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CoroJA RetinaNet: A Multiscale Attention-Guided Framework for

Automated Coronary Plaque Detection in CTA Images
Xuan Nie , Teng Li , Yinan Yuan , Zichen Yan , Yiwen Liu , Guangpu Zhou , and Bosong Chai

Abstract—Coronary heart disease is one of the most common
cardiovascular diseases. Currently, CTA imaging has become
the most widely used modality for its diagnosis. The detection
of coronary plaque is an important basis for accurate diagnosis.
In order to further improve the accuracy and efficiency of
coronary plaque detection, this study proposes a series of
automatic detection methods for coronary plaque based on deep
learning. The approach begins by segmenting coronary arteries
using a Transformer model integrated with an multi-resolution
overlapping attention mechanism, thereby reducing interference
in plaque detection. Subsequently, a two-stage hybrid strategy is
employed for centerline extraction and optimization, and a multi-
angle straightened surface reconstruction method is proposed to
generate high-quality data for plaque detection. An improved
RetinaNet (CoroJA RetinaNet) is developed, integrating an
attention mechanism, enhanced feature pyramid networks,
and optimized post-processing strategies. Experimental results
demonstrate that the proposed method significantly improves the
accuracy and efficiency of coronary plaque detection compared
to traditional approaches.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9889

Index Terms—Coronary heart disease, Coronary plaque detec-
tion, Surface reconstruction, Attention mechanism.

I. INTRODUCTION

CORONARY heart disease is among the most common
cardiovascular conditions today [1]. Its primary cause

is the accumulation of plaques on vessel walls, leading to
the narrowing of coronary arteries and subsequently impairing
blood flow. Therefore, accurate detection and identification of
coronary plaques provide a reliable basis for clinical diagnosis
and pathological research, and its clinical value has significant
importance in the medical field.

From the earliest rule-based and statistical models [2] to
today’s deep neural networks, the application of computer
vision in various fields has continuously introduced new de-
velopments [3], [4], [5], driving the rapid advancement of arti-
ficial intelligence technology [6], [7]. With the development of
medical imaging technologies, various modalities are available
for detecting coronary artery plaques, including electrocar-
diography, nuclear myocardial imaging, hematological tests,
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IVUS, OCT, coronary CTA and CAG. Each method has its
own advantages and disadvantages. In recent years, CTA has
emerged as the preferred diagnostic modality due to its non-
invasiveness, efficiency, low cost, and ease of operation [8].
However, clinicians often rely on visual assessment or semi-
automatic evaluation after lumen segmentation [9]. These
approaches are susceptible to observer bias and misjudg-
ment or depend heavily on segmentation performance [10],
making them time-consuming and labor-intensive. With the
rapid development of deep learning in the field of computer
vision, the use of deep learning technology to assist clinical
diagnosis has been widely applied in various fields of medical
image analysis [11]. More and more researchers are applying
new technologies for the automated detection of coronary
artery plaques [12], [13], [14].This study focuses on coronary
CTA images and explores a deep learning–based approach
for plaque detection, aiming to improve the accuracy and
consistency of diagnostic results, enhance clinical efficiency,
and reduce the risk of missed diagnoses or misdiagnoses. The
proposed method holds practical significance for early disease
detection and the standardization of diagnostic criteria.

Most current studies on coronary plaque detection consist
of three key parts: coronary segmentation, surface reconstruc-
tion, and plaque detection [15], each of which significantly
influences the final detection accuracy. The structure of the
coronary arteries is complex and the images have strong back-
ground noise interference. This study employs a Transformer
model integrated with an MRA mechanism to address data
limitations and enhance multi-scale feature extraction. This
model improves global semantic representation and segmen-
tation performance. In the surface reconstruction stage, to
overcome issues such as image blurring, single reconstruction
angle, and difficulty in directly identifying plaques, a multi-
angle straightening technique based on centerline extraction is
introduced. This approach reduces information loss associated
with single-angle reconstructions and produces clearer coro-
nary surface views. Finally, to address the challenges posed
by heterogeneous plaque features and varying plaque sizes,
this study proposes a coronary plaque detection method based
on improved feature pyramid and joint attention on the basis
of the RetinaNet network. This enhances detection accuracy
across different spatial scales. Furthermore, a novel anchor
generation strategy is proposed, using maximum likelihood
estimation to optimize the matching of features with various
geometric layouts of objects, which can greatly alleviate the
problem of data distribution without a center. In addition,
a hard negative mining strategy is incorporated, selecting
only a small number of challenging negative samples and
all positive samples to participate in the loss calculation,
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effectively alleviating the problem of imbalanced sample data
collection under a single background.

The main contributions of this work can be summarized as
follows:

• A Transformer model with an MRA mechanism is pro-
posed and a composite knowledge distillation model is
constructed. This effectively improves the segmentation
accuracy of coronary vessels.

• A multi-angle straightening method for coronary surface
reconstruction based on the centerline, solving the issues
of blurred images in coronary surface reconstruction, a
single reconstruction angle, and the inability to directly
detect plaques after segmentation of the coronary vessels.

• Addressing the issue of non-homogeneous and varying
sizes of coronary artery plaques, a coronary artery plaque
detection approach is proposed, based on an improved
feature pyramid and joint attention, built upon the Reti-
naNet network, to enhance the accuracy of coronary
artery plaque detection tasks.

TABLE I
LIST OF ABBREVIATIONS

Abbreviation Full Term

CTA Computed Tomography Angiography
IVUS Intravascular Ultrasound
OCT Optical Coherence Tomography
CAG Coronary Angiography
ROI Region Of Interest
CNN Convolutional Neural Network
MRA Multi-Resolution Overlapping Attention

SW-MSA Shift Window Partitioning Multi-head Attention
MLP Multi-Layer Perceptron
KDF Knowledge Distillation Framework
SDF Spatial Distillation Feature
CDF Channel-wise Distillation Feature
MST Minimum Spanning Tree
MPR Multi-Planar Reconstruction
CPR Curved Planar Reformation
NMS Non-Maximum Suppression
FPN Feature Pyramid Networks
SGD Stochastic Gradient Descent

II. METHODS

A. Coronary Artery Segmentation

Coronary artery plaques are typically manifested as ab-
normal lesions located within the vessel wall. In medical
imaging, they often appear blurred due to low contrast, noise
interference, and the presence of artifacts. Directly perform-
ing plaque detection over the entire image is susceptible to
interference from surrounding non-target tissues, which can
result in a high false positive rate. Therefore, conducting
accurate coronary artery segmentation prior to plaque detection
not only effectively defines the ROI but also significantly
enhances the accuracy and robustness of subsequent detection
tasks [16], [17]. To address this, we propose a Transformer-
based model that incorporates an MRA mechanism (shown
in Fig. 1), aiming to comprehensively capture the multi-scale
features of coronary structures from local to global levels,
which in turn enhances segmentation accuracy [18], [19].
Unlike standard Transformer models, the proposed approach

initially partitions the input feature map into fixed-size patches.
Specifically, the patches used for generating keys and values
are slightly larger and overlapping, whereas the query patches
are non-overlapping. This design improves the ability of the
attention module to better perceive spatial contextual infor-
mation, enabling more effective discrimination between adja-
cent vascular structures and background regions. Furthermore,
the attention module integrates a multi-scale shifted window
structure (SW-MSA) to extract local feature representations at
three different resolutions. The attention features from each
scale are subsequently aligned and fused via bilinear up-
sampling, followed by an MLP layer to aggregate global
semantic features. This mechanism not only improves the
modeling of small vascular branches, but also expands the
receptive field, in contrast to the fixed-scale and globally
uniform attention computation in the vanilla Transformer. As
a result, the model exhibits superior adaptability to structural
variations and stronger global representation capabilities.

Additionally, in consideration of the practical requirements
for model efficiency and inference speed in clinical settings,
we further propose a lightweight segmentation framework that
incorporates a KDF. As shown in Fig. 2, this framework adopts
a teacher-student architecture, in which a high-capacity teacher
network guides a lightweight student network to learn more
robust feature representations, thus enhancing the model’s
generalization ability under challenging conditions, such as
low-quality or partially missing data. To further improve the
effectiveness of feature transfer between teacher and student
networks, we introduce a novel collaborative distillation strat-
egy that combines SDF and CDF [20], [21], [22]. In the SDF
module (shown in Fig. 3b), the activation maps of the teacher
and student networks are spatially aligned, and the activation
values at each spatial position are normalized. The strategy
minimizes both point-wise and pair-wise discrepancies to
enable smoother and more effective knowledge transfer. To
avoid overly rigid constraints that could lead to suboptimal
solutions, we incorporate the CDF module (shown in Fig. 3a),
which performs normalization at the channel level to produce
soft probability maps. By minimizing the Kullback-Leibler
(KL) divergence between the teacher and student probability
distributions at the channel level [23], the distillation process
focuses more effectively on the salient regions within each
channel, thus improving the model’s attention to coronary
structures and optimizing diagnostic performance [24].

B. Centerline Extraction and Surface Reconstruction

1) A Hybrid Approach for Coronary Centerline Extraction
and Optimization: Traditional methods such as topological
thinning and the MST algorithm have been widely applied
in centerline extraction, ensuring topological integrity and
branch continuity of vessels [25]. However, these methods
exhibit limitations when handling complex vascular structures,
particularly in smoothness, irregularities, and small discon-
tinuities. To address these shortcomings, a two-stage hybrid
framework is proposed that combines classical image analysis
techniques with deep learning (shown in Fig. 4). In the first
stage, a topological thinning algorithm extracts the coronary
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Fig. 1. A novel transformer model incorporating an MRA mechanism.

Fig. 2. The coronary artery segmentation model based on MRA proposed in this paper.

vessel skeleton by removing pixels that don’t meet centerline
criteria based on local neighborhood topology, resulting in a
stable and continuous preliminary centerline. However, due
to the anatomical complexity of coronary arteries, small gaps
and local irregularities often remain, especially at bifurcations
and intricate structures. Thus, the MST algorithm is also
employed to connect discontinuous vessel branches by calcu-
lating Euclidean distances, ensuring centerline continuity [26].
Despite these enhancements, the skeleton line may still exhibit
local roughness and irregularities. To further refine this, a
deep learning-based optimization method is introduced in the
second stage. A CNN is employed to predict the vessel radius
precisely, utilizing convolutional layers to extract multi-scale
features and fully connected layers to output radius predictions
for each point. To enhance performance, dilated convolutions
are integrated to expand the receptive field, allowing the aggre-

gation of multi-scale features while maintaining a manageable
number of trainable parameters [27]. This approach enables
the refined network to smooth traditional skeleton outputs,
eliminate small discontinuities and irregularities, and generate
a more precise and smooth centerline.

2) Multi-Angle Straightened Surface Reconstruction: Al-
though MPR provides comprehensive anatomical information
from axial, coronal, and sagittal views, it cannot display curved
vessels or organs in a single slice. Due to the prominent cur-
vature and torsion of the coronary arteries, CPR is used. The
accuracy of CPR reconstruction is determined by the centerline
and the orientation of interest vectors. Adequate centerline
sampling density is critical for precise reconstruction to avoid
missing plaques due to eccentric growth or not accurately
displaying plaque size and morphology in a single slice [28].
Therefore, multi-angle sampling is performed (shown on the
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(a)

(b)

Fig. 3. Knowledge distillation modules in the proposed framework.
(a) CDF module: Calculate soft probability maps based on teacher
feature channels and shift semantic focus by minimizing channel level
KL divergence. (b) SDF module: Align feature maps of teacher and
student in spatial space, and guides learning by reducing point-wise
and pair-wise differences.

Fig. 4. A two-stage hybrid framework combining classical image
analysis techniques with deep learning methods.

left side of Fig. 5), using four angles -0°, 45°, 90°, and 135°-
to ensure plaques are captured regardless of growth direction,
enhancing reconstruction accuracy [29], [30]. Traditional CPR
methods suffer from limited orientation vectors, which don’t
preserve vessel geometric trends. To address this, an improved
CPR method with three specific interest vectors is proposed
at each center point (shown on the right side of Fig. 5). Three
imaging planes are established for each center point, mapping
sampled data along these three vector directions. This lin-
ear sampling strategy in multiple directions comprehensively
captures the spatial features of vessels in complex coronary
structures, reducing information loss. The results are shown
in Fig. 6, where the plaques are clearly visible from multiple
angles.

C. Coronary Plaque Detection

1) An Improved RetinaNet with Attention Mechanism: Reti-
naNet is a single-stage object detection model that introduces
Focal Loss to address severe class imbalance [31]. It employs
multiple prediction heads to output class probabilities and
bounding box coordinates for each candidate object, achieving
high accuracy and efficiency compared to two-stage detectors

Fig. 5. Multi-angle straightened surface reconstruction.

such as Faster R-CNN [32]. This study constructs a coro-
nary plaque detection network: CoroJA RetinaNet (Coronary
plaque detection network with improved feature pyramid and
joint attention) for plaque detection tasks (shown in Fig. 7).
The network uses ResNet50 as the backbone, coupled with
Attention-ResNet for feature enhancement. During training, to
balance classification and regression loss, a hard negative min-
ing strategy is applied, and the classification loss is multiplied
by a dynamically computed weight factor λ, ensuring balanced
optimization Equation 1.The traditional Smooth L1 Loss used
in RetinaNet for bounding box regression lacks sensitivity
to small positional changes critical to detect small plaques.
Therefore, a combined loss function integrating GIoU Loss
with dynamic weighting is proposed to enhance localization
precision for small plaque targets [33]. The dynamic weight
factor adjusts automatically based on the target size and spatial
distribution within the image [34], improving the sensitivity in
small or densely packed regions Equation 2.

λ = Pow(10, E(N(regloss))− E(N(clsloss))) . (1)

Pow() is a power function, N() is a conversion of scientific
notation, E() refers to the index, regloss is regression loss and
clsloss is classification loss.

LGIOU = 1− IoU +
∝ |C \ (A ∪B)|

|C|
. (2)

∝ is the weight factor, A is the actual box area, B is the
predicted box area, and C is the minimum rectangular box
area that combines A and B; IoU is the intersection ratio
of A and B. Then, an improved feature pyramid module
is adopted to fuse features from different levels using top-
down and horizontal connections. Finally, each feature layer
is connected to a classification branch (class subnet) and a
regression branch (box subnet) to predict the target category
and bounding box. Use NMS to sort these suggestion boxes
based on classification scores, remove redundant suggestion
boxes, and select the suggestion boxes with higher scores as
output.

2) Joint Attention Mechanism: In coronary CPR images,
most areas are occupied by background or surrounding tis-
sues, with plaques comprising only a small portion, making
them visually subtle and difficult to distinguish. In addition,
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(a) (b)

(c) (d)

Fig. 6. The result of multi-angle curved planar reconstruction of the coronary arteries. (a) CPR straight in the 0°. (b) CPR straight in the
45°. (c) CPR straight in the 90°. (d) CPR straight in the 135°.

Fig. 7. The structure of CoroJA RetinaNet. The model is based on ResNet50 and an improved FPN to extract multi-scale features (P2–P7).
A joint spatial-channel attention module is integrated to enhance feature representation. Detection is performed through shared classification
and box regression subnets, and final results are obtained after NMS.

plaque appearance varies with severity, and detecting mild
lesions has significant clinical value. To enhance attention
to bright plaque features while suppressing background noise
and motion artifacts [35], [36], a joint attention mechanism
combining channel and spatial attention is integrated into
residual structures (Fig. 7). Unlike the sequential structure of
CBAM [37], the proposed joint attention module uses a paral-
lel fusion of channel and spatial attention modules for a more
effective feature interaction, preserving the critical semantic
information of the plaques. Channel attention functions as a
“commander” coordinating feature flow between channels to
strengthen semantic representation [38]. Spatial attention acts
as a “scout” capturing key spatial pixels to enhance positional
understanding and feature extraction.

3) Improved FPN: Detecting small plaques remains a
significant challenge in coronary artery analysis. These tiny
lesions typically exhibit weak texture and edge characteristics,

which are prone to being suppressed during the extraction of
high-level semantic features in deep convolutional networks.
Although joint attention mechanisms have been introduced
to improve feature representation, essential low-level details,
such as fine textures and boundary cues, may still be lost
due to progressive feature abstraction, thereby degrading the
performance in small plaque detection.

To address multiscale detection tasks, FPN have been widely
adopted due to their ability to integrate features at different
semantic levels [39]. However, the original RetinaNet im-
plementation only incorporates features from layers C3 and
above in the ResNet backbone, omitting layer C2 that contains
rich low-level spatial information crucial for small object
detection [40]. In addition, the anchor matching strategy in
RetinaNet is not specifically optimized for tiny targets, further
limiting the detection accuracy for small plaques.

Specifically, RetinaNet generates anchor boxes from the
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FPN layers P3, P4, P5, P6, P7, corresponding to strides of
8, 16, 32, 64, 128. For small plaques of approximately 16×16
pixels in the input image, the smallest anchor size (32×32)
often leads to low IoU scores, falling below the common
threshold of 0.5. During training, a target is assigned as
a positive sample only if its IoU with an anchor exceeds
the threshold. Otherwise, the anchor with the highest IoU is
chosen. However, due to the limited overlap between small
plaques and standard anchors, the number of positive samples
is drastically reduced, compromising detection precision and
training stability.

To overcome these limitations, we propose an improved
FPN architecture that introduces low-level features to improve
the network’s ability to detect small-scale lesions. Concretely,
we incorporate the C2 feature map from the backbone into
the FPN and apply a 1×1 convolution to adjust its channel
dimensions, resulting in a new P2 feature map with a finer
spatial resolution (stride = 4). This higher resolution feature
map better preserves edge and texture details, providing crucial
support for detecting small targets [41]. The improved FPN
structure is illustrated in Fig. 7.

III. RESULTS

A. Experimental Setup
1) Dataset: The data used in this study were derived from

coronary CTA scans of 1,021 patients at Shanxi Provincial
People’s Hospital, with informed consent and ethical approval
obtained for all cases. The raw images were acquired using
a Siemens dual source spiral CT system with the following
parameters: tube voltage 70–150 kV (routine 120 kV), tube
current 210–300 mAs, reconstructed slice thickness 0.4 mm
and a 512 × 512 pixel resolution. CT values ranged from
−2048 to 2048 HU. During preprocessing, cases with severe
metal artifacts or insufficient reconstruction quality were ex-
cluded. Using our proposed CPR algorithm (see Section 2), we
extracted 7,943 complete coronary centerlines and generated
39,761 CPR images.

Three cardiovascular specialists annotated all CPR images
using our in-house NPUCTA software, recording the start and
end coordinates of the plaque regions. A three-tier quality con-
trol protocol ensured annotation accuracy: initial annotations
by specialists, cross-validation to resolve discrepancies, and
final approval by a senior physician. To prevent data bias,
all CPR images—including plaque-negative cases—were sys-
tematically labeled. The dataset was partitioned into training
and test sets at a 7:3 ratio, corresponding to 715 patients
(27,833 CPR images) and 306 patients (11,928 CPR images),
respectively.

The dataset contains approximately 30% positive samples
with plaques and 70% negative samples without plaques,
reflecting the natural distribution in the clinical population,
shown in Fig. 8. Although detailed stratification by plaque
type and clinical severity was not fully performed due to
annotation limitations, efforts are underway to further analyze
these aspects in future work. Basic demographic information
such as patient age and gender was collected, and the dataset
represents a balanced demographic distribution as far as avail-
able clinical records allow.

Fig. 8. Dataset sample distribution.

2) Implementation Details: Experiments were conducted
using the CoroJA RetinaNet architecture. To accelerate con-
vergence, the model was initialized with weights pre-trained
on the ImageNet classification task. Training was performed
for 12 epochs with a batch size of 8. The SGD optimizer was
used with an initial learning rate of 1e-3 and a weight decay
of 1e-4. A linear warmup learning rate schedule was applied
over the first 2,000 iterations, during which the learning rate
gradually increased from a low value to the initial learning
rate. After warmup, the learning rate remained constant for the
remainder of training. For loss computation, a hard negative
mining strategy was adopted to selectively retain challeng-
ing negative samples while including all positive samples.
All annotations followed the VOC-2012 format, with plaque
coordinates and vascular identifiers encoded in XML files.
Training stability was monitored throughout and the final
model achieved convergence with a loss of approximately
0.05. The average training time per epoch was approximately
15–20 minutes, resulting in a total training time of about 3.5
to 4 hours.

To ensure robust performance evaluation, the dataset was
divided into separate training, validation and test sets, preserv-
ing the original class distribution, approximately 30% positive
samples with plaques and 70% negative samples, across all
subsets. This split strategy maintains consistency and mitigates
bias in model assessment. Model performance was reported
using key evaluation metrics, including AR, AP, and IoU,
based on the VOC-2012 annotation style.

To address minor class imbalance and improve general-
ization, we applied loss weighting and data augmentation
during training. The augmentation pipeline included random
horizontal flipping and rotation within ±10°, enhancing the
representation of underrepresented categories while preserving
anatomical integrity.
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TABLE II
ABLATION STUDY ON THE EFFECT OF CDF, SDF, AND MAR MODULES IN CORONARY ARTERY SEGMENTATION

Model ACC Se Sp Pre IOU F1 FLOPs

Teacher Model 0.9835 0.8774 0.9824 0.9671 0.8362 0.7905 86.26G
Student Model 0.9496 0.8239 0.9667 0.9604 0.7623 0.7438 2.49G
Student Model w/ CDM 0.9648 0.8629 0.9715 0.9652 0.8025 0.7781 2.49G
Student Model w/ CDF+SDF 0.9742 0.8735 0.9887 0.9681 0.8349 0.7993 2.49G
Student Model w/ CDF+SDF+MRA 0.9852 0.8763 0.9891 0.9723 0.8358 0.8016 2.49G

B. Experimental Analysis of Ablation

To validate the effectiveness of the proposed coronary vessel
segmentation method, we systematically designed ablation
experiments to evaluate the contributions of the MRA, CDF,
and SDF modules. The baseline for comparison was a stu-
dent network without any of the proposed modules, and the
evaluation metrics included accuracy (ACC), sensitivity (Se),
specificity (Sp), precision (Pre), IoU and F1 score. The results
are summarized in Table II.

By introducing the CDF module, the student network
achieved significant improvements in vessel continuity and
background suppression. The CDF module increased ACC, Se,
and IoU by 1.52%, 3.9%, and 4.02%, respectively. However,
some noise artifacts remained in the distal vessel regions.
Further integration of the SDF module enabled pixel-level
feature refinement, correcting noisy regions and optimizing
vessel edges. Compared to the baseline model, the combined
CDF and SDF modules improved IoU and F1 score by 7.26%
and 5.55%, respectively, while surpassing the teacher model
in Sp and Pre by 0.63% and 0.1%. Note that the proposed
modules (CDF, SDF, and MRA) are utilized only during
training, and the final deployed student model excludes these
components, resulting in reduced computational overhead and
faster inference while maintaining high segmentation accuracy.

Finally, the complete model incorporating the MRA module
achieved optimal performance in vessel continuity and fine-
grained segmentation. The complete model (CDF + SDF +
MRA) demonstrated improvements of 3.56%, 2.24%, 1.19%,
and 5.78% in ACC, Sp, Pre, and F1 score, respectively,
compared to the baseline model, with an IoU of 0.8358,
only 0.04% lower than that of the teacher model (0.8362).
Notably, the full model outperformed the teacher network
in Sp (0.9891) and Pre (0.9723) by 0.67% and 0.52%,
respectively, demonstrating the effectiveness of the multi-
module collaboration in extracting multi-scale vessel features.
The experimental results indicate that the cascaded design
of channel-spatial distillation and multi-resolution attention
mechanisms is crucial for improving the accuracy of coronary
vessel segmentation.

To validate the effectiveness of the proposed coronary
plaque detection model integrating an enhanced feature pyra-
mid and joint attention mechanisms, we systematically con-
ducted ablation experiments. As summarized in Table III,
the baseline RetinaNet model (Row 2) achieved an average
precision (AP), recall (AR) and IoU of 0.6194, 0.5403, and
0.5929, respectively. Upon integrating the fusion attention
module (Row 3), these metrics improved by 3.43%, 8.97%

and 3.09%, with the attention mechanism notably enhancing
focus on plaque regions in complex backgrounds, shown in
Fig. 9.

Further incorporating the joint attention module and im-
proved FPN (Row 4) yielded additional gains of 3.57%,
4.2%, and 4.01%, attributed to the FPN’s enhanced multi-scale
feature representation, particularly for small plaques (shown in
Fig. 10).

The addition of the enhanced NMS module (Row 5) further
boosted performance by 6.19%, 5.67%, and 5.79%, effectively
reducing missed and false detections in densely clustered
plaque regions (shown in Fig. 11). The introduction of hard
negative mining (Row 6) improved metrics by 6.46%, 4.87%
and 6.07%, optimizing the ability of the model to handle
challenging samples. The complete model (Row 7), combining
all five enhancements, achieved final improvements of 5.9%,
5.25%, and 6.68%, with GPU utilization increasing from
103.62 to 302.58 and detection time decreasing from 11.4 to
5.2 s. These results demonstrate that the progressive integra-
tion of attention mechanisms, multi-scale feature refinement,
and post-processing optimization synergistically improve both
detection accuracy and efficiency (shown in Fig. 12). Visual
example of comparing the predictions of CoroJA RetinaNet
with those of the baseline model in challenging situations is
shown in Fig. 13

To further validate our approach, we compared the pro-
posed method with several classical object detection models,
including R-CNN [42], Fast R-CNN [43], Faster R-CNN [32],
YOLOv5 [44] and CenterNet [45]. The results are summarized
in Table IV.

To ensure fair and controlled comparisons, all models were
trained and evaluated on the same fixed training, validation,
and test splits described earlier. The same preprocessing
pipeline was consistently applied in all models, including
intensity normalization and data augmentation techniques,
specifically random horizontal flipping and small-angle rota-
tion (within ±10°). All models were trained for 12 epochs with
early stopping based on validation loss. Hyperparameters such
as learning rate and optimizer settings were kept consistent
when applicable, or individually tuned according to official
implementation guidelines. All experiments were conducted
on the same hardware and software environment to ensure
consistent measurement of computational efficiency.

The proposed method, based on an enhanced RetinaNet,
achieves a strong balance between accuracy and efficiency
for coronary plaque detection. It outperforms Faster R-CNN
in AP (0.874 vs. 0.800) and AR (0.815 vs. 0.770) while
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TABLE III
ABLATION STUDY ON THE EFFECT OF DIFFERENT MODULES (RETINANET AS THE BASELINE MODEL) IN CORONARY

PLAQUE DETECTION

Joint Attention Module Improved Feature Pyramid Improved NMS Hard Negative Mining GIoU Loss AP AR IoU

× × × × × 0.6194 0.5403 0.5929
✓ × × × × 0.6537 0.5927 0.6238
✓ ✓ × × × 0.6894 0.6347 0.6639
✓ ✓ ✓ × × 0.7513 0.6914 0.7218
✓ ✓ ✓ ✓ × 0.8159 0.7401 0.7825
✓ ✓ ✓ ✓ ✓ 0.8749 0.7926 0.8493

(a) (b)

Fig. 9. Comparison of plaque detection results with and without the joint attention mechanism. (a) Without attention. (b) With attention.

Fig. 10. Detection performance on plaques of different scales after
incorporating the improved FPN.

Fig. 11. Detection performance on densely clustered plaques after
integrating the enhanced NMS module.

maintaining a lower computational cost (302 GFLOPs vs. 220
GFLOPs) and faster inference speed (9.7 FPS vs. 8.2 FPS).
Compared to other single-stage models like YOLOv5 and
CenterNet, it delivers higher accuracy with moderate GFLOPs,
demonstrating its suitability for real-time clinical applications.

Fig. 12. Detection performance of coronary plaques across multiple
samples using the proposed method.

TABLE IV
COMPARISON OF CORONARY PLAQUE DETECTION
PERFORMANCE WITH REPRESENTATIVE OBJECT

DETECTION MODELS

Model AP AR IoU GFLOPs FPS

R-CNN 0.550 0.520 0.550 520 0.3
Fast R-CNN 0.705 0.680 0.670 250 5.4
Faster R-CNN 0.800 0.770 0.790 220 8.2
Nie 2025 0.892 0.812 0.863 300 6.2
YOLOv5 0.730 0.710 0.690 130 35.4
CenterNet 0.795 0.690 0.700 265 13.4
Proposed Method 0.874 0.815 0.850 302 9.7
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(a) Baseline model

(b) CoroJA RetinaNet

Fig. 13. Comparison of prediction results between CoroJA RetinaNet
and the baseline model.

IV. CONCLUSION

This study proposes a deep learning-based method for
automatic coronary plaque detection, aiming to address the
limitations of traditional approaches that rely on manual fea-
ture extraction and complex post-processing. Unlike previous
methods, our approach significantly improves the accuracy
and efficiency of coronary plaque detection through an en-
hanced FPN, a joint attention mechanism, and optimized post-
processing strategies. Experimental results demonstrate that
the proposed method performs exceptionally well in coronary
plaque detection tasks, providing reliable technical support for
the prevention and diagnosis of coronary artery disease.

In terms of coronary segmentation and CPR, this study
introduces a coronary vessel segmentation method based on
composite knowledge distillation and a multi-angle straight-
ened CPR method based on centerline extraction. The former
constructs a lightweight and deployable deep learning model
by integrating spatial and channel-wise knowledge distilla-
tion, effectively addressing the high complexity and time-
consuming nature of traditional segmentation methods. The
latter extracts coronary skeletons using a thinning algorithm,
optimizes centerline positions with an MST algorithm and
CNNs, and achieves multi-angle CPR to mitigate information
loss in single-angle reconstruction. These contributions pro-
vide a high-quality data foundation for plaque detection.

The core contribution of this study lies in the proposed
improved RetinaNet model for automatic coronary plaque
detection. By incorporating a joint attention mechanism, an
enhanced FPN, optimized NMS, hard negative mining, and
GIoU loss, the model significantly improves detection perfor-
mance. Specifically, the joint attention mechanism enhances
the model’s focus on plaque regions, particularly improv-
ing detection in complex backgrounds. The improved FPN
effectively boosts the model’s ability to detect plaques of
varying scales, especially improving the recognition accuracy
of small plaques. The optimized NMS method excels in dense
plaque regions, effectively reducing missed and false detec-
tions and enhancing detection robustness. Experimental results
show that, compared to traditional methods, the proposed
method eliminates the need for manual feature extraction,
automatically learns plaque features, and achieves significant
improvements in accuracy, recall, and IoU.

In summary, the proposed method represents a signifi-
cant advancement in computer-aided diagnosis of coronary
artery disease. Through improved feature extraction and post-
processing strategies, this study not only enhances the ac-
curacy of coronary plaque detection but also provides an
efficient and reliable tool for early screening and diagnosis of
coronary artery disease. The diagnosis of plaque-free results
offers valuable references for clinicians to assess the health
of patients’ coronary arteries, thereby reducing unnecessary
further treatments. In the future, with the accumulation of
more high-quality data and further algorithmic optimization,
the proposed method is expected to play an even greater role
in clinical practice.

Furthermore, our method is developed and validated on
straightened CPR images, which reconstruct vascular longi-
tudinal sections by dynamically following the vessel center-
line. However, other CPR reconstruction strategies, such as
projection CPR or stretched CPR, are also commonly used in
practice. These variants provide alternative representations of
vessel morphology, and it is plausible that our model could
be adapted or directly applied to datasets using these different
CPR types, facilitating broader applicability across imaging
protocols.

In addition, since atherosclerotic plaques can occur in
various arteries beyond the coronary vessels, the proposed
centerline-based longitudinal analysis approach may be trans-
ferable to other vascular regions, such as carotid or peripheral
arteries. Currently, our experiments are limited to a single
internal dataset. Evaluation on external datasets is planned as
future work to further validate the robustness and generaliz-
ability of the proposed method.
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