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Abstract

Over the past two decades, intravascular imaging (IVI) has been widely integrated into clinical practice. Unlike traditional angiography,
IVI uses an intracoronary imaging catheter to generate high-resolution cross-sectional images of diseased coronary arteries, thereby
facilitating lesion characterization. These detailed images enable more accurate guidance of percutaneous coronary intervention (PCI).
The clinical utility of IVI is demonstrated across four key stages: preoperative lesion assessment, intraoperative procedural guidance,
postoperative complication detection, and evaluation of stent optimization. Despite these benefits, interventionalists continue to face
challenges in consistently acquiring and interpreting high-quality IVI data. The emergence of artificial intelligence (Al) offers a promising
solution by enabling precise image recognition and automated quantitative analysis, thereby supporting efficient clinical decision-making
and broadening the scope of IVI applications. This review aims to summarize recent research progress in Al-assisted IVI across the PCI
process and discuss future directions to improve the intelligence and efficiency of intravascular imaging.
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1. Introduction

Percutaneous coronary intervention (PCI) has
achieved rapid progress in recent years. Although coronary
angiography remains the gold standard, novel techniques
such as fractional flow reserve (FFR) and intravascular
imaging (IVI) are playing increasingly vital roles in PCI,
ushering coronary interventional medicine into a more pre-
cise era [1]. Relying exclusively on coronary angiography
provides two-dimensional images of the coronary arteries,
which are insufficient for a comprehensive assessment
of plaque morphology. This limitation is particularly
pronounced in vessels exhibiting positive remodeling
or negative remodeling. In contrast, IVI can provide
detailed cross-sectional data of the lesion, thus optimizing
stent implantation and revascularization strategies while
reducing the incidence of post-procedural adverse events.
Over the years, numerous clinical studies have demon-
strated the benefits of IVI-guided PCI [2,3,4,5,6,7,8,9]
(Table 1). For instance, a randomized controlled trial
focusing on patients with acute coronary syndrome and a
subsequent network meta-analysis have further confirmed
these findings [6,10]. Accordingly, the European Society
of Cardiology for the Management of Chronic Coronary
Syndromes now designates [VI-guided PCI for complex
lesions as a Class la recommendation [11], underscoring
its clinical significance.

Currently, the most commonly used IVI modalities in
clinical practice include intravascular ultrasound (IVUS),
optical coherence tomography (OCT), and near-infrared
spectroscopy (NIRS). Given their unique imaging princi-
ples, each IVI modality has its own advantages and limita-
tions in clinical application. The frequency range of com-
monly used IVUS transducers is 40-60 MHz. Based on
ultrasound reflection imaging, this modality offers strong
tissue penetration, is unaffected by blood interference and
clearly displays the full thickness of the vessel wall. This
has established IVUS as the gold standard for measuring
the minimum lumen area and assessing plaque burden (PB).
However, its relatively low-resolution limits its ability to
characterize the fine microstructure of plaques. Although
second-generation IVUS technologies (such as Virtual His-
tology IVUS and Integrated Backscatter IVUS) have at-
tempted to address this limitation through tissue characteri-
zation [12,13,14,15], they still face challenges in accurately
identifying vulnerable plaques. The integration of near-
infrared spectroscopy with intravascular ultrasound (NIRS-
IVUS) has partially addressed this limitation, enabling the
accurate identification of lipid-rich vulnerable plaques [16],
which have been closely associated with adverse cardiovas-
cular events [17]. Waksman et al. [18] conducted the lipid-
rich plaque (LRP) study, which further validated NIRS-
IVUS as a novel risk-stratification tool in clinical practice.
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Table 1. Summary of randomized controlled trials on IVI-guided vs Angio-guided PCI for coronary artery disease.

Sr. No. Study name [Ref. #], year Modality Enrolled Follow-Up Population characteristics Primary endpoint (IVI group vs Angio group)
(IVI/Angio)
1. IVUS-XPL [2], 2020 IVUS vs Angio 700/700 Sy Patients with long coronary lesions (implanted MACE: 5.6% vs 10.7% (HR = 0.50; 95% CI: 0.34—
stent length >28 mm) 0.75, p=10.001)
2. OCTOBER [3], 2023 OCT vs Angio 600/601 2y Patients with a clinical indication for PCI and a MACE: 10.1% vs 14.1% (HR =0.70, 95% CI: 0.50—
complex bifurcation lesion identified by means of 0.98, p = 0.035)
coronary angiography
TVF: 7.4% vs 8.2% (HR = 0.90, 95% CI: 0.67-1.19,
p=045)
3. ILUMIEN IV [4], 2023 OCT vs Angio 1233/1254 2y Patients with comorbid diabetes mellitus or com- Thezn.n‘mmum stent area after PCI was 5.72 j.2'04
plex coronary artery lesions mm. in the OCT group and .5.36 + 1.87 mm~ in the
angiography group (mean difference, 0.36 mm?;
95% CI: 0.21 to 0.51; p < 0.001)
4. RENOVATE-COMPLEX-PCI IVUS/OCT vs Angio 1092/547 median follow- Patients with complex coronary-artery lesions (in- TVF: 7.7% vs 12.3% (HR = 0.64, 95% CI: 0.45—
[5], 2023 up time: 2.1y cluding bifurcation lesions, chronic total occlu- 0.89, p =0.008)
sion, unprotected left main coronary artery)
5. IVUS-ACS [6], 2024 IVUS vs Angio 1753/1752 ly Patients with acute coronary syndrome TVF:4.0% vs 7.3% (HR = 0.55, 95% C1 0.41-0.74,
p=10.0001)
6. OCCUPI [7], 2024 OCT vs angio 803/801 ly Patients who met the criterion of one or more com- MACE: 5% vs 7% (HR =0.62, 95% C10.41t0 0.93,
plex lesions p=0.023)
7. ECLIPSE [8], 2025 IVUS/OCT vs angio  1246/759 ly Patients with severely calcified lesions (calcifica- TVF: 9.3% vs 13.2% (HR = 0.74, 95% CI: 0.56—
tion length >15 mm) 0.97, p=0.03)
8. CALIPSO [9], 2025 OCT vs angio 65/69 / Patients with stable moderate to severe calcified The final median (IQR) MSA: 6.5 [5.5-8.1] mm?

coronary lesions on coronary angiography sched-
uled for PCI

vs 5.0 [4.1-6.1] mm?; p < 0.001

Angio, angiography; CI, confidence interval; IVI, intravascular imaging; IVUS, intravascular ultrasound; IQR, interquartile range; HR, hazard ratio; MSA, minimum stent area; MACE, major adverse cardiac

event; OCT, optical coherence tomography; PCI, percutaneous coronary intervention; TVF, target vessel failure; y, years.
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OCT achieves imaging based on the principles of
reflection and interference of near-infrared light, boast-
ing higher spatial resolution (10-20 um axial resolution)
that can offer clear visualization of plaque microstruc-
ture. Because of this advantage, OCT holds an irreplace-
able position in assessing fibrous cap thickness, detecting
macrophage infiltration, and measuring dissection angles
and lengths [19]. However, since light penetration into tis-
sue is limited (approximately 1.0-2.5 mm), blood clearance
by contrast flushing is required during OCT imaging. Ac-
cordingly, OCT remains slightly inferior to IVUS for visu-
alizing the full thickness of the vessel wall.

The rapid evolution of artificial intelligence (Al), es-
pecially machine learning and deep learning (DL), has es-
tablished a new technical approach for modern cardiovas-
cular imaging. Machine learning, with its powerful com-
puting and self-learning capabilities, aligns well with the
modern medical demand for efficient and precise diagnosis.
It has been widely explored for its role in assisting clinical
decision-making, particularly in cardiovascular medicine.
Machine learning mainly includes three major categories:
supervised learning, unsupervised learning, and reinforce-
ment learning. Supervised learning, which includes meth-
ods such as regularized regression, decision trees, and sup-
port vector machines, is commonly employed for risk pre-
diction and classification [20]. In contrast, unsupervised
learning focuses on exploring potential relationships be-
tween variables and serves as the theoretical foundation of
DL [21]. Reinforcement learning integrates features of su-
pervised and unsupervised learning, enabling iterative op-
timization of algorithmic performance through interaction
with the environment. As an extension of machine learning,
DL makes convolutional neural networks (CNN) as its core,
being utilized to classify and segment images, which has
been widely applied in clinical practice, such as computed
tomography pulmonary nodule detection [22], the identifi-
cation of atrial fibrillation in electrocardiograms [23] and
computed tomography fractional flow reserve (CT-FFR)
analysis of coronary computed tomography angiography
[24]. Consequently, this review aimed to systematically ex-
amine advances in Al-assisted IVI and its potential future
development directions.

2. Al-Assisted Intravascular Imaging for
Preoperative Assessment
2.1 Accurate Segmentation and Quantification of Plaque
Burden

Numerous prior studies have shown that IVUS ex-
hibits high sensitivity in identifying vascular wall struc-
tures, detecting plaques, and quantifying PB [25]. Accu-
rate assessment of PB can directly guide the selection of
stent landing zones. The 2018 Expert Consensus on In-
tracoronary Imaging indicates that stent implantation in re-
gions with a PB exceeding 50% is associated with an in-
creased risk of restenosis [26]. Recent studies have demon-
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strated that Al can achieve high-precision segmentation of
the lumen and external elastic membrane (EEM) in IVUS
images, thereby identifying optimal landing zones through
rapid, accurate determination of stenosis severity and delin-
eation of plaque distribution. Blanco et al. [27] developed
a fully automated segmentation model for lumen and vas-
cular contours based on a multi-frame convolutional neu-
ral network (MFCNN) and a Gaussian process (GP) regres-
sor, and its results demonstrated high concordance with ex-
pert human assessments. A Canadian study introduced a
fully convolutional DL model based on a Dual Path U-Net
and data augmentation strategies, demonstrating the Al seg-
mentation model’s excellent generalization capability [28].
Hammouche et al. [29] developed an IVUS lumen segmen-
tation algorithm based on a 3D adaptive spiral model. This
approach achieves high segmentation accuracy (Dice in-
dex >94%) and fast computation (0.07 seconds per frame),
while effectively handling complex coronary IVUS images
with stenoses, artifacts, and other challenging features [29].
In addition, to address the issue that common artifacts in
IVUS images (such as severe calcification and vessel bifur-
cation) compromise segmentation accuracy, a novel algo-
rithm developed by a UK team has demonstrated precise
segmentation in these challenging scenarios while effec-
tively suppressing the artifacts [30]. In recent years, sev-
eral research teams have developed a range of Al models
for IVUS images acquired at different transducer frequen-
cies, all achieving high detection accuracy and strong clin-
ical applicability [31,32,33].

Compared with IVUS, OCT has traditionally been
difficult to use to accurately assess PB due to its lim-
ited tissue penetration depth. However, the integration
of Al is overcoming these anatomical limitations. Huang
et al. [34] systematically validated the accuracy and fea-
sibility of a DL-based OCT algorithm for the automated
quantification of PB. Similarly, Chu et al. [35] devel-
oped a CNN-based model that achieved high diagnostic
accuracy in the automated assessment of PB from OCT.
Gao et al. [36] proposed the privileged modality distil-
lation framework, which achieved exceptional accuracy
(Dice index >95%) in dual-modality vascular boundary de-
tection using IVUS and OCT. Collectively, these studies
indicate that Al not only improves analytical efficiency
but also delivers precise lesion characterization (Table 2,
Ref. [27,28,29,30,31,32,33,34,35,36]), thereby providing
reliable quantitative references for interventional cardiolo-
gists and facilitating precision cardiovascular medicine.

2.2 Plaque Characterization

In clinical practice, plaque phenotype is directly
linked to the severity of coronary lesions. Atherosclerotic
lesions characterized by a large lipid-rich core and a thin fi-
brous cap are termed thin-cap fibroatheroma (TCFA). These
high-risk lesions are closely associated with the occurrence
of acute coronary syndrome and often indicate a poor clin-
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Table 2. Summary of Al-based segmentation and quantification models for coronary IVUS and OCT images.

Author name [Ref. #],

Transducer frequency Dataset

Sr. No. Implemented technique Evaluation metric Technical advantages
Year (MHz)
IVUS
1. The dual-path architecture is well-
Dataset A: suited for small-sample training;
. . JI (lumen): 0.87 HD (lumen): 0.82 mm 2. Artifact-specific augmentation
Fully Convolutional Dataset A: 78 IVUS images . . L .
For dataset A- 40 MHz . JI (media): 0.86 HD (media): 1.07 mm enhances generalization capability;
1. Yang et al. [28],2019  Neural Network Dataset B: 435 IVUS images from 10 . .
For dataset B- 20 MHz . Dataset B: 3. The single-frame segmentation
Dual Path U-Net patients o
JI (lumen): 0.90 HD (lumen): 0.25 mm time is only 0.03 seconds;
JI (media): 0.92 HD (media): 0.30 mm 4. Supports multi-frequency data
of 20/40 MHz.
1. No initialization close to the target
JI: 0.8855 + 0.0509 DI: 0.9385 £ 0.0297 is required, featuring a fully automated
Hammouche et al. [29], . . .
2. 2019 3D adaptive helix model 20 MHz 8918 IVUS images from 19 pullbacks HD: 0.275 £ 0.139 mm workflow;
Accuracy: 98.5% 2. Boasts robust 3D reconstruction
capability.
Dataset A:
JI (Lumen): 0.77 = 0.09
HD (Lumen): 1.21 + 0.68 mm
PAD (Lumen): 0.23 £ 0.18
JI (Media): 0.83 +0.08
Dataset I HD (Media): 1.13 £ 0.69 mm 1. Strong adaptability across multiple
SelectP-MSER (MSER Publicly available dataset A and dataset B PAD (Media): 0.11 + 0.10 f ies (20/40 MHz);
3 Huang et al. [31],2020 is the maximally stable 20 MHz & 40 MHz 4 a‘fal ableda ?Se and datase (Media): 0. ’ requencies ( . 2); .
) I region) Self-established and single- frame dataset: Dataset B: 2. Excellent resistance to artifacts
extremal region
& 300 IVUS images of 3 patients at 40 MHz JI (Lumen): 0.89 £ 0.05 (guidewire/shadow).
HD (Lumen): 0.28 £ 0.17 mm
PAD (Lumen): 0.10 + 0.08
JI (Media): 0.84 +0.11
HD (Media): 0.47 = 0.31 mm
PAD (Media): 0.13 £0.13
MFCNN+Gaussian . Relative distance error: 3.02 (2.25-3.95)% .
. 23,970 IVUS images from 85 IVUS . . Adaptable to large-scale IVUS image
4 Ziemer et al. [32],2020 Process (GP) UR . Maximum distance error: 10.3 (7.2-16.0)% . .
- . pullbacks of 52 patients . datasets from multiple patients.
\gé Regression Relative area error: 5.12 (2.15-9.00)%
2 DI (Lumen): 0.96 + 0.03
o A .. HD (Lumen): 0.19 £ 0.16 mm .
E Pix2pix conditional . Strong robustness in complex
o . . . 26,211 IVUS images from 197 IVUS IoU (Lumen): 0.92 +0.05 . X .
9 5 Bajaj et al. [30],2021  Generative Adversarial 50 MHz . . scenarios (calcification/collateral
7] pullbacks of 65 patients DSC (Media): 0.98 +0.02

Network (GAN).

HD (Media): 0.15+0.17 mm
IoU (Media): 0.96 + 0.03

vessels).
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Table 2. Continued.

Author name [Ref. #],

Transducer frequency

Sr. No. Implemented technique Dataset Evaluation metric Technical advantages
Year (MHz)
1. The multiscale feature representation
and fusion capability have been enhanced
JI (Lumen): 0.9080 + 0.0321 i
IVUS-U-Net++ (Deep HD (L ) 0.1484 < 01584 to a certain extent;
. . umen): 0. . mm
6 Zhu et al. [33], 2022 learning with feature 40 MHz 1746 IVUS images from 18 patients . 2. It integrates multi-scale features,
) JI (Media): 0.9199 + 0.0370 . . . .
pyramid network) . effectively addressing the insufficient
HD (Media): 0.1781 £ 0.1906 mm . ~ . K
feature fusion of traditional U-Net-like
models.
1. Utilizes inter-frame adjacent infor-
JI (Lumen): 0.913, IQR: (0.882, 0.935) . L. .
13,435 IVUS images from 160 IVUS  JI: 0.940, IQR: (0.917, 0.957) mation, resulting in strong segmentation
7 Blanco et al. [27], 2022 MFCNN+GP Regression 20 MHz ’ gv T RO continuity;
pullbacks of 63 patients LA:1=0.98 (p <0.01) . . L
2. GP regression filters noise, yielding
PB:r=0.95 (p<0.01)
smooth contours.
OCT
For IVUS:
DI (Lumen): 0.95 JI (Lumen): 0.92
HD (Lumen): 0.22 mm =+ 0.15; .. -
Privileeed Modalit DI (Media): 0.96 Excellent clinical compatibility:
rivi i ia): 0.
8 Gao etal. [36],2020 v eeed Modally 20 MHz 2018 IVUS images and 2018 OCT images edia compatible with both IVUS
Distillation (PMD) JI (Media): 0.92 . . .
. and OCT imaging modalities.
HD (Media): 0.29 mm =+ 0.22 mm
For OCT Lumen: DI: 0.97
JI: 0.95 HD: 0.16 mm =+ 0.20 mm
The PB assessed by the model correlated very .
Internal Dataset: . The model uses pseudo-3D input—
) . well with the ground truth (R? = 0.98, p < ) .
U-shaped encoder- Frequency-domain 509 OCT pullbacks (391 patients); 10,517 . . stacked consecutive OCT cross-sections
. . . 0.001), with a mean difference of 0.35 +2.2% .
9 Chuetal. [35],2021  decoder with pseudo-3D OCT systems used, training frames and 1156 testing frames. as separate color channels—to integrate
. . o and an ICCa of 0.99 (95% CI: 0.98-0.99). . . .
input and hybrid loss not IVUS External Validation Dataset: 300 OCT spatial information which can reduce
. Average speed of 0.07 + 0.01 seconds per . .
frames from 30 patients. . feature loss during downsampling.
cross-section
PB Concordance: ICC = 0.81 .
. - . . Adapts to the low penetration depth of
Deep learning (U-shaped .. .. Validation: 64 paired OCT and IVUS PB Difference: —3.53 £ 6.17% . .
20 MHz (for validation . . . . OCT, breaking through the limitation
10 Huang et al. [34], 2023 encoder-decoder CNN cross-sections from 15 patients. Diagnostic Accuracy (PB >65%): 92% o
IVUS) that traditional OCT cannot accurately

applied to OCT)

DL Training: 11,673 OCT cross-sections.

Lumen Area: ICC =0.85
Vessel Area: ICC =0.72

quantify PB.

CI, confidence interval; CNN, convolutional neural network; DI, dice index; DL, deep learning; DSC, dice similarity coefficient; GAN, generative adversarial network; HD, hausdorff distance; ICC, intraclass correlation

coefficient; ICCa, adjusted intraclass correlation coefficient; IVUS, intravascular ultrasound; IQR, interquartile range; J1, jaccard index; loU, intersection over union; LA, lumen area; MFCNN, multi-frame convolutional

neural network; MSER, maximally stable extremal region; OCT, optical coherence tomography; PAD, percentage of area difference; PB, plaque burden; PMD, privileged modality distillation; UR, unreported.
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ical prognosis [37,38]. However, severe calcification fre-
quently results in suboptimal stent expansion, thereby in-
creasing the risk of adverse perioperative events, such as
in-stent thrombosis and restenosis [39,40]. Thus, accurate
characterization of plaque features is critical, and Al offers
a more efficient strategy for the precise identification and
quantification of coronary atherosclerotic plaques.

OCT provides high-resolution imaging information on
plaque characteristics, and Al technology has substantially
improved the efficiency and accuracy of OCT for coro-
nary plaque detection and analysis. A South Korean re-
search team randomly divided 602 coronary lesions from
602 patients with angina into a training set and a test set
at a 4:1 ratio. They developed a DenseNet model to au-
tomatically detect TCFA, which achieved an overall ac-
curacy of 92.8% on the test set and showed a significant
correlation with expert identification (» = 0.87, p < 0.001)
[41]. Chu et al. [35] developed and validated a deep
CNN-based AI model that not only achieved high accu-
racy in automatically assessing PB but also enabled auto-
matic identification of plaque characteristics. The model
achieved its highest diagnostic accuracy in the classification
of fibrous plaques (accuracy 97.6%, 95% confidence inter-
val [CI]: 93.4-99.3%), followed by lipidic plaque (90.5%
[95% CI: 85.2-94.1%]) and calcifications (88.5% [95%
CI: 82.4-92.7%]) [35]. Building on this work, the inves-
tigators further developed another model, dual-coordinate
cross-attention transformer (DCCAT), designed to identify
thrombus location and area in OCT images. On an external
test set, it achieved a Dice similarity coefficient (DSC) of
0.706 for thrombus segmentation, significantly outperform-
ing the traditional CNN (DSC: 0.656) and the transformer-
based model (DSC: 0.584) [42]. Abdolmanafi et al. [43]
developed an Al model for multi-type atherosclerotic le-
sion classification including thrombus based on the ResNet
architecture, achieving an accuracy of up to 98% for throm-
bus, comparable to that of human experts. Moreover, in re-
cent years, several studies have focused on developing Al
models based on OCT images, enabling automated mea-
surement of fibrous cap thickness and discrimination of
plaque tissue components [44,45,46]. OCT offers a distinct
advantage in identifying calcified plaques. Avital etal. [47]
developed a DL algorithm based on the U-Net that achieved
automated segmentation of coronary calcifications in OCT
images, with an accuracy of 0.9903 + 0.009. Meanwhile,
American research teams created a segmentation network-
derived model that automatically segments and quantifies
calcification features, achieving a calcification sensitivity
of 0.85 + 0.04. The model automatically quantifies lumen
area, calcification arc, thickness, and depth, with a segmen-
tation time of less than one second per frame, offering an
automated solution for planning pretreatment strategies for
calcified lesions prior to PCI [48].

Compared with OCT, identifying plaque tissue com-
ponents using IVUS is more challenging. The integra-

tion of Al technology has effectively addressed this dif-
ficulty, driving the upgrade of IVUS image analysis to-
ward more intelligent and automated solutions. Recent ad-
vancements in Al have facilitated the high-fidelity classifi-
cation of plaque morphology, which was previously a man-
ual and subjective process [49]. Bae et al. [50] constructed
a supervised machine learning model based on 41,101 co-
registered IVUS-OCT frames from 517 patients. Among
the models evaluated, the artificial neural network achieved
the best performance in predicting TCFA as defined by
OCT, with an accuracy of 82% (area under the curve [AUC]
=0.82) in the test set [50]. Masuda et al. [51] established
a 7-layer U-Net++ DL model using integrated backscatter
IVUS as the reference standard. This model enabled auto-
mated segmentation of the lumen and vessel wall on con-
ventional IVUS images, as well as accurate quantification
of lipid, fibrous, dense fibrous, and calcified tissues, with
superior performance in lipid identification. The model pre-
dicted LRP with a sensitivity of 62% and a specificity of
94% [51]. Collectively, these advancements have signifi-
cantly expanded the clinical utility of IVUS, enabling more
robust and objective qualitative assessment of atheroscle-
rotic lesions.

2.3 New Dimension in Functional Assessment

In current clinical practice, along with the advance-
ment of high-resolution imaging techniques, the functional
index, FFR, is also widely used in PCI, which can more ac-
curately assess whether vascular stenosis truly causes my-
ocardial ischemia from a functional perspective [52,53].
Although significant efforts have been undertaken to ex-
plore the association between vascular morphological char-
acteristics and functional parameters over the past few
years, the findings have not been entirely satisfactory
[54,55]. With the rise of Al technology, its powerful com-
puting and feature-extraction capabilities have opened new
possibilities for overcoming this limitation. For example, a
functional assessment method based on coronary CT-FFR
stands as a landmark success of Al in the functional domain
[56,57].

On this basis, more research teams have sought to
combine IVI with FFR to achieve a deeper integration of
morphological and functional assessments. In a study of
1328 coronary lesions, researchers found that an IVUS-
based machine-learning model could accurately identify le-
sions that cause myocardial ischemia. By learning the re-
lationships between numerous imaging features and FFR
results, the model ultimately achieved a diagnostic accu-
racy exceeding 83% [58]. Another study by Cha et al. [59]
demonstrated that an OCT-based Al model can also predict
FFR results with relatively high accuracy. These models
enable rapid localization of true ischemic culprit lesions in
complex multivessel disease, thereby not only preventing
unnecessary stent placement but also facilitating function-
ally successful interventions by predicting post-PCI FFR.
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3. Al-Assisted Optimization of the PCI
Procedure and Device Selection

The limitation of traditional coronary angiography has
been addressed by the development and application of IVI
in recent years. It has transformed coronary imaging from
mere luminal morphological observation to detailed anal-
ysis of three-dimensional vascular structures. This can
guide interventional procedures more efficiently and re-
duce adverse events following stent implantation [25]. Sev-
eral randomized controlled trials have confirmed its clini-
cal value. For example, the ILUMIEN III study enrolled
450 patients with coronary artery lesions across 29 hospi-
tals in 8 countries, who were randomly assigned in a 1:1:1
ratio to undergo PCI guided by OCT, IVUS or angiography.
The results demonstrated that compared with angiography-
guided PCI alone, OCT-guided PCI significantly improved
stent expansion (minimum stent expansion rate: 87.6% vs.
82.9%, p = 0.02) [60]. Based on precise pre-procedural
measurements of lumen and vessel dimensions, quantitative
analysis of PB, and comprehensive assessment of lesion
characteristics, interventionalists can select more appropri-
ate and personalized stent implantation strategies. Over-
all, Al-assisted IVI significantly enhances the accuracy of
pre-operative lesion assessment, thereby providing stronger
support for interventional planning.

However, in current clinical practice, operators mainly
rely on visual assessment and manual measurements from
angiography and IVI during PCI procedures, which are sub-
jective, operator-dependent, time-consuming, and poorly
replicable. The clinical adoption of IVI is currently hin-
dered by the need for specialized expertise and a widespread
lack of systematic training among clinicians [61]. This in-
dicates that standardized training and intelligent assistive
tools are needed in the future to improve the clinical, diag-
nostic and operational performance.

Al has been integrated across various medical sectors,
demonstrating considerable potential to assist clinicians in
formulating interventional strategies and selecting device
sizes. By facilitating the automated identification and quan-
titative analysis of IVI features, Al provides the founda-
tional technical support for precise preoperative planning.
Existing studies have developed automated IVUS image
segmentation technology based on DL methods that can
accurately quantify lumen dimensions and provide objec-
tive evidence for device selection [28,62]. Matsumura et al.
[63] developed a machine learning model, which achieved
high accuracy in automatically segmenting coronary vessel
structures, quantifying lumen size, and predicting appropri-
ate balloon dimensions in their recent investigation. Fur-
thermore, the Al-integrated IVUS system AVVIGO, devel-
oped by Boston Scientific, has demonstrated excellent per-
formance in clinical validation. A recent study has already
indicated that the system exhibits a high degree of concor-
dance with human experts in selecting stent sizes and sig-
nificantly enhances procedural efficiency [64].
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More promisingly, many research teams are exploring
the use of Al to predict outcomes in interventional proce-
dures. A South Korean research team analyzed 618 lesions
and developed an innovative DL model that can accurately
predict post-stent-implantation expansion based solely on
pre-procedural IVUS imaging. It can achieve a prediction
accuracy of up to 94% [65]. The application of this model
helps interventionalists identify high-risk lesions before the
operation that are associated with inadequate stent expan-
sion, thereby guiding personalized lesion preparation and
device selection [65].

latrogenic vessel wall disruption, manifesting as dis-
sections or hematomas, frequently complicates PCI proce-
dures within the dilated or adjacent stent segments. With
its superior tissue penetration, IVUS can clearly display the
extent and depth of dissections and hematomas [66]. In
contrast, with its higher spatial resolution, OCT can pro-
vide a detailed assessment of microscopic features, includ-
ing dissection morphology, flap angle, extent, and intimal
flap thickness [67]. According to the dissection informa-
tion provided by IVI, interventionalists can select appropri-
ately sized, length-matched stents to ensure complete cov-
erage of the dissection entry and exit points, thereby sig-
nificantly reducing the risk of postoperative restenosis or
in-stent thrombosis. However, research on Al-assisted IVI
that automatically identifies dissections and hematomas re-
mains relatively limited. This area holds substantial poten-
tial and is expected to emerge as a primary focus of future
Al-assisted IVI investigations.

4. Al-Assisted Identification of Post-PCI
Complications

As mentioned above, IVI can assist in determining the
need for intervention, optimizing stent size and length se-
lection, and guiding optimal stent landing. It also plays
a critical role in post-procedural assessment [68]. IVI
can identify various complications after stent implantation,
such as edge dissection, stent malapposition, tissue pro-
lapse, and insufficient residual lumen area [69,70]. Thus,
operators can use information provided by IVI to deter-
mine the need for additional intervention. Moreover, anal-
ysis of postoperative images can reveal potential causes of
poor outcomes, such as stent fracture or in-stent resteno-
sis [71,72]. In the field of automated stent imaging analy-
sis, based on a large-scale dataset (1576 IVUS pullbacks)
and an independent validation set, Nishi et al. [73] innova-
tively proposed a DL model capable of automatically seg-
menting the stent region and accurately quantifying stent
dimensions. This work provides foundational support for
the future quantitative analysis of inadequate stent expan-
sion. However, the model exhibits limited ability to auto-
matically identify major complications such as dissections,
thrombi, tissue prolapse, and stent malapposition. This is
still an important challenge that needs to be overcome in
the future. Concurrently, other research teams have devel-
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oped various DL models for postoperative IVUS images.
The DL algorithm proposed by Wissel et al. [74] can effi-
ciently and accurately segment the stent area in IVUS pull-
back image sequences, further verifying the potential of Al
for post-procedural IVUS evaluation.

In contrast, OCT relies on its high spatial resolution,
which enables clearer visualization of subtle features, such
as stent strut apposition, tissue coverage, and stent strut dis-
tribution [75]. Wang et al. [76] proposed an innovative
algorithmic framework that automates 3D detection of the
stent mesh structure in OCT, reducing analysis time from
several hours to approximately 2 minutes. This lays an im-
portant foundation for the intelligent quantitative analysis
of OCT. Concurrently, the feasibility of automated OCT-
based stent analysis has been independently validated by Xu
et al. [77], Tsantis et al. [78], and Lu et al. [79]. In recent
years, a team of Chinese scholars, based on 25,203 OCT
images, developed a DL model, which can accurately dif-
ferentiate stents based on tissue coverage thickness and was
systematically validated for its applicability and robustness
in vessels with multiple stents [80].

5. Comparison and Perspectives of Diverse
Al Approaches

Current Al models for coronary intravascular image
analysis can be compared along two dimensions: network
architecture type and learning paradigm. Their perfor-
mance characteristics, strengths, and limitations are closely
tied to clinical applicability.

CNN-based models, including U-Net and its variants,
MFCNN, and others, are currently the mainstream choice
for IVI analysis. Their main advantage is the efficient ex-
traction of local spatial features, which helps capture the
morphology of structures such as the lumen and plaque.
Through training, they can accurately segment the lumen
and media, as demonstrated by Ziemer et al. [32], Ham-
mouche etal. [29], and Gao et al. [36], among others. How-
ever, traditional CNNs are limited by their weak ability to
capture long-range spatial dependencies, and their perfor-
mance tends to degrade when dealing with complex lesions
such as tortuous and bifurcated vessels. Moreover, some
models, such as MFCNN, have high requirements for input
sequence continuity and data quality. In recent years, com-
pared with traditional CNNs, the emerging Transformer ar-
chitecture has been shown to capture long-term dependen-
cies [81], and recent studies have integrated it into med-
ical imaging tasks to further improve AI model perfor-
mance [82]. However, Transformer relies on large anno-
tated datasets, incurs high computational cost and is vul-
nerable to artifacts such as guidewire shadows. As a result,
its accuracy is slightly lower than that of optimized CNN
variants.

In terms of learning methods, most Al models de-
veloped so far are based on supervised learning, which
relies on large amounts of manually annotated “image-

ground truth” data. Supervised learning, however, incurs
extremely high annotation costs, and its generalizability is
greatly affected by the distribution of annotated data. Semi-
supervised learning addresses data insufficiency through
limited annotation but lacks the precision of supervised
models, rendering it less effective for plaque characteriza-
tion than for coarse lumen segmentation.

While CNNs remain the standard for IVI analysis,
Transformer architectures are increasingly employed for
complex spatial tasks like bifurcation evaluation. Besides,
weakly supervised learning is pivotal for optimizing large-
scale, multi-center datasets by minimizing annotation costs
and enhancing clinical scalability.

6. Opportunities and Challenges

Driven by rapid progress in Al, multiple Al-integrated
IVIsystems, including AVVIGO+ (Version 1.0, Boston Sci-
entific Corporation, Marlborough, Massachusetts, USA),
Ultreon OCT 2.0 (Version 2.0, Abbott, Abbott Park, Illi-
nois, USA), and Gentuity HF-OCT (Gentuity, LLC, Sud-
bury, Massachusetts, USA), have emerged in recent years.
These systems have been applied in the current catheteriza-
tion laboratory, playing significant roles in pre-procedural
assessment, intra-operative guidance, and post-procedural
analysis of PCI [83]. Although such Al tools exhibit sig-
nificant advantages in image processing and analysis effi-
ciency, studies have shown that their measurements of lu-
men, vessel, and stent region dimensions are more conser-
vative than those of human experts, with a potential ten-
dency toward systematic underestimation [84]. Therefore,
whether these Al-integrated IVI systems are feasible and re-
liable in clinical settings requires further validation through
additional prospective studies.

Current evidence confirms that Al-integrated IVI op-
timizes the full spectrum of the PCI continuum, from initial
lesion characterization to real-time guidance and long-term
complication monitoring. Nevertheless, although most de-
veloped Al models have demonstrated good performance
on validation or external test sets, their practical value
in real clinical settings remains to be further confirmed.
Nowadays, there is inadequate evidence to confirm that
these models based on Al can significantly enhance proce-
dural efficiency, improve clinical outcomes, or reduce the
incidence of adverse events in actual PCI practice. There-
fore, large-scale, multicenter randomized controlled trials
are needed to systematically evaluate the real-world bene-
fits of Al-assisted IVI in clinical practice. In addition, the
diversity of sources for clinical intracoronary imaging de-
vices leads to significant variations in imaging parameters
and stored data formats among devices from different man-
ufacturers. To address this, efforts should focus on advanc-
ing multi-center, multi-device data collaboration. Standard-
ized data preprocessing, including unifying image resolu-
tion and calibrating the grayscale distribution, can enhance
the model’s adaptability across diverse devices. Further-
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more, for Al to be adopted in clinical practice, it requires
not only higher efficiency and real-time, lag-free analy-
sis but also standardized workflows, improved social reg-
ulatory mechanisms, well-defined data access permissions,
and multidisciplinary collaboration. A study in an emer-
gency setting reported that Picture archiving and commu-
nication system improves the accuracy of image interpreta-
tion [85]. This finding underscores the critical role of sys-
tematic infrastructure development. Therefore, better in-
frastructure could help promote wider acceptance of Al in
coronary intervention.

Notably, Al research in IVI is gradually expanding to
include more complex lesion types. More research teams
are attempting to develop models capable of identifying
and quantifying complex structural features, such as auto-
matically detecting the presence and angle of dissections,
and even exploring the feasibility of using Al to guide wire
crossing paths in chronic total occlusion lesions. These pi-
oneering explorations have opened new directions for Al-
assisted precise interventional therapy and have also pro-
vided important support for developing intelligent and in-
dividualized interventional strategies in the future.

7. Conclusion

With the accumulation of clinical evidence, the appli-
cation of IVI in PCI is increasingly recognized for improv-
ing long-term patient prognosis. With its powerful com-
puting power, Al has been integrated into clinical prac-
tice, demonstrating remarkable efficiency and accuracy,
and aligning perfectly with the evolving trend of precision
medicine. Integrating Al with IVI can achieve more precise
image recognition and quantitative analysis, while expand-
ing the clinical application scope of IVI. Currently, multiple
research groups are actively developing Al models for com-
plex imaging analysis in IVI, while IVI systems integrated
with Al have already entered clinical practice. Future large-
scale prospective studies are expected to refine PCI proce-
dures, offering renewed promise for patients with coronary
artery disease.
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