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Abstract. Coronary stenosis is a major risk factor for ischemic heart
events leading to increased mortality, and medical treatments for this
condition require meticulous, labor-intensive analysis. Coronary angiog-
raphy provides critical visual cues for assessing stenosis, supporting clin-
icians in making informed decisions for diagnosis and treatment. Recent
advances in deep learning have shown great potential for automated lo-
calization and severity measurement of stenosis. In real-world scenarios,
however, the success of these competent approaches is often hindered
by challenges such as limited labeled data and class imbalance. In this
study, we propose a novel data augmentation approach that uses an in-
painting method based on a diffusion model to generate realistic lesions,
allowing user-guided control of severity. Extensive evaluations show that
incorporating synthetic data during training enhances lesion detection
and severity classification performance on both a large-scale in-house
dataset and a public coronary angiography dataset. Furthermore, our
approach maintains high detection and classification performance even
when trained with limited data, highlighting its clinical importance in
improving the assessment of stenosis severity and optimizing data uti-
lization for more reliable decision support.

Keywords: Stenosis detection - Coronary angiography - Diffusion mod-
els.

1 Introduction

Coronary artery disease (CAD), a leading cause of global mortality [1,7], is char-
acterized by narrowed artery often caused by buildup of plaque, reducing blood
flow to the heart. Accurate quantification of stenosis severity with coronary
angiography (CAQG) is essential for guiding clinical decisions and planning inter-
ventions. Percentage diameter stenosis (%DS) is the principal metric for quan-
tifying coronary narrowing: values above 50% indicate clinical significance, and
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Fig. 1: Examples of coronary angiograms with various levels of stenosis.
(a,c,e) are the original angiograms, and (b,d,f) are the synthetic angiograms
generated with specific %DS values applied to the vessel segmentation masks.
(g) describes how the algorithm generates a lesion mask when numeric value of
%DS is given. Minimum lumen diameter (MLD) point is marked as a red dot.

those above 70% are generally classified as severe. According to the ACC/AHA
guideline for the management of CAD [16], different severity levels may lead
to different clinical decisions or therapeutic interventions. Specifically, the %DS
severity level is used to guide decisions on revascularization and the need for
further investigation.

Deep learning-based approaches to stenosis detection and severity classi-
fication using angiograms have shown promising results [6,9,14,17] in recent
years. However, practical adaptation often encounters several critical challenges:
data scarcity, class imbalance, and high labeling cost. While large-scale medi-
cal datasets are publicly available for other imaging modalities, such as chest
X-ray, CT, and MRI [13,19,24], the largest publicly available angiogram dataset
contains only around 4,000 images from at most 42 patients [9]. In addition,
typical CAG datasets indicate that a majority of the cases are moderate steno-
sis [20]. This distribution biases neural networks toward the majority class and
impedes their ability to detect more severe cases [15]. Another major limitation
is the high labeling cost associated with stenosis severity annotation. Manual
severity grading is labor-intensive and subject to significant variation across ob-
servers 23], which introduces labeling ambiguity. This ambiguity necessitates
additional expert review and consensus-building, further increasing the overall
cost of obtaining reliable annotations for robust model training [25].

One promising strategy to address these issues is to augment the data by syn-
thesizing rare class images. Previous studies have employed segmentation masks
to synthesize anatomically realistic medical images [5,12]. However, unlike clas-
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Fig.2: Overall pipeline of the proposed method. (1,2) We prepare con-
ditioning images and generate text prompts from metadata. (3) ControlNet is
trained to reconstruct images and (4,5) inferred to generate new images with
modified segmentation masks. (6) YOLO model captures lesions and predicts
their severity.

(1) Preparing conditions

sification problems in other medical imaging domains, lesions in angiograms can
occur at any location within the vessels, making it impractical to rely solely on
segmentation masks for lesion detection. Since segmenting all vessel branches
is infeasible, using only main branch segmentation masks for image generation
can lead to unintended lesion artifacts in non-target regions. If these unintended
lesions are not explicitly labeled, they introduce noise into the dataset, poten-
tially degrading model performance [8]. In contrast, our synthesis method aims
at specific regions of interest (ROIs), allowing user-defined modifications to the
lesion areas. By limiting changes to the ROIs, our approach synthesizes realistic
variations in stenosis severity without introducing unintended artifacts outside
ROIs. This targeted synthetic image, which is suitable for lesion detection train-
ing data, better reflects the diverse manifestations of severe lesions without the
need for additional labeling cost.

To our knowledge, this work is the first to integrate an inpainting strategy
with a generative model that synthesizes angiograms for lesion detection. The
generated images preserve realistic vascular structure, as illustrated in Fig. 1.
Utilizing user-defined masks to make a balanced class distribution enhances
model performance compared to training without them. Extensive experimen-
tal results consistently demonstrate our pipeline outperforms the model without
any synthetic data under data-scarce conditions.
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2 Proposed Methods

Accurate detection of coronary lesions and measurement of %DS using a quanti-
tative coronary analysis (QCA) tool remain both labor-intensive and susceptible
to inter-operator variability. To mitigate these challenges, we develop a one-stage
pipeline that performs lesion detection and severity classification (%DS <70%
and >70%) using clinically grounded severity thresholds [16], with training en-
hanced by controllable synthetic data augmentation.

We first apply a conventional QCA tool to each real angiogram to extract
lesion location and severity. A user-adjusted severity level is then utilized as
a conditional input for a diffusion-based generative model, which synthesizes
angiographic images reflecting various degrees of stenosis while preserving the
vascular structure. This approach effectively expands the dataset, balances class
distributions, and enhances detection model, particularly in light of limited la-
beled angiographic datasets. Fig. 2 illustrates the overall data augmentation
pipeline, including generative model training and inference.

2.1 Vessel Segmentation and Severity Designation

Before generating a realistic angiogram image with a specified stenosis level
(%DS), conventional QCA is applied to the original image to extract vessel con-
tours, as shown in Fig. 1 (g). To meet the specific %DS value, we compute %DS
using the reference vessel diameter (D,.f), which is estimated by interpolating
the vessel contour from adjacent non-diseased vessel segments, while the mini-
mum lumen diameter (MLD) is identified at the site of maximum stenosis within
the lesion [3,4]. %DS is then computed as (1 — (MLD/Dxt)) x 100.

Our algorithm is designed to move two control points at the MLD location
by shifting them in a direction orthogonal to the vessel direction such that it
matches with the desired %DS. After redrawing the vessel contours, these mod-
ifications propagate smoothly to nearby points to ensure a natural transition
without abrupt changes. The resulting contours are converted into segmentation
masks, and they are encoded into a compact latent space and integrated into
our conditional generation framework.

2.2 Data Augmentation with Multi-Control Diffusion Model

To generate angiograms with lesions that exhibit varying stenosis severity, we
leverage ControlNet [26], an extension of Stable Diffusion [22], which integrates
structural guidance to constrain the generation process. Unlike previous diffusion-
based data augmentation methods [5,8], our approach incorporates three con-
ditioning inputs across multiple ControlNets: (1) an original image on which a
lesion bounding box is overlaid for inpainting, specifying regions that require
synthesis, (2) a vessel segmentation mask that guides the model to adhere to
the vascular structures, and (3) a lesion-specific text prompt. The text prompt
is designed following [18], incorporating structured lesion information such as
location, severity class, and vessel type. The guidance image c, derived from
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the segmentation mask and the masked image for inpainting, is encoded into
latent representations using a lightweight convolution network, yielding cs and
Cm, respectively. A denoising model €y, conditioned on vessel structure or le-
sion location inputs, is fine-tuned to predict the noise added to the latent image
z;, incorporating text prompt c; and timesteps t, by optimizing the following
objective:

L= Ezt,t,ct,cs,cmNN(OJ) [HE - Gg(zt, ta Ct, Cs, Cm)||2]' (1)

The fine-tuned generative model synthesizes the masked structures through two
separate denoising processes, ensuring seamless integration of newly generated
regions with the original surroundings.

2.3 Stenosis Detection and Severity Classification

To enhance detection model performance, we add synthesized images to our
training dataset, expanding the dataset to N-times the size of real data to bal-
ance the ratio of moderate-to-severe stenosis cases. Unlike existing multi-step
pipelines [2,11], which require separate modules for vessel segmentation, steno-
sis detection and severity prediction, our method streamlines the process into
a single-step detection framework leveraging the efficiency of YOLO [10]. We
trained the model on coronary angiogram images, where the detection module
generates bounding boxes of lesions with 50% or higher vessel narrowing, while
the classification module assigns a severity class by computing the probability
of belonging to each %DS category.

3 Experiments

(a) %DS Distribution of Internal Validation Set
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Fig. 3: Label distributions.
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3.1 Datasets

Internal dataset is composed of 7,894 X-ray coronary angiograms (train 5,156,
validation 1,854, test 884 images). We annotated lesions using an automatic QCA
tool, with stenosis defined as %DS greater than 50. Unlike many existing datasets
that rely solely on segmented vessels without specific lesion details, our dataset
includes bounding box annotated lesions and corresponding %DS values, making
it uniquely suited for both detection and classification tasks. For clinical rele-
vance and adherence to diagnostic standards, QCA annotations are verified by
experienced clinicians. The %DS values are categorized into clinically significant
ranges (e.g., %DS <70%, >70%) [16]. Fig. 3 illustrates the highly skewed label
distributions of our dataset and detailed data statistics are described in Table 1.

To evaluate the generalizability of our method, we also utilize publicly avail-
able dataset as an external validation set for our pipeline. We used 200 validation
coronary angiograms from 200 distinct patients with stenosis (defined as %DS
>50%) from the ARCADE dataset [20]. One of the limitations of this dataset
is that their annotations are segmented into regions, lacking precise regions of
interest and reference standards for accurately specifying %DS values. This am-
biguity poses a challenge for evaluating %DS classification tasks. To address
this, we used the QCA tool to re-annotate the ARCADE validation set and col-
laborated with our in-house clinicians for refining labels. The labeling process
involves identifying lesion locations with corresponding %DS values, ensuring
high-quality and clinically relevant annotations. Furthermore, to foster future
research in coronary stenosis detection, we will release the re-annotated dataset
for public use at https://github.com/medipixel/ DiGDA.

3.2 Experimental Setup

All input images are resized to a standard resolution of 512 x 512 to maintain
consistency across experiments. We use segmentation masks along with bounding
boxes as conditioning inputs to a ControlNet [26] component, which is encoded
into a 64 x 64 latent. For downstream tasks, we fine-tune a YOLO model on our
internal dataset using a learning rate of 2x 10~ and a batch size of 32. The model
is trained for 50 epochs using the AdamW optimizer to ensure convergence. We
use the Fl-score metric to evaluate the balance between precision and recall
for severity classification task and mean Average Precision at an intersection
over union threshold of 50% (mAP50) which evaluate the detection accuracy for
lesion detection. We report the average scores over three runs for all downstream
experiments. We also conduct paired t-tests with bootstrapping to evaluate the
performance gains of our proposed method following [21].

3.3 Quantitative Evaluation

Table 2 summarizes the performance of our method (DiGDA) compared to a
baseline detector trained without data augmentation using synthetic images.
DiGDA demonstrates superior results on both internal and external dataset,
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Table 2: Performance on different ratios of real to synthetic data. The
real-to-synthetic ratio is expressed as x N, where N denotes the synthetic data
scaling factor, while the number of targeted lesions per class is balanced. The
mAP50 metrics are also reported for each stenosis severity classes, respectively:
Moderate (M, %DS< 70%) and Severe (S, %DS> 70%).

Synthetic Internal dataset ARCADE
data ratio F1 mAP50 (M S) F1 mAP50 (M S)
x0 0.650 0.688 0.731 0.646 0.500 0.464 0.436 0.492

x1 0.656 0.699 0.749 0.649 0.519 0.484 0.440 0.527
X2 0.658 0.710 0.767 0.654 0.524 0.501 0.448 0.555
x4 0.670 0.717 0.771 0.663 0.513 0.492 0.438 0.546

achieving higher F1 and mAP50 scores, for the increased size of balanced set with
x1, x2, and x4 data ratio. For the synthetic data setting (x4), mAP50 increased
from 0.688 to 0.717 (paired t-test, p < 0.01), indicating a significant improvement
in lesion detection performance. Furthermore, on the ARCADE dataset (x2), our
method outperforms the no-augmentation baseline with statistical significance
(p < 0.01). For each setting (xN), synthetic data equivalent to N times the
amount of real data is first generated, followed by a removal of a portion of
the generated data to ensure that the number of samples for each label remains
equal across settings. This highlights the effectiveness of incorporating synthetic
data generated using our approach.

Furthermore, we analyze the effect of dataset composition by comparing a
class-balanced dataset to an imbalanced dataset for detection task, as shown
in Fig. 4 (a). Unlike previous experiments that maintained class balance, this
ablation introduces class imbalance, mirroring the label distribution of real data
where class frequencies are naturally skewed. DiGDA, when trained on a bal-
anced dataset, consistently achieves superior detection performance for under-
represented severe lesions, outperforming models trained on imbalanced data.
DiGDA trained with a balanced dataset augmented by x4 yields a mAP50 gain
with large gap compared to the model trained solely on real data, and a mAP50
increase from 0.707 to 0.717 compared to the imbalanced dataset (p < 0.01).

As illustrated in Fig. 4 (b), the proposed method improves performance un-
der different subset size settings. While we collected a large-scale coronary an-
giography dataset, many researchers only have access to limited-scale datasets.
Thus, we show that our approach consistently maintains higher mAP50, with
notable improvements in severe stenosis class, which has been extensively en-
riched through data augmentation. Note that both the generative model and
the detection model are trained on a subset.
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Fig. 4: Performance comparisons on lesion detection across data com-
positions and dataset sizes. (a) examines the effect of class balance: the bal-
anced set has equal target lesions per class, while the imbalanced set maintains
the original distribution with the same amount of the total data. (b) compares
model performance across different subset sizes. Error bars indicate the standard
deviation across three runs.

3.4 Qualitative Results

We conduct a qualitative analysis to visualize the capability of our method as
illustrated Fig. 1. Our approach successfully generates realistic vessel narrowing
patterns corresponding to various levels of %DS, ensuring anatomical plausibil-
ity and alignment with clinical expectations. Compared to the original images
with %DS values computed by conventional QCA, our generated images exhibit
higher %DS which represents the severe stenosis category, underrepresented in
the dataset. The results show that our method accurately captures vessel con-
striction patterns while maintaining structural consistency across different ves-
sel types. By using narrower vessel masks modified from original ones by user-
defined %DS, our approach enables precise severity modulation overcoming the
limitations of existing datasets. Furthermore, our inpainting strategy ensures
that background regions, except for the areas within the red-outlined bounding
boxes, remain unchanged, preserving the original angiographic context. This tar-
geted modification ensures that an augmented dataset does not incur additional
labeling cost for refinements.

4 Conclusion

In this study, we propose a novel approach to improve lesion detection and sever-
ity classification, integrating synthetic data generated via a diffusion model to
vessel narrowing simulations into the training process. User-guided modifica-
tions to vessel masks enable the simulation of various severity levels that are
underrepresented in the real-world datasets. By leveraging both internal and
external datasets, we demonstrate the efficacy of synthetic data in improving
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model performance, particularly in scenarios where real-world data is scarce or
class-imbalanced. Our method achieves significant improvements in detection
and classification, as confirmed in both quantitative and qualitative evaluations.
The inclusion of synthetic data allows the model to learn various stenosis pat-
terns while faithfully preserving the vascular structural integrity. Overall, this
work demonstrates the potential of integrating synthetic data into lesion detec-
tion pipelines, paving the way for enhanced diagnostic tools in medical imaging.
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