MANUAL Data augmentation 8,325 frames Faster R-CNN, 
SSD, R-FCN 

[17] 2023 ICA Binary NO YES NO 

 
MANUAL Augmentation, Syngo 

QCA 
170 images U-Net, 

DenseNet201 

[12] 2022 ICA NO NO YES NO 
 

MANUAL Filter features, DL 
features 

130 images GBDT, Deep 
Forest 

[19] 2024 CCTA YES  (sever- YES (MLD YES LAD, LCx, MANUAL Contrast  normaliza- 7 658 images AI-QCA 
   ity) location)  RCA  tion   

[4] 2023 ICA NO NO NO NO AUTOMATIC Sato, Frangi, Canny 
filters 

37,209 images Filter keyframe 
extraction 

[13] 2023 CCTA NO NO YES NO MANUAL Intensity normaliza- 
tion 

81 cases DR-LCT-UNet 

[18] 2023 ICA YES (>70%) Bounding 
boxes 

NO YES 
(LCA/RCA) 

MANUAL Frame preprocessing 13 843 studies CathAI 

[9] 2023 ICA NO NO YES NO AUTOMATIC Vessel visibility scor- 
ing 

2 949 frames Deep AngioKey 

[15] 2025 ICA NO NO YES NO MANUAL Normalization, aug- 
mentation 

323 sequences TVS-Net 

[3] 2015 ICA NO NO NO NO N/A Extracted DICOM 
dose data 

4 571 procedures (CAG+PCI) DRLs 

 
[11] 

 
2005 

 
ICA 

 

YES (>50%) 
 

YES 
ual 

 

(man- 
ves- 

 
NO 

 

YES 
branches) 

 
(all 

 
MANUAL 

 
Pure manual scoring 

 
1 800 patients SYNTAX Score 

sel/branch) 
 

Table 1: Comparison of methods for coronary imaging analysis across different studies. 
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1.3 Problem definition and aims of this thesis 

The problem this thesis addresses is the automatic classification of coronary angiography videos. 
In particular, the work focuses on three main tasks: automatic selection of the most relevant frames 
using deep learning–based methods, classification of left and right coronary arteries through neural 
networks, and detection of interventional devices (balloons) and stenosis with advanced deep learning 
technique. Coronary angiography remains a highly challenging domain due to the complex nature of 
videos, the variability in vessel structures, and the clinical relevance of the features. These challenges 
make manual interpretation time-consuming, subjective and prone to variability among experts, thus 
the need for automated and reliable computational solutions is needed. While previous works have 
focused on some of these tasks, few have addressed the combined challenge of frame selection, artery 
classification, balloon detection and stenosis detection in a pipeline. 

Institutional Repository - Library & Information Centre - University of Thessaly
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2 Methodology 

2.1 Overall description of the proposed system 

The proposed analysis pipeline initiates with the collection of patient angiographic videos, which are 
chronologically ordered according to their acquisition time. Each video is subsequently evaluated in 
sequence until no further recordings remain, at which point the workflow terminates with the final 
diagnostic outcome. For each available video, the system first determines whether the sequence 
corresponds to the right coronary artery (RCA) or the left coronary artery (LCA). Following artery 
classification, the algorithm verifies whether a balloon intervention has already been identified in 
prior sequences of the same artery. If a balloon has been previously detected, subsequent diagnostic 
frame selection for that artery is discarded, and the analysis proceeds to the next available video. 
Otherwise, in the absence of a previously detected balloon, the system performs a dedicated balloon 
detection step. If a balloon is identified in the current sequence, the remaining diagnostic steps are 
discarded, otherwise, the pipeline advances to the selection of diagnostic frames, which is performed 
using a combined strategy of vesselness filtering to enhance vascular structures and structural 
similarity index (SSIM) analysis to retain only the most informative frames. 

All the selected frames from the current patient are then processed within the stenosis detection 
module, executed separately for RCA and LCA sequences, to identify the presence of significant 
vascular narrowing. This iterative process continues across all available patient videos until comple- 
tion, ensuring a structured and systematic pathway from raw acquisition to final stenosis diagnosis. 
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Figure 4: Overall description of the pipeline 
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2.2 Data handling 

2.2.1 Anonymization procedure 

It was essential to prevent any risk of data leakage during processing of medical imaging data, as 
medical data fall under a special category requiring strict safeguards. To ensure compliance with 
the General Data Protection Regulation (GDPR), an anonymization procedure was applied to the 
DICOM files (Digital Imaging and Communications in Medicine). This process involved exhaustive 
overwriting sensitive header fields by setting them equal to null values (e.g.,PatientName=”Null), 
effectively removing all personally identifiable information (PII). This includes the patient’s full 
name, date of birth, series number, and study ID number, as shown in Figure 5, in accordance with GDPR 
requirements. 

To allow for traceability without compromising confidentiality, we retained two identifying fields: 
the internal patient ID and the year the imaging procedure took place. This allowed for the creation 
of a unique reference, while ensuring that no directly identifying information was preserved. This 
method aligns with the principle of data minimization under GDPR and follows the DICOM PS3.15 
confidentiality guidelines for identification. The structural and diagnostic integrity of the imaging data 
was preserved throughout the process, ensuring the data set remained suitable for use in academic 
and clinical research without compromising confidentiality. 

 

Figure 5: An anonymized DICOM image with all personal identifiers removed. 

 
2.2.2 Coronary disease Diagnosis encoding as Multi-label Binary classification 

In addition to DICOM file anonymization, a different process was followed to handle patient diag- 
nosis data obtained from physical medical records, that were handed by the hospital. To ensure 
compliance with GDPR and prevent exposure of sensitive health information, all patient names were 
removed from the paper records. Each case was assigned a consistent internal patient code (matching 
the code used in anonymized DICOM files), provided by the hospital. 

The full text of the diagnoses were then manually transcribed and entered in an Excel spread- 
sheet. This spreadsheet included binary-encoded columns for each coronary segment, ”Left Main 
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Coronary Artery (LMCA)”, ”Left Anterior Descending Artery(LAD)”, ”Left Circumflex Artery (LCx)”, 
”Right coronary artery”). Each artery was subdivided into proximal, middle segment, and distal 
segment, with the value of 1 and 0 indicating the presence and absence of stenosis respec- tively. In 
total, 8 binary columns encode the presence and location of stenosis in the left coronary arteries and 
3 binary columns encode the presence and location of stenosis in the right coronary artery. Figure 6 
shows an example of the proposed multi-label encoding of disease classification. 
 

Figure 6: Diagnostic and Binary coded samples of patients. 

 
In addition, a free text column was included to capture the diagnosis from the original records, 

ensuring that all information relevant to each patient’s condition is preserved in both structured and 
unstructured formats. Manual entries were reviewed to minimize errors and prevent any data 
leakage. 

 

2.3 Fluoroscopic image acquisition 

The geometry of video acquisition depends mainly on two angles that describe the orientation of the 
X-ray bean relative to the patient: 

• Primary angle: DICOM tag (0018,1510)- represents the rotation of the C-arm in the transverse 
plane. The primary angle ranges from -90 (right side of the patient) to +90 (left side), as depicted 
in Figure 7 from the documentation of DICOM. 

• Secondary angle: DICOM tag (0018, 1511)- represents cranial or caudal tilt. ranges from -90 
degrees (caudal/feet direction) to +90 degrees (cranial/head direction), as shown in Figure 8. 

 

Figure 7: Positioner Primary Angle.3 

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 18:49:57 EEST - 216.73.216.250



19  

 

 

Figure 8: Positioner Secondary Angle. 4 

 
We compiled the angular data, stored in the DICOM metadata, we applied the K-means clus- tering 

algorithm (K = 9) to the data and grouped them into 9 angle-based clusters, The centers of the 
clusters are superimposed in Figure 9 . The angular team of each video of all patients were stored 
into a structured Excel file. These data are visualized in Figure 10. 

9: 

 

 
Figure 9: K-means clustering results. Each dot in the 2D angle acquisition space, represents a video 

 

4Image adapted from [21]. 
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Figure 10: Exemplary images from each of the 9 combinations of the primary - secondary angle of 
Fig. 8 
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2.4 Left-Right Coronary Artery Frame and Video classification 

The goal is to classify the entire video as LCA or RCA. To this end, we first train a deep learning 
model to classify individual frames and then utilize the trained deep learning model to inference 
the class of each frame of the video. The class of the whole video is determined by the majority of 
frame classes. 

An early step of our proposed methodology involves the classification of the left coronary artery (LCA) 
and the right coronary artery (RCA) from coronary angiographic data. Anatomically, the human 
heart includes two primary coronary arteries: LCA and RCA, each of which branches into several 
sub-arterial structures 1. These arteries exhibit unique characteristics that can be important for 
diagnostic cardiology. Typically, the RCA and LCA are imaged from distinct, specific angles. 
Specifically, 

• Primary angle α near -10° and below were predominantly associated with RCA 

• Primary angle values near +10° and above were typically associated with LCA 

However, this is not a rule strictly adhered to in clinical practice. Therefore, we did not resort into 
determining the LCA or RCA from the viewing angles alone. 

Deep learning and more specifically convolutional neural networks (CNNs) have been used with 
remarkable success during the last 10 years or image classification tasks in almost any domain, 
including the medical images [22] and videos [23], [24]. To facilitate this frame classification, we 
adopted a scheme based on a Deep learning model. To train this model, we extracted specific frames 
from DICOM coronary angiography videos that clearly include the arterial structure. Specifically, 
we selected frames where the coronary arteries are visible, to ensure that we can observe the 
morphology in full detail, and we also selected frames, in which the tools used (e.g. guide wires) differ 
depending on whether the LCA or RCA is being examined, thus capturing context-specific features. 

In total, we extracted 6,556 LCA images, and 2,372 RCA images, which were then labeled and 
split into two categories. Typical examples are shown in Figure 11 and 12 respectively. Although 
many approaches exist for balancing asymmetric data [25], we did not resort to any of them, since 
the performance of the system proved very high. In order to construct the ground truth, we utilized 
the primary angle, as following. We defined a threshold value that distinguished between left and 
right coronary arteries (above and below the threshold respectively). Subsequently, the resulting 
classification was reviewed by an expert to correct possible misclassifications. 

For the deep learning model we selected AlexNet [26] as the base architecture due to its proven 
performance in image classification tasks and it had low computational cost compared to models like 
ResNet [27], VGG16 and VGG19 [28]. Our dataset was organized by unique patient code and year of 
examination to prevent data leakage, and was split at the patient level into 70% training, 15% 
validation and 15% testing. Thus, patient-wise splitting was ensured. 
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Figure 11: Examples of frames from the LCA dataset. 
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Figure 12: Examples of frames from the RCA dataset. 

 
2.4.1 Pretrained AlexNet finetuned for LCA-RCA classification 

Initially, we used the AlexNet convolutional neural network, pretrained on ImageNet [29] to classify 
coronary angiographic images into two categories Left Coronary Artery (LCA) and Right Coronary 
Artery (RCA). The pretrained Alexnet was further finetuned using our dataset. Images were resized 

to 227 × 227 to match the original AlexNet input, while grayscale frames were converted to three 
channels to meet the RGB format that was expected. Data augmentation included scaling (0.8–1.2), 

translation within 64 pixels range and small rotation not more than ±10◦, so variability could be 
enhanced. 

The pretrained AlexNet was modified by replacing the final fully connected layer with a new layer 
that corresponded in the number of output we needed (2 outputs) while for the output layer a 
classification layer was used. Earlier convolutional layers were frozen and retained their pre-trained 
weights from ImageNet. The higher fully connected layers were fine-tuned with adjusted learning 
factors. For the training of the model stohastic gradient with momentum (SGDM), using a mini 
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batch size of 32, an initial learning rate of 1 · 10−4 and a maximum number of 50 epochs. To prevent 
overfitting, early stopping was applied with a validation patience of 10, so, on average, training 
stopped after 18.7 epochs. 

 
2.4.2 Customized AlexNet, finetuned for LCA-RCA classification 

On a second attempt, we designed a custom hybrid network that retained the core structure of 
AlexNet, but integrated a custom sub-network. This addition was made to incorporate metadata, 
specifically the primary angle recorded during angiography, according to the DICOM documenta- tion. 
Each image was paired with its primary angle, allowing better representation of the location of the 

artery. Each image was resized at 227 × 227 and converted into three channels for RGB to fit the 
AlexNet input. 
 
 
 
 

 

 
 
 
 

 
Figure 13: Customized AlexNet Architecture. 

 

The angles were normalized and passed through a small MLP (FC(512) → FC(1) → tanh), flattened, 
and concatenated with the flattened AlexNet feature vector. The output of the 2 networks were 
inserted to a final fully connected layer with two outputs and a softmax classification layer (cross-
entropy loss). 

Convolutional layers of AlexNet were initialized from ImageNet and frozen (zero learn-rate 
factors), while higher fully connected layers were fine-tuned.Similar to the previous model SGDM was 

used for training with a mini batch size of 32, learning rate of 1 · 10−4 and maximum epochs of 
50. The training of the model stopped at 11 epochs since it met the restrictions of early stopping 
to prevent overfitting during training. 
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2.5 Balloon vs Non-Balloon Frame and Video classification 

The goal is to classify the entire video as containing ballon or non-ballon. To this end, we first 
train a deep learning model to classify individual frames. Subsequently we utilize the trained deep 
learning model to inference the class of each frame of the video and propose an empirical rule to 
determine the class of the whole video. 

In order to classify individual frames of video DICOM files as ”Balloon” or ”non-Balloon”, we 
extracted specific frames from DICOM coronary angiography videos, including frames with inter- 
ventional tools such as balloon catheters clearly visible, and diagnostic frames where the coronary 
artery anatomy is distinctly represented. In total, we extracted manually 7,475 artery images, Fig- ure 
14, and 7,451 balloon procedure images (Figure 15), which were then labeled and split into two 
categories. The ground truth was constructed by manual inspection of the frames. 

To develop a robust deep learning-based classifier we evaluated three architectures. Firstly 
we employed AlexNet, due to its proven performance in image classification tasks. Secondly we 
implemented a Vision-Transformer (ViT-Base) model to leverage the self-attention mechanism and 
capture global dependencies across the image and lastly we tested a lightweight ViT-Tiny model 
to access the performance-efficiency trade-off in a lower complexity setting. Each approach was 
trained and evaluated under consistent data splitting and augmentation protocols to ensure fair 
comparison. 
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Figure 14: Example of Non-Balloon dataset 
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Figure 15: Example of Balloon dataset 

 
2.5.1 Classic AlexNet approach 

Firstly a baseline classification model was developed, using transfer learning with a pre-trained 
AlexNet architecture, fine-tuned on our dataset that contained images with categories Balloon or 
non-Balloon. To prevent data leakage, unique patient identifiers were again extracted (year of ex- 
amination and patient ID) and used for patient-wise splitting into 70% training, 15% validation, and 
15% test sets. Images were again resized to fit the AlexNet input size and each subset was processed 
with data augmentation that included random scaling (0.8-1.2), rotation (0–15◦) horizontal/vertical 

translations of up to ±64 pixels to improve model generalization. 
During fine-tuning, the pretrained weights in the earlier convolutional layers were preserved and 

higher learning rates were assigned to the final layers to facilitate better task-specific adaptation. The 
network was trained using SGDM with a batch size of 32 and maximum of 50 epochs. To prevent 
overfitting early stopping was applied and finally the network was trained for 8 epochs. 
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Balloon, if (n > T  ∧  > T ) 

N 

2.5.2 Vit-Base Model Transformer 

For a more advanced feature representation, a Vit-Base model [30] pre-trained on AlexNet was 
selected. The model was adapted for the binary classification task by freezing the core self-attention 
layers and replacing the final classification layers with a new fully connected layer of two output 
neurons. The same data pipeline was maintained as with the AlexNet model, including patient-level 
data split and augmentation. The model was trained using the Adam optimizer with a mini batch size 
of 8 and maximum epochs of 10. A warm-up learning rate schedule is applied, during which the 
learning rate is increasing. It is then followed by a step-wise decay (drop factor 0.1 every 3 epochs) 
was used. Early stopping was also applied here, so overall training was limited to 9 epochs. 
Performance was evaluated on the held-out test set using overall accuracy and confusion matrix 
analysis. 

 
2.5.3 Vit-Tiny Model Transformer 

In addition to the ViT-Base model, a Vision Transformer [31] of tiny configuration pre-trained on the 
ImageNet was investigated. This model processes images as a sequence of patches is capable of 
capturing long-range interactions with significantly fewer parameters than ViT-Base. Similar to the 
base variant, the self attention layers were frozen to preserve their general feature representations, 
and a new classification head with a fully connected layer specific to our binary classification task was 
added. The same splitting and augmentation were applied while early stopping was also included. The 
network was trained with a mini batch size of 8 and the maximum epochs were 10. Finally, the model 
met the validation criteria and stopped after 9 epochs. The resulting model was saved and evaluated 
using standard accuracy metrics and a confusion matrix to assess its predictive power. 

 
2.5.4 Video classification as Ballon - Non Ballon 

Let N be the total number of frames in the video sequence and nb be the number of frames in the 
video sequence labeled as Balloon. The label of the whole video is decided based on the following 
empirical rule: 

 

 
Video Label = 

nb 
b b N R 

Non ballon,  otherwise 

 
, (1) 

where Tb and TR are the thresholds for the number and ratio of ”balloon”-labeled frames, respec- 
tively. 

This empirical rule ensures that the final label for a sequence is not based on single-frame 
predictions alone, but on the consistency and proportion of balloon detections across the video. 
Specifically, if no balloon frames are detected, the sequence is automatically classified as Artery. 
Otherwise, the ratio of detected balloon frames to the total number of frames is computed. A 
sequence is classified as Balloon only if the values nb and nb are above the threshold values Tb and 
TR, if these conditions are not met, the sequence defaults to Non-Balloon. After multiple trials on 
the Train dataset and Validation Dataset the threshold values were finalized i Tb=1 and TR=0.8, 
this combination ensured the higher accuracy of the model and reduced the misclassified videos. 
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2.6 Frame Extraction 

The purpose of this module is to extract few frames from each DICOM videos, which are appropriate 
for coronary stenosis detection. To this end the general approach was to apply classical image 
processing algorithms to each of the video frames and subsequently select the most appropriate 
frame based on some metric. The final solution integrates image enhancement with a selection 
metric and similarity assessment to identify the most informative frames. Multiple image processing 
algorithms were explored and combined in a hybrid method that uses vessel enhancement techniques 
and structural similarity measures. 

 
2.6.1 Bottom-Hat transformation approach 

The bottom-hat morphological transform was applied to each frame using a line-shaped structuring 
element, selected to align with the anatomical structure of coronary arteries. The bottom-hat method 
is a morphological image processing technique designed to enhance dark objects on a bright 
background. It is effective for highlighting features like cracks, veins or other features that are smaller 
than the structuring element. Mathematically, it is defined as the difference between the 
morphological closing of an image and the original image: 

BHtheta = BottomHatθ(I) = Closing(I) − I = I • sθ = (I ⊕ sθ) ⊖ sθ, (2) 

where I is the input image in grayscale, • is the image closing operator, ⊕, ⊖ the dilation and erosion 
morphological operators and sθ is the structuring element used in the morphological operations. Since 
we are looking for linear structures in any orientation, we defined the structuring element as a binary 

linear segment of length 30 pixels with variable orientation θ = 0, 10, · · · , 1700. Let us define the 
bottom hat result for each angle as BottomHatθ. The pixel-wise maximum along all different BHθ was 
obtained. 

IBH (i, j) = max(BHθ(i, j), θ = 0, 10, · · · , 1700) (3) 
θ 

The closing operation suppresses small dark regions and smooths contours while preserving 
overall image brightness. After subtracting the original image from the closed image the result 
is an image that emphasizes the dark regions that were previously diminished, thereby enhancing 
vessel-like structures. Thus IBH has large values in pixels that belong to dark linear structures of 
any orientation. This image was subsequently normalized to the range [0,255] to standardize 
intensity values. The next step is the application of hysteresis thresholding (HT ) with large and 
low thresholds, tH = 200 and tL = 90 (these limits were decided after multiple trials) to generate 
the final binary image B 

B = HT (IBH, tH, tL). (4) 

The resulting binary image was then passed through a Frame Score metric that is analyzed 
bellow and was used for the final results. 

 
2.6.2 Vesselness filtering approach 

In this approach, the vesselness filter [7], [32], was used to enhance vascular structures across the 
image frames. The vesselness filtering is an image enhancement technique that highlights tubular or 
curvilinear structures, based on they second-order intensity profile implemented in [33]. This method 
utilizes the Frangi filter which is based on the Hessian matrix to assess vessel-like 
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( 

B  λ2
  

1 2 

characteristics. Initially, the image is convolved with a Gaussian kernel at different scales σ to handle 
structures of various sizes: 

I(x, y; σ) = I(x, y)G(x, y; σ) (5) 

At each pixel, the Hessian matrix is computed from the second order derivatives of the smoothed 
image, the eigenvalues λ1 and λ2 are calculated. For tubular structures one eigenvalue is small and 
the other is large and negative. For blob like structures both eigenvalues are large and negative and 
for flat regions both eigenvalues are near zero. The Vesselness response is computed from a vessel 
like profile: 
 
 
 
Where: 

0, 
V = 

exp 

 

 
2 
B 

2β2 

 

· 1 − exp 

 

 

S2 
 

2c2 

λ2 > 0 
(6) 

,  otherwise 

• R  = λ1  — a measure of deviation from a line-like (tubular) shape. 

• S = 
√
λ2 + λ2 — the second-order structureness, capturing local contrast. 

• β and c — parameters that control sensitivity to blob-like structures and noise, respectively. 

This function ensures that high vesselness scores are assigned to pixels within elongated, low- 
contrast structures The vesselness measure is computed over range of scales σ and the final response 
is the the maximum response at each pixel: 

Vfinal(x, y) = max V (x, y; σ) (7) 
σ 

The resulting Vesselness probability map was normalized to the intensity range [0,255] to standard- 
ize values for subsequent processing. A hysteresis thresholding operation was then applied with a 
high threshold of 230 and a low threshold of 140, ensuring robust detection of continuous vessels 
segments while suppression weak responses due to noise. The binarized Vesselness map was then 
subjected a Frame Score metric analysis to determine the number of distinct vascular regions in 
the binary image. 

 
2.6.3 Steger line detection approach 

Steger’s line detection method [34] was employed to extract the center lines of elongated structures 
in images. It is based on differential geometry principles and relies on the second-order structure of 
image intensity, combined with subpixel interpolation methods. Specifically, it is designed to detect 
the medial axis of line structures, such as bright or dark lines of finite width on contrasting back- 
ground. This method uses the Hessian matrix to identify locations where the gradient orthogonal 
to the line vanishes and where the second derivative across the line is maximal. Initially the input 
image is convolved with a Gaussian filter at a σ scale : 

Iσ(x, y) = I(x, y) ∗ G(x, y; σ), (8) 

where: σ controls the scale at which lines are detected (small sigma for fine lines and large sigma 
for thicker lines. Following this, the Hessian matrix is computed, at each pixel, the one eigenvalue 

— 
R 

— 
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xx xy  x  y yy 

is negative (for bright lines) or positive (for dark lines) indicating a high curvature perpendicular 
to the line and the eigenvector points orthogonal to the line. 

 
∂2I 
∂x2 

∂2I 
∂y∂x 

 
∂2I 
∂x∂y 
∂2I 
∂y2 

A pixel is considered a line point if the first derivative of intensity in the direction orthogonal to 
the line is zero and if the second derivative in that direction is maximal. Mathematically this is 
equivalent to calculating the following quantity t: 

 rxnx + ryny  t = − 
r  n2 + 2r  n n + r  n2 

 
(9) 

x y 

and selecting the pixels for which |t| < 0.5. Subpixel accuracy is achieved by interpolating the 
intensity profile along the direction of the eigenvector and locating the precise extremum; this 
interpolation allows a better accuracy than simple pixel resolution and a smooth representation of 
the line. Unlike the previous methods, the resulting vessel image is binary. 

Example output of the three tested pre-processing methods applied to the same angiographic 
frame. The frames that were selected by Bottom-Hat and Steger, provided less information com- 
pared to Vesselness and missed the vessel structure while in some case they failed to select the most 
diagnostically relevant frame. 

" # 

H = 
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Figure 16: Multiple frames extracted from each method. Original image: Upper left, Vesselness 
with hysteresis thresholding 
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i=1 

Number of Connected Components k 

Σ 

2.7 Frame-based statistics 

This subsection is applied after each one of the aforementioned vessel enhancing methods (i.e. 
bottom hat, Vesselness, and Frangi’s method). As already mentioned, the binarized vessel image is 
subjected to connected component analysis using 8-connectivity to determine the number of distinct 
vascular regions in the binary image. For any frame let us denote by k the number of connected 
components and by ni the area (number of pixels of the ith component. 

The extracted measures included the area of all components defined as the number of non-zero 

pixels 
Σk 

ni and the area of components larger than Tp = 400 pixels 
Σ

ni>Tp 
ni. The Frame Score 

was calculated by dividing the area of larger components and the number of connected components: 

Number of non-zero Pixels of large components 1 
FS = = n 

 

 
(10) 

Components smaller than Tp pixels were excluded, since empirical trials showed that values below 
400 introduced mid to excessive noise and did not contribute to meaningful structural in- formation, 
while values above 400 eliminated important vascular segments. The Frame score ratio was chosen 
because a higher number of separate connected structures to the overall area indicates important 
structural complexity. We define as local maxima in Frame score, frames q that have higher frame 
score than the previous and the next frame (irrespectively of the absolute value of the score). More 
formally 

q : FSq > FSq−1 AND FSq > FSq+1 (11) 

This metric provided a normalized measure of spatial activity in each frame. By choosing frames that 
corresponded to the local maxima, a clear vessel information was ensured, which is essential for 
diagnostic interpretation and deep learning training. 

These local maxima frames q were compared to the first frame of the sequence using the Struc- 
tural Similarity Index (SSIM) [35], since we assume that no radiopaque contrast has been injected 
in frame 1. SSIM (i, j) is a perceptual metric that evaluates image similarity between frames i and 
j, based on luminance, contrast, and structural information. 

The final selected frame q0 is defined as the local maxima frame q with the lowest SSIM value 
relative to the first frame, i,e. the most dissimilar to the 1st frame 

q0 = min SSIM (1, q)∀q (12) 
q 

i 

ni>Tp 
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Figure 17: Alternative pipelines for frame selection from DICOM video. 

 
The histogram analysis of Figure 18 as well as the expert’s opinion indicated that the Vesselness 

method shows superior performance compared to the Bottom-hat and Steger approaches. It appears 
to exhibit higher and more consistent pixel counts across frames, with the vessels appearing in a much 
clearer form. In contrast, the Bottom-hat and Steger methods show greater variability and lower 
overall pixel intensities, and they also miss important points of the vessel, which implies reduced 
robustness in capturing fine vascular details. 
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Figure 18: Number of Non-Zero pixels for each method (left) and number of CC before thresholding 
(red) and number of CC after thresholding (green) (right) 

 
The outcomes of the applied transformations for each method are illustrated in Figure 19. In the 

case of Bottom-Hat, the frame score exhibits multiple prominent peaks. These peaks are compared 
with the first frame, and the minimum SSIM value is identified at the 11th local maximum. For 
Vesselness approach, several local maxima are highlighted, however, the SSIM method selects the 
frame which corresponds to the 7th peak of the computed Frame Score as the most representative. 
Finally, in the case of Steger method, the selected peak is observed to be closely with the one obtained 
by Bottom-Hat transformation, since it selected the 10th peak of frame score. 
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Figure 19: Plot of Frame score and SSIM for each method 

 
In Figure 20, the representative frames selected by each vessel enhancement method are high- 

lighted with colored bounding boxes. The red box corresponds to the Bottom-hat method, the 
blue box to the Steger approach, and the green box to the Vesselness method. These annotations 
allow a direct visual comparison of the structural clarity achieved by each technique. It can be 
observed that the vesselness-based frame (green) preserves a more continuous and contrasted vessel 
tree, while the bottom-hat (red) and Steger (blue) selections display partial loss of vascular detail 
or reduced robustness. 
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Figure 20: Frame selection for each method 

 

2.8 Stenosis-No Stenosis Frame Classification 

To classify coronary angiographic images for the presence of stenosis we used a convolutional neural 
network based on AlexNet, adapted for a multi-label setting. As a preprocessing step, stenosis 
detection was applied only on frames that had already passed through the preceding stages of the 
pipeline, coronary artery side classification (LCA vs. RCA), and balloon/non-balloon detection 
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and frame selection. This ensured that only diagnostically relevant frames corresponding to the 
correct artery and intervention type were considered in the stenosis classification task. Overall the 
dataset consisted of 3,347 images, with 2,549 and 798 images displaying LCA and RCA vessels, 
respectively. In Figure 21 an example of one stenotic vessel and one non stenotic vessel is displayed 
for both LCA and RCA artery. 

 

(a) Non stenotic LCA (b) Stenotic LCA 

 

(c) Non stenosiC RCA (d) StenosiC RCA 

Figure 21: Examples of the Stenosis Dataset. 

 
The classification was performed separately for the right and the left coronary artery, due to their 

anatomical differences. Each image was resized to 227 × 227 × 3 to match the AlexNet input. Ground 
truth labels were derived from the original medical diagnosis, on which we applied multi binary 
labeling that describe each segment of the coronary vessels separately. One (1) indicates the 
existence of stenosis (positive) and zero (0) the absence of stenosis (negative). In our custom dataset, 
each image was defined by a unique patient code and the year of the examination, to enforce patient-
wise splitting into 70% training, 15% validation, and 15% test sets, with a fixed random seed to ensure 
reproducibility. Three different classification models were developed: 

1. RCA-model, trained specifically on RCA specific images, with 3 output neurons correspond- 
ing to the three anatomical RCA segments as shown below. 
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Proximal Middle Distal 
Neuron 1 Neuron 2 Neuron 3 

Table 2: ”Neurons corresponding to 3 anatomical RCA segments” 
 

 
2. LCA-model (3 neurons) trained on LCA images, with 3 output neurons, that represent com- 

bined sections that derived from the original eight-segment classification. 

 
LCMA LAD LCx 

Neuron 1 Neuron 2 Neuron 3 

Table 3: ”Neurons corresponding to 3 anatomical LCA segments” 
 

 
3. LCA-model (8 neurons) trained on LCA images, with 8 output neurons each corresponding 

to one of the original LCA. 

 
 Proximal Middle Distal 
LCMA 
LAD 
LCx 

Neuron 1 
Neuron 3 
Neuron 6 

Neuron 2 
Neuron 4 
Neuron 7 

N/A 
Neuron 5 
Neuron 8 

 
Table 4: ”Neurons corresponding to 8 anatomical LCA segments” 

 
In Figure 22 illustrates how the detailed coronary tree segments that was defined in [36] were 

consolidated into the anatomical classes used for the stenosis classification task in our work. For the 
left coronary artery, the eight original segments were grouped into three main territories: the left 
main coronary artery (LCMA), the left anterior descending artery (LAD), and the left circumflex 
artery (LCx), each further subdivided into proximal, mid, and distal regions. Specifically, segments 
5, 6, 7, 8, 9, 9a, 10, 10a, 11, 12, 12a, 12b, 13, 14, 14a, 14b, and 15 were mapped into these categories 
according to their anatomical position and functional role. Similarly, for the right coronary artery, 
the original subdivisions were merged into three classes: proximal (segment 1), mid (segment 2), 
and distal (segments 3, 4, 16, 16a–c), thereby covering the full course of the vessel including the 
posterior descending and posterolateral branches. These schematic representations ensured that the 
neural network models were trained with anatomically consistent labels while reducing unnecessary 
granularity from side branches. 
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Figure 22: Segmentation of anatomy of the heart 5 

 
For the LCA, two models were explored: one with three output neurons corresponding to 

clinically groups of the eight original segments, and one with eight neurons corresponding to the 
full segmental scheme. For the RCA, a model with three neurons was trained, each representing 
one anatomical segment. 

In each case the AlexNet was finetuned by replacing the final layer with the number of the 
required output neurons, depending on the model, followed by a sigmoid activation layer. The 
rest of the convolutional layers retained their pre-trained weights, while higher layers were trained 
with an increased learning rate to adapt to the domain-specific classification task. Training was 
performed with the Adam optimizer, a mini-batch size of 32, a maximum of 50 epochs, and binary 
cross-entropy loss, with early stopping (validation patience of 10) applied to prevent overfitting.The 
LCA (3 neurons) was overall trained for 14 epochs while the LCA (8 neurons) was trained for 34 
epochs. The RCA model was stopped after 20 epochs. The network was trained with binary cross-
entropy loss, reflecting the multi-label nature of the problem. 
 
 
 
 
 
 
 
 
 
 
 

 
5Image adapted from [36]. 
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3 Results 

For the evaluation of classification results we employed multiple metrics. Frame selection perfor- 
mance was assessed using distance-based measures across the three methods, while the classification 
tasks (LCA vs RCA, Balloon detection, Stenosis Detection) were evaluated through confusion ma- 
trices and general metrics. 

In a binary classification setting, precision is the number of correclty predicted positives (true 
positives) among all sample that were predicted positives (true positives and false positives). Recall 
it is the correctly predicted positives samples among all actual positive samples (true positives and 
false negatives). Finally the F1-Score is the mean of precision and recall. 

 
Precision = 

Relevant Retrieved Instances 
= 

All Retrieved Instances 

TP 

TP + FP 

 
(13) 

 
Recall = 

Relevant Retrieved Instances 
= 

All Relevant Instances 

TP 

TP + FN 

 
(14) 

F 1 − Score = 
2 × Precision × Recall 

Precision + Recall 

 
(15) 

3.1 Left-Right Coronary detection 

The detection of whether an angiographic frame corresponds to the LCA) or RCA is an important and 
initial step in automated analysis, since subsequent classification tasks (e.g., stenosis localiza- tion or 
balloon detection) rely on the correct identification of the arterial vessel. The following subsections 
present the results of both models that were explained previously in Section 2.4 with performance 
reported in terms of confusion matrices, precision, recall, F1-scores, and overall accu- racy. 

 
3.1.1 Classic AlexNet approach for LCA and RCA Frame classification 

In the initial model, we fine tuned a pretrained AlexNet for the binary classification of LCA and 
RCA images. The resulting confusion matrix is shown in the Figure 23. The model achieved 823 
true positives for the Left class, while misclassifying 32 LCA as RCA, at the same time it correctly 
predicted 314 true negatives for the Right class, with 17 incorrectly predicted samples as LCA. 
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Figure 23: Performance metrics for LCA vs. RCA classification using the classic AlexNet model. 

As summarized in the Table 5 this corresponds to a precision values 97.9 % and recall value of 
96.2% for the Left class and 90.7% precision and 94.8% for the Right class. These metrics indicate 
high sensitivity and overall balanced performance across classes. The model reached an overall 
accuracy of 95.87% and a general F1-Score of 94.8%. 
 

Class Precision% Recall% F1-score% 
LCA 
RCA 

97.9 
90.7 

96.2 
94.8 

97.0 
92.7 

Overall Accuracy 95.87% 

Table 5: Performance metrics for LCA vs. RCA frame classification using the classic AlexNet. 

 
The ROC curve rises and aligns with the upper boundary, indicating near-perfect separability 

between right- and left-coronary images, even if the datasets are unbalanced. High sensitivity is 
observed at a low false positive rate close to 0.05 allowing a high score of specificity while correctly 
identifying almost all RCA frames. The straight ROC curve at the end suggests stable performance 
across a broad threshold range. 
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Figure 24: ROC curve for frame-based LCA/RCA AlexNet. 

 
3.1.2 Custom AlexNet approach for LCA and RCA classification 

The second approach was based on a custom network that combined a fine tuned version of AlexNet 
and some additional input features, incorporating the angiographic primary angle metadata. As 
shown in the Figure 25, the model achieved 822 true positives for the Left class and 300 true negatives 
for the Right class. Misclassifications included 33 Left-class images incorrectly predicted as Right 
(false negatives for the Left class) and 31 Right-class images incorrectly predicted as Left (false 
positives for the Left class). According to the Table 6 this corresponds to a precision values 
96.3 % for the Left class and 90.0% for the Right class, with recall values of 96.1 % and 90.6% 
respectively, highlighting high sensitivity and overall balanced performance across classes. The model 
showed a general accuracy of 94.8% and a general F1-Score of 93.3%. 
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Figure 25: Frame-based confusion matrix for Left-Right Coronary artery with Angles as input. 
 

 
Class Precision% Recall% F1-score% 
LCA 
RCA 

96.3 
90.0 

96.1 
90.6 

96.2 
90.3 

Overall Accuracy 94.8% 

Table 6: Frame-based performance metrics for LCA vs. RCA classification using the custom 
AlexNet with angle input. 

 
While the inclusion of angular metadata slightly showed a more balanced metrics for both 

classes, the overall performance was marginally lower than the classic approach. This may indicate 
that the dataset contained some faulty or inconsistent labels, specifically cases where the recorded 
angle did not represent the correct artery, likely due to procedural alterations during angiography. 
The metrics for discrimination between RCA images and LCA views still remain very high. The 

ROC curve remains close to the top-left corner, achieving high true-positive rates with minimal 
false alarms. The slight reduction relative to the RCA comparison of the Classic AlexNet approach 

may be due to class imbalance, but overall the classifier exhibits robust and threshold-insensitive 
behavior for this task. 

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 18:49:57 EEST - 216.73.216.250



45  

 

 

Figure 26: ROC curve LCA/RCA angles 

 
3.1.3 RCA-LCA Video Classification 

The confusion matrix in Figure 27 illustrates the performance of the model in classifying videos 
between left coronary artery (LCA) and right coronary artery (RCA) cases, achieving accuracy of 
97.3%. Out of the total LCA cases of test dataset, 806 were correctly classified as LCA, while only 
26 were misclassified as RCA. Similarly, among RCA cases, 347 were correctly predicted, and 6 
were misclassified as LCA. These results indicate a very high overall accuracy, with the 
misclassification rate being minimal even in the video classification, suggesting that the model can reliably 
differentiate between LCA and RCA. 
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Figure 27: Video-based Classification of RCA and LCA. 

 

3.2 Balloon Detection 

The next step that we evaluated was balloon detection, distinguishing between balloon-based and 
non-balloon coronary interventions. We reviewed the performance of each of the three models: 
a fine-tuned AlexNet baseline, a Vision Transformer (ViT-Base), and a Vision Transformer in a 
Tiny configuration (ViT-Tiny). For each model, confusion matrices were generated and standard 
classification metrics were computed. 

 
3.2.1 Frame classification with Classic AlexNet Model 

The first model was based on AlexNet [26], as shown in the Figure 28, the model achieved 1136 true 
positives for the Non-Balloon class and 1191 true negative for the Balloon class. The misclas- 
sifications cases included 118 false positives and 289 false negatives. 
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Figure 28: Confusion matrix of Balloon vs. Non-Balloon classification using the AlexNet model. 

 
This resulted in an overall accuracy of 86.6%. According to Table 7, the model reached a precision 

of 83.7% and recall of 87.8% for the Non-Balloon class and achieved a precision of 89.2% and recall 
of 85.54% for the Balloon class. The results indicate that although the model was able to detect 
balloons 

 

Class Precision% Recall% F1-score% 
Arteries other 

Balloon 
83.7 
89.2 

87.8 
85.5 

85.7 
87.3 

Overall Accuracy 86.61% 

Table 7: Performance metrics for Balloon vs. Non-Balloon classification using the AlexNet model. 

 
3.2.2 Frame classification with Vision Transformer (ViT), base model 

A base visual transformer was used for the classification that produced the following results with a 
confusion matrix. As shown in the Figure 29, the model achieved 1269 true positives for the Non- 
Balloon class and 1486 true negative for the Balloon class. The misclassifications cases included 201 
false negatives and 4 false positives. That shows a bigger sensitivity in misclassified non-balloon 
for balloon. 
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Figure 29: Confusion matrix of Balloon vs. Non-Balloon classification using the ViT-Base model. 

 
As summarized in Table 8, this corresponds to an accuracy of 93.07%. The Non-Balloon class 

achieved a very high precision of 99.0%, although the recall was lower 86.0%, suggesting the model 
is missing certain types of images for Balloon. Conversely, the Balloon class achieved a precision of 
88.0% and a recall of 99.0% , this indicates that the model is more sensitive in identifying Balloon 
cases so the misclassifying cases of balloons as non-balloons are significantly less 
 

Class Precision% Recall% F1-score% 
Arteries other 

Balloon 
99.0 
88.0 

86.0 
99.0 

92.0 
93.0 

Overall Accuracy 93.07% 

Table 8: Performance metrics for Balloon vs. Non-Balloon classification using the ViT-Base model 

 
3.2.3 Frame classification with Vision Transformer, tiny model 

For the second approach of the transformer a tiny visual transformer was used. As shown in the 
Figure 30, the model achieved 1280 true positives for the Non-Balloon class and 1444 true negative 
for the Balloon class. The misclassifications cases included 46 false positives and 190 false negatives. 
That shows a bigger sensitivity in misclassified non-balloon for balloon. 
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Figure 30: Confusion matrix of Balloon vs. Non-Balloon classification using the ViT-Tiny model. 

 
This yielded an accuracy of 92.06%. As shown in Table ??, the Non-Balloon class reached a 

precision of 96.5% and recall of 87.0%, while the Balloon class achieved 88.0% precision and 96.9% 
recall. Performance was slightly below that of ViT-Base, but still considerably higher than the AlexNet 
baseline, demonstrating the advantage of transformer-based architectures even in smaller 
configurations. 
 

Class Precision% Recall% F1-score% 
Arteries other 

Balloon 
96.5 
88.0 

87.0 
96.9 

91.5 
92.4 

Overall Accuracy 92.06% 

Table 9: Performance metrics for Balloon vs. Non-Balloon classification using the ViT-Tiny 
model. 

 
3.2.4 Balloon- Non-Balloon Video Classification 

The confusion matrix in Figure ?? presents the video classification results for balloon inflation or non-
balloon (artery) sequences, achieving accuracy equal to 96%. 

The model correctly identified 547 non-balloon frames and 407 balloon frames, while it misclas- 
sified 23 non-balloon cases as balloon and 13 balloon cases as non-balloon. Although the overall 
performance is strong, the model shows some tendency to confuse non-balloon frames as balloon, 
which could impact the precision of balloon detection. However the balanced recognition of both 
classes supports the model’s usefulness in filtering interventional phases for subsequent stenosis 
analysis. 
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Figure 31: Video Base Classification of Balloon and Non-Balloon 

 

3.3 Results of Classification RCA/LCA with AlexNet and Balloon/Non- 
Balloon with Base transformer 

To extend the frame-level classification into a clinically meaningful video-level prediction we adopted 
a majority-voting strategy across all frames of each angiographic sequence. Specifically as shown 
in Figures 32, 33, 34 each frame was independently classified with the predicted class labels for 
the coronary artery type (LCA or RCA) using the classic AlexNet approach and the balloon status 
(Balloon or Non-Balloon) by using the Base Transformer. The annotation appears in white when the 
prediction is correct, while incorrect predictions are highlighted in red. This visualization enables 
a frame-by-frame inspection of the classifier’s performance, making it possible to identify both 
consistent classification regions and specific frames where errors occur. By analyzing the spatial 
and temporal distribution of these misclassifications, the robustness of the model can be assessed, as well 
as potential challenges arising from overlapping anatomical structures, low contrast, or motion artifacts. 
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Figure 32: LCA Artery 
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Figure 33: RCA Artery 
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Figure 34: Balloon 
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3.4 Frame selection 

After the system determines wether the sequence corresponds to RCA or LCA, the algorithm 
verifies wether a Balloon intervention has already been identified in the current or prior sequences 
(according to their acquisition time). In this case, the video of this sequence is discarded. Otherwise 
all three frame selection methods are applied to the current video, returning one frame per video 
(per method). 

Even though the three frame selection methods resulted in very small temporal distances be- 
tween their selected frames, as shown in Figure 35, some quality differences were observed in the 
representative frames. 
 

(a) Vesselness (b) Bottom-hat (c) Steger lines 

Figure 35: Selected frames for each method. 

 

3.5 LCA Stenosis detection in the 3 main coronary vessels 

In this subsection, stenosis is detected in the 3 main coronary vessels of LCA (LCMA, LAD, LCx), 
as a 3-class multi-label problem. Consequently, the output layer of the CNN consists of 3 neurons. 

Results are presented for the test subset, which has been split per patient. In the corresponding 
confusion matrices, the class labels are defined as follows: 0 indicates the absence of stenosis, while 
1 indicates the presence of stenosis. This binary scheme provides an intuitive representation of the 

classifier’s predictions, where correct classifications appear along the diagonal of the matrix (true 
negatives for label 0 and true positives for label 1), and misclassifications are reflected in the off- 
diagonal entries (false positives and false negatives). Such a representation allows direct assessment 
of the model’s ability to correctly discriminate between normal and stenotic segments of the left 

coronary artery. 

 
3.5.1 LCMA Stenosis Detection 

The first confusion matrix in Figure 36 represents the classification results of the networks first output 
neuron, which refers to the Left Main Coronat Artery (LMCA) identification of stenosis. All of the 
1,486 non-stenosis frames were correctly identified (true positives) with the model achieving perfect 
sensitivity. For the stenosis frames, 362 out of 365 were correctly detected (true negatives), with 3 
misclassifications. 
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Figure 36: Confusion matrix for stenosis detection in the proximal LCA segment. 

 
The left main coronary artery (LMCA) ROC aligns with the upper boundary, yielding near- perfect 

performance across thresholds. The model sustains > 0.99 true-positive rate at close to zero false-
positive rate, indicating highly stable discrimination and flexible threshold selection without 
appreciable loss of accuracy. 
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Figure 37: ROC curve for stenosis detection in the proximal LCA segment. 

 
3.5.2 LAD Stenosis Detection 

The second confusion matrix refers to the Left Anterior Oblique (LAD) vessel of the LCA, which is 
represented by the second output neuron. In Figure 38 for the 519 non-stenosis frames the model 
did not appear to have any false negatives. For stenosis cases, the model correctly detected 1,329 
out of 1,332, with 3 false positives. The true positives and true negatives suggest the capability of 
the model to detect stenosis while the higher rate of false positives means that a small number of 
mid segment stenosis were missed, possibly due to more subtle or overlapping vessel appearances. 
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Figure 38: Confusion matrix for stenosis detection in the mid LCA segment. 

 
The curve aligns with the top border, implying perfect ranking of positives above negatives for 

the left anterior descending (LAD) segment. This reflects separability across thresholds, consistent 
with an effectively error-free classifier within the evaluated data. 

 

Figure 39: ROC curve for stenosis detection in the middle LCA segment. 
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3.5.3 LCx Stenosis Detection 

The third confusion matrix corresponds to the Left Circumflex vessel (LCx) of the LCA, so the 
Figure 40 represents the classification results of the networks third output neuron. Out of 740 
non-stenosis frames, 737 were correctly classified, and 3 were false negatives. For stenosis cases, 
1,107 out of 1111 were correctly detected, with 4 false positives. Performance here remains very 
high, though the slightly increased number of misclassifications compared to the proximal region 
suggests that distal stenoses, potentially smaller or with more subtle angiographic features. 

 

Figure 40: Confusion matrix for stenosis detection in the distal LCA segment. 

 
The ROC curve 41 is pinned to the y-axis and upper boundary for almost the entire range of 

thresholds, indicating near-perfect discrimination for left circumflex (LCx) stenosis. A very high 
sensitivity is achieved at false positive rates. 
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Figure 41: ROC curve for stenosis detection in the distal LCA segment. 

 
3.5.4 Overall results for the 3-class LCA stenosis detection 

Table 10 summarizes the stenosis detection metrics for each one of the main 3 LCA vessels. It can be 
observed that the model achieved excellent performance in detecting stenosis across all three LCA 
vessels. Precision, recall, and F1-scores were consistently above 0.99, with an average precision of 
99.9%, recall of 99.5%, and F1-score of 99.7%. These results demonstrated the robustness of the 
classifier in detecting stenosis in the three different regions of the left artery. 
 

Coronary Vessel Neuron Precision% Recall% F1-score% 
LCMA 1 100 99.2 99.6 
LAD 2 100 99.8 99.9 
LCx 3 99.7 99.5 99.7 

Average 99.9% 99.5% 99.7% 

Table 10: Performance metrics (precision, recall, and F1-score) for the three LCA output neurons. 

 
Figure 42 presents typical examples of correct and incorrect stenosis detections. The rows cor- 

respond to anatomical segments LMCA, LAD, and LCx and columns depict the four outcome 
categories (TP, FN, FP, TN). True-positive examples display stenosis in the vessels that align with 
the predictions. False-negative frames contain a lesion that is missed, typically under sub-optimal 
imaging conditions (e.g., foreshortening, overlap with guidewires, low contrast, or motion). Specif- ically, 
for LMCA and LAD no false positives were observed (“Zero missed”), consistent with their near-
perfect ROC performance. The LCx row includes an isolated false positive, where contrast 
patterns might mimic a focal stenosis. Overall the LMCA and LAD achieve essentially error-free 
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discrimination, while LCx errors are rare and predominantly arise from anatomical/contrast arti- facts 
rather than systematic misclassification. 

 

 
Figure 42: Typical results of correct and wrong classifications (TP, FN, FP, TN) for each binary 
class i.e. anatomical vessel. 

 

3.6 RCA stenosis detection 

In this subsection, stenosis is detected in the 3 main anatomical regions of the Right Coronary Artery (RCA 
Proximal, RCA Middle, RCA Distal), as a 3-class multi-label problem. Consequently, the output 
layer of the CNN consists of 3 neurons. 

Results are presented for the test subset, which has been split per patient. In the confusion 
matrices of the following subsections, the class labels follow the same binary definition: 0 denotes the 
absence of stenosis (positive) and 1 denotes the presence of stenosis (negative). Correct predictions 
are aligned along the diagonal (true negatives for class 0 and true positives for class 1), while errors 
are captured in the off-diagonal entries (false positives and false negatives). 

 
3.6.1 RCA Proximal Segment stenosis detection 

The confusion matrix in Figure 43 refers to the proximal segment of RCA, which corresponds to 
the first output neuron. Out of 217 non-stenosis cases, 213 were correctly identified and only 4 were 
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misclassified as stenosis. For stenosis cases, the model achieved correct classifications with 68 out 
of 78. These results indicate a very high sensitivity and precision in detecting stenosis. 

 

Figure 43: Confusion matrix for stenosis detection in the proximal RCA segment. 

 
The ROC exhibits a steep initial ascent and remains well above the chance diagonal, indicat- 

ing excellent discriminative ability. Sensitivity above 0.90 is attainable at low false-positive rates 
(0.05–0.10), suggesting reliable detection of proximal RCA lesions without a large increase in false 
alarms. 
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Figure 44: ROC curve for stenosis detection in the proximal RCA segment. 

 
3.6.2 RCA Mid Segment stenosis detection 

The second confusion matrix Figure 45 represents the classification results of the networks second 
output neuron, which refers to the mid segment of RCA and the identification of stenosis. For non- 
stenosis cases, the model correctly detected 213 of non-stenosis (true positives), while the number 
of mis-classified of non-stenotic frames for stenosis was only 7. The stenosis frames are predicted 
correctly in 70 out of 75 frames. The number of false predictions is very low, resulting in increased 
precision and recall. 
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Figure 45: Confusion matrix for stenosis detection in the mid RCA segment. 

 
This curve aligns with the top border for most thresholds, reflecting near-ceiling performance and 

the best separability among the three segments. Very high sensitivities are sustained while keeping 
the false-positive rate minimal, indicating a robust and stable classifier for mid-segment disease 
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Figure 46: ROC curve for stenosis detection in the middle RCA segment. 

 
3.6.3 RCA Distal Segment stenosis detection 

The third output neuron corresponds to the distal RCA segment. Figure 47 represents the classi- 
fication results of the networks third output neuron. The results showed that 130 of non-stenosis 
cases and 141 stenosis cases were correctly classified. The wrongly classified frames included 12 false 
negative and 12 false positives. These results are balanced but the misclassifications are relatively 
increased compared to the middle segment, which indicates that the distal segment stenosis of RCA 
is harder to predict, probably due to the anatomy of the heart. 
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Figure 47: Confusion matrix for stenosis detection in the distal RCA segment. 

 
The ROC curve exhibits a small early elbow, due to a stricter-threshold trade-off (some ini- 

tial false negatives), but the curve rapidly approaches the upper boundary, achieving near-perfect 
sensitivity with only modest growth in false positives. 

 

Figure 48: ROC curve for stenosis detection in the distal RCA segment. 
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3.6.4 Overall results for the 3-class RCA stenosis detection 

Table 11 summarizes the stenosis detection metrics for each of the 3 anatomic regions of the RCA. 
According to the results, the three output neuron model for the right coronary artery (RCA) 
achieved a very high performance across all segments. The model achieved a precision of 92.5%, 
recall 90.9% and a F1-Score of 91.6% indicating a strong ability to recognize stenosis cases. 

Table 11: Performance metrics (precision, recall, and F1-score) for the three RCA output neurons. 
 

Coronary Vessel Neuron Precision% Recall% F1-score% 
RCA proximal 1 94.4 87.2 90.7 

RCA mid 2 90.9 93.3 92.1 
RCA distal 3 92.2 92.2 92.2 

Average 92.5% 90.9% 91.6% 

 
The montage in Figure 49 presents representative qualitative outcomes of the right coronary 

artery (RCA) classifier across anatomical segments and decision outcomes. Rows correspond to the three 
RCA segments (proximal, middle, distal), while columns correspond to the four confusion- matrix 
categories (true positive, false negative, false positive, true negative). True-positive examples show clear 
narrowing within the annotated segment, with preserved background contrast and limited vessel overlap. 
False-negative cases contain a lesion that is not detected maybe because of guidewire overlap, reduced 
contrast, or motion blur. False-positive frames lack clinically relevant focal stenosis but may mimic one 
(vessel crossings). True-negative examples display vessels that stenosis was not detected. 
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Figure 49: Typical results of correct and wrong classifications (TP, FN, FP, TN) for each binary 
class i.e. anatomical vessel. 

 

3.7 LCA Stenosis detection in 8 anatomical regions 

In this subsection, we refine stenosis detection in LCA considering 8 anatomical regions, namely 
LCMA proximal, LCMA middle, LAD proximal, LAD middle, LAD distal, LCx proximal, LCx 
middle, LCx distal). The problem is formulated as an 8-class multi-label problem. Consequently, 
the output layer of the CNN consists of 8 neurons. 

Results are presented for the test subset, which has been split per patient. Figure 50 shows 
the confusion matrices for each of the 8 binary classes, with 0 representing the absence of stenosis 
(negative), and 1 representing the presence of stenosis (positive) in the respective segment. Each 
neuron corresponds to a specific anatomical subdivision of the LCA, and the confusion matrices allow 
evaluation of the model’s performance for each region independently. 

Figure 50 demonstrates consistently strong performance of the stenosis detection model. In 
nearly all segments, the classifier achieves perfect separation between stenotic and non-stenotic 
cases, with almost no false positives and no false negatives.These results indicate that the model 
achieves extremely high sensitivity and specificity across all segments of the LCA, ensuring reliable 
identification of stenotic lesions while minimizing the risk of misdiagnosis. 
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(a) LCMA proximal (b) LCMA middle 

 

(c) LAD proximal (d) LAD middle 
 

(e) LAD distal (f) LCx proximal 
 

(g) LCx middle (h) LCx distal 

Figure 50: Confusion matrices of LCA stenosis (1) vs non-stenosis (0) with 8 neurons. 
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The classification performance across all eight classes is very high, with most classes achieving 
perfect precision, recall and F1-scores according to the table 12. Neurons 1,2 and 8 reached 1.000 in 
recall indicating that the model identified non-stenosis cases without missing any while the stenosis 
cases where nearly perfect. Labels 3,4,5,6 and 7 also achieve near perfect results, with only a marginal 
difference in precision or recall, suggesting minimal misclassifications. But nonetheless their F1-score 
remained very strong which indicates that the balance between precision and recall is very high. The 
overall accuracy indicates that the model maintains consistently high accuracy across all classes 
without a bias to any category. 

 
 

Coronary Vessels Neuron Precision% Recall% F1-score% 
 

LCMA proximal 1 99.6 100 99.8 
LCMA mid 2 98.2 100 99.09 

LAD proximal 3 99.5 99.06 99.2 
LAD mid 4 99.8 99.8 99.8 

LAD distal 5 99.06 99.06 99.06 
LCx proximal 6 99.2 99.2 99.3 

LCx mid 7 99.3 99.2 99.2 
LCx distal 8 98.6 100 99.2 

 

Macro avg 99.1 99.5 99.3 

Table 12: Per-class precision, recall and F1-score (one-vs- rest). 

 
Comparing it with the LCA model of 3 neurons the model performance remained equally high 

despite finer segmentation, demonstrating robustness to granularity of annotation. 
The panel in Figure 51 summarizes representative frames for each left-coronary segment—LMCA 

(proximal, middle), LAD (proximal, middle, distal), and LCx (proximal, middle, distal) arranged by 
prediction outcome (TP, FN, FP, TN). True-positive examples exhibit a clear stenosis in vessels 
within the annotated segment. False-negative cases contain a lesion that is missed, typically under unclear 
viewing conditions (foreshortening, guidewire overlap, low contrast). False positives are less common in 
LCMA and LCx Distal segments (”Zero missed”) while in the rest anatomic parts image quality and 
other observations might mimic a stenosis for the remaining segments. True-negative frames 
represent vessels without any stenosis which the model classified correctly. 

Some of the representative results are as follows. 
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Figure 51: Typical results of correct and wrong classifications (TP, FN, FP, TN) for each binary 
class i.e. anatomical vessel. 
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4 Conclusions and Discussion 

This study presents a fully automated pipeline for the analysis of coronary angiography videos, 
evaluated on 11,929 videos from 767 patients, addressing multiple clinically relevant tasks: auto- 
matic frame selection, anatomical classification of the left and right coronary arteries, detection of 
interventional events, such as balloon inflation and stenosis detection and localization. 

The methodologies and deep learning models that were used, demonstrated high performance 
across the tasks. The AlexNet-based artery classification model achieved an AUC of 99.1% for dis- 
tinguishing between LCA and RCA. Balloon detection with ViT-Base appeared to have strong ac- 
curacy, confirming the suitability of transformer-based approaches for identifying procedural events. 
Stenosis detection achieved AUCs between 96.3% and 98.%4 across RCA segments, while in LCA 
segments had similarly very high values reaching 99.1% macro precision despite its challenging 
anatomy. Importantly, we trained models at the frame level and applied video-level majority vot- ing 
during testing, which reduced frame-wise misclassifications and provided clinically meaningful video-
level predictions. 

In prior research, individual tasks of coronary angiography interpretation have been explored 
in isolation. For frame selection, [4] proposed classical filter-based methods and later introduced 
Deep AngioKey [9], achieving up to 98.1% accuracy. In contrast, our frame selection method com- 
bines vesselness filtering, structural similarity, and a complexity-based Frame Score, ensuring that 
only diagnostically relevant frames are retained before classification and detection. Segmentation 
approaches such as SE-RegUNet [14], DR-LCT-UNet [13], and TVS-Net [15] achieved Dice scores 
ranging from 72% to 86% on coronary vessel masks. They introduced state of the art methods but 
they were based on manual annotations and often operated on static frames and CCTA data. In 
this thesis we focus on providing higher-level diagnostic outputs that are directly applicable in real clinical 
workflows. 

Anatomical classification of LCA vs. RCA was included in CathAI [18], but bounding-box 
localization had limited accuracy ( 48% mAP). Our AlexNet-based model achieved stronger dis- 
crimination, with near-perfect AUC. 

Balloon detection is an important contribution to these studies. To our knowledge, no prior 
studies explicitly addressed procedural event detection in ICA frames and videos. Our results with 
ViT-Base demonstrate that transformer-based architectures can reliably capture changes associated with 
balloon inflation, opening avenues for real-time interventional support. 

Finally, stenosis detection has been addressed in studies such as [16], who applied object detec- 
tion networks achieving mAP up to 95%, and [17], that reported 90% accuracy with DenseNet201. 
However, these relied on manually curated frames with bounding-box annotations. Similarly, AI- 
QCA [19] and [20] introduced methods for stenosis quantification in CCTA, requiring manual frame 
or vessel selection. Our pipeline performs stenosis detection and localization (only the category of 
the vessel), achieving comparable AUCs. 

Key strengths of this study include the use of a large and diverse dataset of ICA videos and 
end-to-end automation without relying on manual frame selection. By focusing on multiple frame 
analysis, our approach aligns closely with real-world clinical practice. 

Our models achieved strong performance across tasks, with AlexNet reaching an AUC of 99.1% 
for LCA/RCA classification, ViT-Base balloon recognition with high accuracy and stenosis detection 
achieving AUCs of 96.3%–98.4% across coronary segments. 

Compared to previous studies, this work is among the first to provide a multi-task, video-based 
pipeline for ICA. The results highlight its potential for real-time decision support, reducing inter- 
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pretation time and variability in the catheterization laboratory. Overall, this study demonstrates the 
promise of automated ICA video analysis as a valuable tool for supporting clinicians in the diagnosis 
and treatment of coronary artery disease. 

This work also has limitations. First, the dataset originates from a single center so more data are 
needed to ensure generalizability. Second, while balloon detection was demonstrated successfully, 
further validation in larger procedural datasets is required. Third, the ground truth annotations 
for stenosis were based on angiographic interpretation and clinical reports given by the hospital and 
binary codes we generated, which may not fully align with other methods of diagnosis. Finally, most 
of our models operate on frames and use majority voting for video-level classifications. 

Future research should extend validation to multi-center datasets. The methodologies and deep 
learning models could be adapted to train and inference on video sequences, instead of single frames, 
which would alleviate the need for frame selection. Deploying a software that would offer the whole, 
or part of the pipeline as a service could enable diagnostic and interventional support, erasing 
the gap between computational methods and practical clinical application. Finally, the proposed 
pipeline and its architecture could be modified for real-time application during the interventional 
clinical procedure. 
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Abbreviations 

 

Abbreviation Definition 

AP Anterior Posterior 

AI-QCA AI-based Quantitative Coronary Angiography 

CAD Coronary Artery Disease 

CMBR Curved Multiplanar Reformats 

CCTA Coronary Computed Tomography Angiogram 

CRA Cranial View 

CAU Caudal View 

DICOM Digital Imaging and Communications in Medicine 

DSC Dice Similarity Coefficient 

GBDT Gradient Boosting Decision Tree 

GDPR General Data Protection Regulation 

ICA Invasive Coronary Angiography 

LCA Left Coronary Artery 

LCMA Left Coronary Main Artery 

LAD Left Anterior Descending 

LCx Left Circumflex 

MMPs Modality Performed Procedure Step 

MLD Minimum Lumen Diameter 

RCA Right Coronary Artery 

PDA Posterior Descending Artery 

PII Personally Identifiable Information 

SE-RegUNet Squeeze-and-Excitation RegUNet 

SSIM Structural Similarity Index 

SGDM Stochastic Gradient with Momentum 

TVS-Net Temporal Vessel Segmentation Network 

Table 13: Glossary of abbreviations used in coronary imaging analysis. 
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