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A B S T R A C T

Background and Objective: Deep learning-based cardiac image segmentation algorithms, including
those using CNNs and Transformers, have demonstrated superior accuracy compared to traditional
methods. However, segmentation performance is often hindered by the limited availability of high-
quality cardiac datasets, which are constrained in size, suffer from class imbalance, and are prone to
artifacts. To address these limitations, this study proposes the Feature Quantization-based Cardiac
Diffusion Model (FQCDM), aiming to enhance synthetic cardiac data generation and improve
segmentation tasks.
Methods: The proposed FQCDM integrates feature quantization into the Denoising Diffusion Prob-
abilistic Model (DDPM) to synthesize high-quality cardiac images. Real image labels guide the
reverse denoising process to improve semantic focus, while a dual-branch discriminator evaluates
both global features and edge details for better quality control. The study explores three segmentation
training strategies using synthetic data: (1) mixed training with real and synthetic images, (2) self-
supervised pretraining with synthetic data, and (3) integration of synthetic images with traditional
data augmentation.
Results: Comparative experiments demonstrated that FQCDM-generated synthetic cardiac images
excel in quality, diversity, and distribution similarity compared to baseline methods. Corresponding
ablation studies confirm that, when used with appropriate strategies, synthetic data can enhance the
segmentation performance of cardiac models.
Conclusions: The FQCDM framework effectively addresses challenges in cardiac image segmentation
by generating high-quality synthetic data, thereby mitigating dataset limitations and improving
segmentation accuracy. The findings highlight the potential of synthetic cardiac data in advancing
medical imaging tasks, offering valuable insights for clinical applications and theoretical research.

1. Introduction
Cardiac image segmentation aims to automatically de-

lineate and label various semantic structures within cardiac
images, facilitating more accurate diagnoses by physicians
when combined with medical expertise. However, the inher-
ent complexities of cardiac structures and noise interference
[1], among other factors, expose traditional image segmenta-
tion methods based on prior rules and feature engineering to
several challenges, including poor adaptability to different
imaging modalities, high sensitivity to noise and artifacts,
and strong coupling with prior knowledge. In contrast, deep
learning algorithms excel in feature learning and represen-
tation, enabling effective automatic extraction of complex
latent features and patterns from large datasets. Compared to
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traditional methods, deep learning-based cardiac image seg-
mentation algorithms exhibit greater robustness, enhanced
accuracy, and reduced dependence on prior knowledge.

Despite the superior performance of deep learning-based
cardiac image segmentation algorithms across various car-
diac datasets, several challenges persist. Firstly, annotating
cardiac image datasets requires significant professional re-
sources, resulting in a scarcity of labeled data. Secondly,
existing datasets often suffer from class imbalance and the
presence of artifacts. Furthermore, the acquisition and use
of medical data must comply with relevant laws and regula-
tions, necessitating strict protection of sensitive information
within the images. These factors can significantly impact
the generalization ability and segmentation accuracy of car-
diac segmentation models. Synthetic images hold substantial
promise for data augmentation, enhancing rare cases, and
ensuring privacy protection, rendering synthetic medical
data an important area of research in contemporary medical
image processing tasks. The exploration of high-quality
cardiac image synthesis methods to enhance segmentation
performance or to apply in other tasks is an urgent need
in the field of cardiac medical imaging, potentially aiding
physicians in obtaining more medically defined rare cardiac
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examples, which is crucial for clinical guidance and theoret-
ical research.

However, early efforts in synthesizing medical data dis-
played significant discrepancies from real data in terms
of physiological shape, intensity, size, and texture, render-
ing synthetic data unsuitable for model training. In recent
years, innovations in natural image generation methods have
contributed to improved quality and diversity of medical
synthetic data. This paper leverages the strengths of DDPM
for high-quality image generation and VQGAN for quan-
tizing discrete features, producing synthetic cardiac data
that excels in image quality, structural texture, diversity,
and similarity. This approach addresses the issues of scarce
and costly labeled cardiac image datasets, semantic class
imbalance, and noise interference, ultimately enhancing the
performance of existing segmentation methods. The innova-
tions presented in this study are as follows:

(1) This paper proposes the Feature Quantized Cardiac
Diffusion Model (FQCDM), a cardiac image synthetic
framework based on DDPM and feature quantization.
FQCDM utilizes a denoising probabilistic model guided
by real label maps to generate compressed latent fea-
tures, which are then quantized to produce high-quality
synthetic cardiac images.

(2) A dual-branch GAN discriminator (DBD) is designed
to simultaneously evaluate both the global features and
edge information of synthetic images, thereby further
enhancing the quality and diversity of the generated
cardiac images.

(3) The paper outlines three strategies for applying synthetic
cardiac images in cardiac segmentation tasks. We im-
plement mixed training by combining real and synthetic
cardiac images in varying proportions. Additionally, we
propose a pre-training strategy utilizing synthetic car-
diac data within self-supervised tasks. Lastly, we design
a strategy that integrates synthetic images with data
augmentation for model training. Experimental results
demonstrate that the proposed data-driven strategies
effectively enhance the segmentation performance of
existing cardiac segmentation networks.

The rest of the paper is organized as follows. Section
2 reviews relevant work and recent advancements in the
field of medical image segmentation, medical image gener-
ation, and their applications. Section 3 provides a detailed
explanation of our proposed method. Section 4 describes the
datasets used in the experiments and presents a comprehen-
sive explanation of the experimental procedure, along with
an extensive evaluation of the proposed method. Section 5
presents three data-driven training strategies, while Section
6 discusses the experimental results and the performance of
our approach. Finally, Section 7 offers concluding remarks
on the findings of the paper.

2. Related work
2.1. Deep learning-based medical image

segmentation
Before the mainstream adoption of deep learning, tradi-

tional medical image segmentation relied on techniques such
as (1) threshold-based, (2) texture and morphology-based,
(3) anatomy-based, and (4) level set model-based methods,
which laid the groundwork for subsequent advances.

Since 2016, deep learning breakthroughs have contin-
ually improved medical image segmentation. Ronneberger
et al. introduced U-net[2], based on fully convolutional
networks[3]. U-net’s encoder-decoder architecture with skip
connections set a standard for subsequent models in segmen-
tation tasks. However, simple concatenation in skip connec-
tions limits feature fusion, potentially leading to informa-
tion loss. Zhou et al.[4] enhanced U-net with dense feature
reorganization in U-net++ to improve multi-scale feature
utilization, achieving high segmentation accuracy. Ibrahim
et al.[5] successfully employed U-net++ for myocardium
segmentation. To further enlarge the receptive field, Sander
et al.[6] proposed DCNN, incorporating dilated convolu-
tions.

To address the issue that medical image segmentation
requires more focus on the region of interest(ROI), Oktay et
al. proposed Attention U-net[7], which uses an attention gate
model to focus on targets of varying shapes and sizes while
masking irrelevant areas of the input image, thereby high-
lighting salient features important for specific tasks. This
led to the development of models that balance increasing
the receptive field for multi-scale feature extraction with
attention mechanisms.

With the introduction of Vision Transformers (ViT)[8],
Transformer-based models emerged as powerful alterna-
tives, enabling better long-range dependencies. As a result,
many researchers began exploring the combination of ViT
and U-net for medical image segmentation. Chen et al.[9]
proposed TransUnet, which encodes CNN feature maps
as input sequences to extract global context while using
a CNN decoder to cascade upsample the features. This
approach demonstrated the strong potential of Transform-
ers as encoders in cardiac image segmentation. Cao et
al.[10] introduced the hierarchical Swin Transformer[11],
which replaced the ViT-based encoder and CNN-based
decoder in TransUnet, creating a pure Transformer archi-
tecture known as Swin-UNet. Subsequent works combin-
ing Vision Transformers and CNNs in cardiac segmen-
tation have emerged, including models that continuously
improved segmentation accuracy on the ACDC dataset, such
as MISSFormer[12], CASCADE[13], nnFormer[14], G-
CASCADE[15], MERIT[16], MIST[17], SwinUNETR[18],
and FCT[19].

Unlike existing research that focuses on improving model
architectures, our work proposes leveraging synthetic medi-
cal data to address challenges such as the scarcity of cardiac
image datasets, class imbalance, and privacy protection.
By generating high-quality synthetic cardiac images, we
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effectively enhance the model’s generalization capability
while mitigating the challenges posed by high annotation
costs and data scarcity, all while ensuring patient privacy.

2.2. Medical image generation and applications of
generated images

Methods for image generation can be classified into
four main types: (1) Variational Autoencoder (VAE)-based
methods; (2) Generative Adversarial Network (GAN)-based
methods; (3) Diffusion Model-based methods; and (4) Flow-
based methods. Each of these approaches has its advantages
in learning latent data distributions, generating diverse sam-
ples, producing high-resolution and high-quality samples,
and reversibly controlling the image generation process. In
terms of diversity and image generation quality, most med-
ical image generation work focuses on GANs and Diffusion
Models.

Before the rise of DDPM[20], GAN-based methods
dominated medical organ image synthesis tasks. Kwon et
al.[21] successfully generated various types and modali-
ties of 3D MRI brain images from limited training data
using GAN networks. Dragan et al.[22] introduced Deep
Convolutional GAN (DCGAN) to generate diverse diabetic
retinopathy (DR) images, addressing the overfitting issue
caused by imbalanced datasets in DR classification. Saad
et al.[23] proposed an attention-guided multi-scale gradient
GAN (MSG-SAGAN), generating diverse X-ray images
by simulating the long-range dependencies of biomedical
image features.

Although GANs ensure image diversity, they suffer from
mode collapse, unstable training, and convergence issues.
Additionally, they cannot fully address the inherent noise
and artifacts present in medical images. Due to the ex-
cellent properties of diffusion models in generating high-
quality samples through denoising, they have gained more
attention in recent years. To balance high-quality gener-
ation with computational resource consumption, various
approaches[24, 25, 26, 27, 28, 29, 30, 31, 32, 33] based
on DDPM or latent diffusion models[34] have combined
cascaded operations, text prompts, conditional guidance,
wavelet transforms, and other modules to generate cross-
modal chest X-rays, 3D brain MRI images, and 3D cardiac
MRI images. These methods have been widely applied to
downstream tasks such as image denoising, reconstruction,
object detection, image pairing, and registration.

In terms of applying synthetic images to medical image
segmentation, Khader et al.[35] proposed the Medical Dif-
fusion network, modifying the 2D-Unet denoising diffusion
network in DDPM to a 3D-Unet network, successfully syn-
thesizing CT and MRI data for various organs. Khader et al.
demonstrated that synthetic images used for self-supervised
pre-training improved chest image segmentation model per-
formance when real datasets were scarce. Saragih et al.[36]
used DDPM to generate polyp image data, resulting in more
realistic synthetic samples. Applying synthetic data to the
polyp segmentation task proved that using synthetic data to
train segmentation models can enhance their performance.

Xu et al.[37] proposed the TDASD method based on stable
diffusion to address the challenges of limited spread through
air spaces data in lung cancer diagnosis. The method they
proposed not only safeguards patient privacy but also en-
hances the diversity of medical images under limited data
conditions. Du et al.[38] proposed an adaptive semantic re-
finement diffusion model (ArSDM) to generate colonoscopy
images favorable for polyp segmentation and detection tasks,
and experiments showed that the data generated by ArSDM
could significantly improve the performance of baseline
segmentation and detection methods. Khosravi et al[39].
demonstrated the effectiveness of using denoising diffusion
probabilistic models (DDPMs) as feature extractors to en-
hance medical image segmentation in a few-shot setting.
Current work on cardiac data synthesis mainly focuses on
cardiac image pairing and reconstruction tasks, with applica-
tions of DDPM-based cardiac image segmentation awaiting
further exploration. In this regard, we propose a cardiac
image generation framework based on DDPM and feature
quantization. This framework employs a DDPM guided by
real label maps to generate compressed latent features, which
are then quantized to produce high-quality synthetic cardiac
images. The network effectively generates synthetic cardiac
data excelling in image quality, structural texture, diversity,
and similarity.

3. Methods
3.1. Overview

Fig.1 illustrates Feature Quantized Cardiac Diffusion
Model (FQCDM) framework proposed in this paper for car-
diac image synthesis. The model primarily consists of three
modules: the Feature Diffusion Generation Block (FDGB),
the Feature Quantized Vector Block(FQB), and the DBD.
The FQB module includes not only the standard encoder
and decoder but also a Feature Vector Quantization Block
(FQB). The Double Branch Discriminator is made up of two
components: PatchGAN, responsible for global feature dis-
crimination, and EdgeGAN, which focuses on edge feature
detection.

Let 𝐼 represent the input cardiac image, and 𝐼𝑠𝑦𝑛 repre-
sent the synthetic cardiac image output by the framework.
The FQCDM generation process can be expressed as in (1):

𝐼𝑠𝑦𝑛 = 𝐻𝐹𝑄𝐶𝐷𝑀 (𝐼), (1)

where𝐻𝐹𝑄𝐶𝐷𝑀 () represents the FQCDM network architec-
ture. Let 𝐸 denote the encoder and 𝐷 denote the decoder, the
feature extraction process 𝐹 by the encoder can be expressed
as in (2):

𝐹 = 𝐸(𝐼), (2)

where 𝐸() denotes the feature extraction process. The pro-
cess of generating new features 𝐹 ′ from the features 𝐹
using the Feature Diffusion Generation Block (FDGB) can
be expressed as in (3):

𝐹
′
= 𝐻𝐹𝐷𝐺𝐵(𝐹 ), (3)

J.Shi et al.: Preprint submitted to Elsevier Page 3 of 13



FQCDM: Feature Quantization-Based Cardiac Image Diffusion Synthesis Model

Figure 1: Overview of our proposed FQCDM framework

where 𝐻𝐹𝐷𝐺𝐵() represents the FDGB module. The new
features 𝐹 ′ are input to the codebook and, after vector quan-
tization, the discrete features 𝐹𝑞 are input to the decoder.
This process can be expressed as in (4):

𝐹𝑞 = 𝐻𝐹𝑄𝐵(𝐹
′
). (4)

The process of decoding the discrete features output by
the codebook into an image using the decoder D can be
expressed as follows:

𝐼𝑠𝑦𝑛 = 𝐷(𝐹𝑞), (5)

where 𝐷() represents the feature decoding process. The
process of generating the discrimination matrix 𝐺 by the
discriminator can be expressed by the equation:

𝐺 = 𝐻𝐷𝐵𝐷(𝐻𝑃𝑎𝑡𝑐ℎ𝐺𝐴𝑁 (𝐼𝑠𝑦𝑛, 𝐼)||𝐻𝐸𝑎𝑔𝑒𝐺𝐴𝑁 (𝐼𝑠𝑦𝑛,1)), (6)

where 𝐻𝐷𝐵𝐷() represents the DBD module, 𝐻𝑃𝑎𝑡𝑐ℎ𝐺𝐴𝑁 ()
represents the PatchGAN module, and 𝐻𝐸𝑎𝑔𝑒𝐺𝐴𝑁 () repre-
sents the EageGAN module.

3.2. Feauture quantization
Feauture Quantization maps latent feature vectors to

the codebook for quantization and further improves image
reconstruction quality by applying GAN discriminator loss
on the output image. In this block the image 𝐼 ∈ 𝑅𝐻×𝑊 ×𝐶 is
input into the encoder to obtain the compressed latent feature
𝐹 ∈ 𝑅(𝐻∕𝑠)×(𝑊 ∕𝑠)×𝑚, where 𝐻 is the image height, 𝑊 is the
image width, and 𝐶 is the number of channels. 𝑚 represents
the number of latent feature maps, and 𝑠 represents the com-
pression scale. In the feature quantization (FQ) step, each

latent feature vector is replaced by the closest corresponding
codebook vector, and then the quantized feature vectors
are input into the decoder 𝐺 for reconstruction. The loss
function of Feature Quantization Blcok is a joint function of
reconstruction loss, codebook quantization error, and GAN
discriminator error, expressed as in (7). Here, reconstruc-
tion loss uses perceptual loss, codebook quantization error
uses mean squared error, and the GAN discriminator uses
PatchGAN[40]. 𝜆 is the weight that adaptively controls the
error.

𝐿𝐹𝑄𝐵 = 𝐿𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡 + 𝐿𝑐𝑜𝑑𝑒𝑏𝑜𝑜𝑘 + 𝜆𝐿𝐺𝐴𝑁 . (7)

The codebook is based on a Transformer architecture for
image synthesis. FQB scans each pixel of the image in a
top-left to bottom-right order, predicting the reconstruction
of the i-th pixel 𝑆𝑖 based on the sequence of preceding
pixels 𝑆<𝑖. This sequential prediction enables the model
to effectively capture contextual dependencies within the
image.

3.3. Conditioned label-guided DDPM continuous
latent feature generation

Unlike unconditional image synthesis methods, this
study aims for the segmentation results of the generated
synthetic cardiac images to closely align with the ground
truth annotations of the input images, effectively “replacing”
the original data to some extent. To achieve this objective,
we designed the FDGB.

Initially, we normalize the latent features 𝐹0 ∈ 𝑅ℎ×𝑤×𝑐

obtained from the encoder, then input them into the DDPM
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to generate the features 𝐹 ′ ∈ 𝑅ℎ×𝑤×𝑐 . During the forward
diffusion process, a series of noisy images 𝐹1,𝐹2,…,𝐹𝑇 are
generated by adding Gaussian noise to 𝐹0 at continuous time
steps 𝑡 = 1, 2,… , 𝑇 , as expressed in the following equation:

𝐹𝑡 =
√

𝛼𝑡𝐹0 +
√

1 − 𝛼𝑡𝜖, (8)

where the sampling noise 𝜖 ∼ 𝑁(0, 𝐼),𝛼𝑡 = 1 − 𝛽𝑡, where
𝛽𝑡 is a predefined hyperparameter that gradually decays over
time, with 𝛼𝑡 =

∏𝑇
𝑖=1𝛼𝑖 . Subsequently, 𝐹𝑇 and time step 𝑡

are input into the reverse denoising network 𝜖𝜃 , which in this
study is implemented as a 2D U-net, through its encoder E.
The true label 𝐿0 ∈ 𝑅𝐻×𝑊 is then resized to dimensions
𝑙 ∈ 𝑅ℎ×𝑤 and embedded into the decoder D. The reverse
denoising process is described as in (9):

𝐹 ′ = 𝜖𝜃(𝐹𝑡, 𝑡, 𝑙) = 𝐷(𝐸(𝐹𝑡, 𝑡), 𝑙). (9)

The loss function for the denoising training process,
𝐿𝐹𝐷𝐺𝐵 , is given by the following equation:

𝐿𝐹𝐷𝐺𝐵 = 𝔼𝑡,𝑥0,𝜖∼𝑁(0,𝐼)

[

‖

‖

‖

𝜖 − 𝜖𝜃
(

𝐹𝑡, 𝑡, 𝑙
)

‖

‖

‖

2
]

. (10)

The pseudocode algorithm for the FDGB training pro-
cess is shown in Algorithm 1.

Algorithm 1 FDGB Module Process.
Input: Time step 𝑡 ∈ {1, 𝑇 }, sampling noise 𝜖 ∼
 (𝟎, 𝐈), real labels 𝐿0, input features 𝐹0 .
Output: Denoised model 𝜖, generated features 𝐹 ′.

1: 𝐹𝑡 =
√

𝛼̄𝑡𝐹0 +
√

1 − 𝛼̄𝑡𝜖 ⊳ Forward Diffusion Process
2: for 𝑖 = 𝑇 , 𝑇 −1,… , 1 do ⊳ Reverse Denoising Process
3: 𝑧 ∼  (𝟎, 𝐈) if 𝑖 > 1 else 𝑧 = 0

4: 𝐹𝑖−1 =
1

√

𝛼̄𝑖

(

𝐹𝑖 −
1−𝛼𝑖
√

1−𝛼̄𝑖
𝜖𝜃(𝐹𝑖, 𝑖, 𝐿0)

)

+ 𝜎𝑖𝑧

5: end for
6: 𝐹 ′ = 𝑅(𝐹0)
7: return 𝐹 ′

3.4. Dual-branch cardiac image discriminator
based on GANs

In the original GAN architecture, the discriminator out-
puts a single evaluation value that indicates whether the
synthetic image is real or synthetic. This value serves as a
judgment for the entire image produced by the generator. In
contrast, PatchGAN utilizes convolutional operations to map
the input to an 𝑁×𝑁 matrix, replacing the single evaluation
value found in traditional GANs. Each point in this 𝑁 ×𝑁
matrix (true/false) corresponds to the evaluation of a small
region, or patch, within the original image. By employing
this matrix approach, PatchGAN can focus on a broader
area of the image. However, this method of “increasing the
receptive field" does not adequately address the intricate
details of edge texture features. To overcome this limitation,

we designed the DBD for cardiac images, which includes the
EageGAN module as described by the following equation:

0 = 𝐻𝐸𝑎𝑔𝑒𝐺𝐴𝑁 (𝐼𝑠𝑦𝑛, 𝐼𝑟𝑒𝑎𝑙), (11)

where 𝐻𝐸𝑎𝑔𝑒𝐺𝐴𝑁 () denotes the EageGAN module, 𝐼𝑠𝑦𝑛 is
the input synthetic image, 𝐼𝑟𝑒𝑎𝑙 is the input real image, and
𝑂 is the output. First, the EageGAN branch fuses the edge
results of the real image obtained via a Canny edge detector
with the synthetic image to obtain the fused image 𝐼𝑓𝑢𝑠𝑒, as
shown in (12). Following this, multiple convolutional blocks
(comprising 3×3 convolution, 1×1 convolution, and ReLU
functions) are cascaded to extract features from the fused
image, resulting in the fused feature output 𝑂. This process
are shown in (13) and (14):

𝐼𝑓𝑢𝑠𝑒 = 𝐼𝑠𝑦𝑛||𝐶𝑎𝑛𝑛𝑦(𝐼𝑟𝑒𝑎𝑙), (12)

𝐼𝑓𝑢𝑠𝑒𝑖 = 𝛿
(

𝐶𝑜𝑛𝑣3×3
(

𝐼𝑓𝑢𝑠𝑒(𝑖−1)
)

∥ 𝐶𝑜𝑛𝑣1×1
(

𝐼𝑓𝑢𝑠𝑒(𝑖−1)
)

)

,

𝑖 = 1, 2,… , 𝑛
(13)

𝑂 = 𝑅𝑒𝑠ℎ𝑎𝑝𝑒
(

𝐶𝑜𝑛𝑣3×3
(

𝐼𝑓𝑢𝑠𝑒𝑛
)

)

, (14)

where 𝐶𝑎𝑛𝑛𝑦() denotes the Canny edge detector, 𝐶𝑜𝑛𝑣3×3()
denotes the 3 × 3 convolution operation, 𝐶𝑜𝑛𝑣1×1() denotes
the 1 × 1 convolution operation, and 𝛿 denotes the ReLU
function. The fused image 𝑂 is input to the PatchGAN
network as auxiliary supervision information to ensure that
PatchGAN can provide an accurate evaluation matrix fo-
cusing on global features and edge texture information. The
PatchGAN module first inputs the synthetic image 𝐼𝑠𝑦𝑛 and
the real image 𝐼𝑟𝑒𝑎𝑙, and processes them through 4 × 4
convolution and LeakyReLU functions to obtain fused fea-
tures, as shown in (15). Then, multiple feature extraction
blocks composed of 4 × 4 convolution, batch normalization
(BN), and LeakyReLU activation functions are cascaded to
obtain deep features, as shown in (16). Finally, the deep
features are fused with the fused features output by the
EageGAN to obtain the edge-fused features. These features
are then processed through a 4 × 4 convolution to produce
the discriminator matrix G, as expressed in (17):

𝐼0 = 𝜎𝐶𝑜𝑛𝑣4×4(𝐼𝑠𝑦𝑛(𝑟𝑒𝑎𝑙)), (15)

𝐼𝑖 = 𝜎𝐵𝑁
(

𝐶𝑜𝑛𝑣4×4
(

𝐼𝑖−1
)

)

, 𝑖 = 1, 2, ..., 𝑛 (16)

𝐺 = 𝐶𝑜𝑛𝑣4×4(𝐼𝑛||𝑂), (17)

where 𝜎 denotes the LeakyReLU function, 𝐶𝑜𝑛𝑣4×4() de-
notes the 4 × 4 convolution, and 𝐵𝑁() denotes batch nor-
malization. The structure of the double-branch discriminator
DBD is shown in Figure 2.
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Figure 2: Double-Branch Cardiac Image Discriminator

4. Experiments and results
4.1. Dataset description

This study utilizes the ACDC[41] and MMWHS-2017
datasets for the synthesis tasks. The MMWHS-2017 cardiac
segmentation challenge dataset[42] comprises 120 multi-
modal whole-heart images from multiple institutions, in-
cluding 60 cardiac CT/CTA scans and 60 3D cardiac MRI
scans that encompass the entire cardiac substructure. The
data covers the full heart region from the upper abdomen
to the aortic arch. Specifically, the training set includes 20
CT and 20 MRI images, while the test set consists of 40 CT
and 40 MRI images.

The ACDC dataset consists of multi-slice 2D cardiac
magnetic resonance images (cine MRI) from 100 patients,
encompassing five categories of clinical diagnoses: Nor-
mal (NOR), Dilated Cardiomyopathy (DCM), Hypertrophic
Cardiomyopathy (HCM), Myocardial Infarction with Heart
Failure (MINF), and Arrhythmogenic Right Ventricular Car-
diomyopathy (ARVC). Each case in the dataset includes a
series of short-axis cardiac MRI images covering the entire
cardiac cycle, with segmentation labels provided for the left
ventricle (LV), right ventricle (RV), and myocardium (Myo)
at two time points: end-diastole (ED) and end-systole (ES),
serving as benchmarks for evaluation.

The slice images were divided into training, validation,
and test sets in a ratio of 7:2:1. Various data augmentation
strategies were applied to the new training set, including ran-
dom flipping, random rotation, distortion, random cropping,
and random horizontal/vertical translation and flipping.

4.2. Training details and evaluation metrics
The experiments were conducted using the PyTorch 1.10

framework with Python 3.8 on Ubuntu 20.04, utilizing a
GeForce RTX 3090 graphics card. The loss function is 𝐿 =
𝐿𝐹𝐺𝐵+𝐿𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡+𝐿𝑐𝑜𝑑𝑒𝑏𝑜𝑜𝑘+𝜆𝐿𝐺𝐴𝑁 . In the Feature Vec-
tor Quantization Block, the compression scale S was set to
(4,4), and the total number of codebooks N was set to 1024.
Within the FDGB module, DDPM operated with a time step
𝑇 of 100. The initial learning rate was set to 0.0001 with
a learning rate decay strategy using ReduceLROnPlateau.
The optimizer employed was AdamW with a weight decay of
0.05. The batch size was set to 1. The number of epochs was
800, and beyond epoch 400, the improvements in PSNR and
MS-SSIM, and the decrease in FID values, notably slowed
down, indicating convergence.

For evaluation metrics, the study employed three metrics
to assess the quality, multi-scale structural similarity, and
distribution similarity of synthesized cardiac images: Peak
Signal-to-Noise Ratio (PSNR), Multi-Scale Structural Sim-
ilarity Index (MS-SSIM), and Fréchet Inception Distance
(FID).

PSNR is a metric used to measure image quality, typ-
ically assessing the similarity between an image and its
original. A higher PSNR value indicates greater similarity
and better quality between the two images. The formula for
calculating PSNR is given as in (18).

𝑃𝑆𝑁𝑅 = 10 × 𝑙𝑜𝑔10
(𝑀𝐴𝑋2

𝑀𝑆𝐸

)

, (18)

where MAX represents the maximum possible pixel value of
the image, and MSE stands for Mean Squared Error, aiming
to compute differences between two images pixel by pixel,
then squaring and averaging them.

SSIM, based on the hypothesis that the human eye ex-
tracts structured information from images, measures image
similarity through brightness, contrast, and structural as-
pects. MS-SSIM extends SSIM by examining image details
at different scales. The synthetic image 𝑠 and the real image
𝑡 are input into the model and downsampled 𝑁 times. At
each downsampling scale, SSIM calculates contrast measure
𝐶𝑖(𝑠, 𝑡) and structural measure 𝑆𝑖(𝑠, 𝑡), and at the final scale
𝑠𝑐𝑎𝑙𝑒𝑁 , it computes brightness measure 𝐿𝑁 (𝑠, 𝑡). By inte-
grating results from different scales, MS-SSIM evaluates the
synthesized image comprehensively. The methods for calcu-
lating brightness, contrast, and structural measures at each
scale are represented by (19), (20), and (21), respectively.
The formula for computing MS-SSIM is shown in (22).

𝐿(𝑠, 𝑡) =
2𝜇𝑠𝜇𝑡 + 𝑐1
𝜇2
𝑠 + 𝜇2

𝑡 + 𝑐1
, (19)

𝐶(𝑠, 𝑡) =
2𝜎𝑠𝜎𝑡 + 𝑐2
𝜎2𝑠 + 𝜎2𝑡 + 𝑐2

, (20)

𝑆(𝑠, 𝑡) =
Σ𝑠𝑡 + 𝑐3
𝜎𝑠𝜎𝑡 + 𝑐3

, (21)

𝑀𝑆−𝑆𝑆𝐼𝑀(𝑠, 𝑡) = [𝐿(𝑠, 𝑡)]𝛼𝑁 ×
𝑁
∑

𝑖=1
[𝑐(𝑠, 𝑡)]𝛽𝑖 ⋅[𝑠(𝑠, 𝑡)]𝛾𝑖 ,

(22)

where 𝜇 represents the mean of the image, 𝜎 represents
the standard deviation of the image, and Σ represents the
covariance between images. Constants 𝑐1, 𝑐2, and 𝑐3 are used
to prevent division by zero. Exponents 𝛼𝑁 , 𝛽𝑖, and 𝛾𝑖 are
parameters that adjust the importance of the three measures.

FID calculates the Fréchet distance based on the feature
vector space between two image distributions. Formula (23)
represents the calculation formula for FID:

𝐹𝐼𝐷(𝑆, 𝑇 ) = ‖

‖

𝜇𝑇 − 𝜇𝑆‖‖
2+𝑇 𝑟(Σ𝑆+Σ𝑇 −2 ∗

√

Σ𝑆Σ𝑇 ),
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(23)

where 𝑇 represents the set of feature vectors for the real
image distribution, typically represented using outputs from
intermediate layers of an Inception network. 𝑆 represents
the set of feature vectors for the synthetic image distribution,
similarly represented in the same manner. 𝜇𝑇 and 𝜇𝑆 are the
means of the feature vector sets 𝑇 and 𝑆, respectively. Σ𝑇
and Σ𝑆 are the covariance matrices of the feature vector sets
T and S, respectively. 𝑇 𝑟(Σ𝑆 +Σ𝑇 −2 ∗

√

Σ𝑆Σ𝑇 ) represents
the square root of the trace of the covariance matrix. A
lower FID value indicates a greater similarity between the
distributions of synthetic and real images, correlating with
higher image quality in the synthetic images.

4.3. Analysis of experimental results
In this paper, experiments were conducted on the MMWHS-

2017 and ACDC datasets to compare the proposed FQCDM
method with classical medical image synthesis techniques
across multiple dimensions using evaluation metrics such
as PSNR, MS-SSIM, and FID. These synthesis algorithms
include VQVAE[43], DCGAN[44], CycleGAN, VQGAN,
and DDPM.

4.3.1. Analysis of synthesized image quality evaluation
The experiments used the PSNR metric to evaluate the

quality of synthesized images, with higher PSNR values
indicating better image synthesis quality. The experimental
results are shown in Table 1.

According to Table 1, it is observed that diffusion models
generate higher-quality images compared to GAN and VAE
methods. This is because GAN networks are prone to mode
collapse relative to DDPM, whereas diffusion models focus
more on the probability distribution of image samples, pro-
viding better stability and controllability. VQVAE performs
poorer compared to GAN networks and DDPM because
VAE uses mean squared error for training in reconstruction
tasks, which forces pixel values to be as close as possible
but does not guarantee perceptual similarity, resulting in
relatively blurry outcomes. The use of perceptual loss in
VQGAN and FQCDM has shown better results.

From Table 1, it is also evident that VQGAN, with
its codebook quantization constraint, generates image pat-
terns more effectively compared to other classical GAN
image generation networks. Additionally, both VQGAN
and FQCDM quantize features at compression scale sizes,
whereas DDPM directly applies diffusion models to orig-
inal images, resulting in longer training times per epoch.
FQCDM demonstrates comparable image generation quality
results to DDPM but in a more efficient manner.

4.3.2. Multi-scale similarity assessment of synthetic
images

In this paper, we evaluate the diversity of synthetic
images using the MS-SSIM metric. A higher MS-SSIM
value indicates greater similarity in terms of brightness, con-
trast, and structure across multiple scales. The experimental
results are presented in Table 2.

Table 1
Quantitative Comparison of PSNR Values on MMWHS-2017
and ACDC Datasets

Method MMWHS-MRI MMWHS-CT ACDC

VQVAE 21.59 25.60 23.82
DCGAN 26.70 32.84 29.46

CycleGAN 29.78 35.17 34.10
VQGAN 30.41 37.18 35.92
DDPM 33.76 38.06 37.61

FQCDM (ours) 32.69 38.42 37.89

Note: Bold numbers in each column indicate the highest
score for the corresponding dataset.

Table 2
Quantitative Comparison of MS-SSIM Values with Other
Methods on MMWHS-2017 and ACDC Datasets

Method MMWHS-MRI MMWHS-CT ACDC

VQVAE 73.77 72.16 70.91
DCGAN 78.14 74.89 73.45

CycleGAN 82.08 77.62 76.74
VQGAN 84.52 80.30 78.92
DDPM 85.66 82.72 81.76

FQCDM(ours) 86.15 85.77 87.58

Note: Bold numbers in each column indicate the highest
score for the corresponding dataset.

As demonstrated in Table 2, the proposed FQCDM
outperforms other baseline methods and commonly used
classical generative models. This indicates that FQCDM im-
plicitly incorporates the advantages of both diffusion mod-
els and GANs. Whether for CT or MRI images, FQCDM
consistently ensures superior generation quality of synthetic
images across multiple scales.

4.3.3. Evaluation of distribution similarity of synthetic
images

Furthermore, we evaluate the distribution similarity of
the synthetic images using the FID metric. A lower FID
value indicates that the distribution of the synthetic dataset is
more similar to the real data distribution. The experimental
results are presented in Table 3.

Table 3 shows that the FID values for synthetic heart
images are generally higher compared to natural images.
This higher FID value can be attributed to the inherent
challenges in medical images, such as blurring, noise, and
artifacts, which make it difficult to accurately model their
distribution. Consequently, diffusion models, which focus on
distributional aspects, demonstrate superior performance in
this regard compared to GANs and VAEs. Additionally, the
proposed model performs better on the ACDC dataset than
on the MMWHS-2017 dataset. This is likely because the
ACDC dataset involves only three semantic classes, while
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Table 3
Quantitative Comparison of FID Values with Other Methods
on MMWHS-2017 and ACDC Datasets

Method/dataset MMWHS-MRI MMWHS-CT ACDC

VQVAE 74.82 70.01 68.23
DCGAN 67.44 58.34 60.24

CycleGAN 60.81 53.27 58.83
VQGAN 59.74 50.94 48.08
DDPM 53.59 43.60 44.73

FQCDM(ours) 49.61 41.97 38.60

Note: Bold numbers in each column indicate the highest
score for the corresponding dataset.

the MMWHS-2017 dataset involves seven, adding to its
complexity. Finally, the FQCDM proposed in this paper is
capable of generating synthetic heart datasets with lower
FID values.

4.4. Qualitative results
From the visual perspective presented in Fig.3, it is

evident that among the synthetic cardiac images, those gen-
erated by VQVAE exhibit the poorest clarity, least realistic
contrast, and minimal perceptual semantic diversity com-
pared to other generative results. In comparisons with GAN
networks, DCGAN demonstrates the lowest performance,
while VQGAN and CycleGAN perform similarly in gen-
erating MMWHS semantic classes, with VQGAN showing
slightly higher clarity. CycleGAN, primarily used for style
transfer in cross-domain medical imaging, does not match
VQGAN’s advantage in generating high-resolution images.

Moreover, the diffusion models (DDPM and FQCDM)
consistently produce the highest quality synthetic images
across all comparative experiments, excelling in overall
brightness, contrast, and semantic diversity. Notably, FQCDM
proposed in this paper is capable of generating prominent se-
mantic regions while also capturing relatively rare semantic
classes found in the real dataset distribution (highlighted by
red/green boxes). This demonstrates its superiority in both
structural similarity and distributional fidelity compared to
the other models.

5. Synthetic image-driven cardiac
segmentation strategies
Current work on synthetic data, such as Medical Diffu-

sion and ArSDM, has shown that synthetic data can effec-
tively support segmentation and detection tasks for organs
like the brain, chest, and abdomen, achieving promising
results. Inspired by these findings, we designed several train-
ing strategies to investigate whether the synthetic cardiac
data generated by the proposed FQCDM method can en-
hance the segmentation performance of classical cardiac
segmentation networks like Swin Unet and U-net. This sec-
tion primarily outlines three data-driven training strategies:
mixing synthetic and real data, self-supervised pretraining,

Figure 3: Qualitative comparison of the results from different
synthesis methods. Each row presents one typical method
from top to bottom: (a) raw cardiac images (b) ground truth
labels (c) synthetic images from FQCDM (d) synthetic images
from DDPM (e) synthetic images from VQGAN (f) synthetic
images from CycleGAN (g) synthetic images from DCGAN (h)
synthetic images from VQVAE. Each column represents results
from different datasets, including MMWHS-CT, MMWHS-
MRI, and ACDC. In each case, green and red boxes are used
to highlight regions of interest in the segmentation outputs.

and a combination of synthetic data with traditional data
augmentation.

5.1. Mixed training strategy with synthetic and
real data

Given the privacy and ethical concerns associated with
medical images, many research organizations prefer to use
high-quality synthetic images as a proxy rather than shar-
ing real data directly when collaborating with external
entities[45]. To address this need, we have designed two
strategies for utilizing both synthetic and real data.

To evaluate whether adding relatively low-cost synthetic
data can improve segmentation performance on a test set,
we examines various ratios of synthetic to real data as
supplementary training data. The amount of real data used
is 100 images. This study references the advanced work on
Synthetically Enhance[46] to define the ratio of synthetic
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Figure 4: Results of mixed training with synthetic and real
data. The figure consists of two subplots illustrating the Dice
Coefficient for Swin-Unet and Unet mixed training schemes:
(a) Left subplot presents the Dice Coefficient for the Swin-Unet
scheme as the ratio of synthetic to real data changes. (b) Right
subplot shows the Dice Coefficient for the Unet scheme with
the same varying data ratios.

to real data. We created mixed ACDC datasets with syn-
thetic/real data ratios of [0.1, 0.2, 0.4, 0.8, 1.0, 2.0, 4.0,
8.0, 10.0] and conducted training and evaluation using two
common cardiac segmentation networks, U-net and Swin U-
net. The experimental results are illustrated in Fig.4.

From Fig.4, it is evident that when the synthetic-to-real
data ratio is below 400%, meaning the number of synthetic
images does not exceed four times that of real images,
both segmentation networks show continuous improvement
in segmentation performance as the number of synthetic
images increases. However, when the synthetic data exceeds
four times the amount of real data, segmentation perfor-
mance deteriorates. This decline might be due to quality and
annotation issues with the synthetic data; beyond a fourfold
increase, the diversity of the synthetic dataset may reach
saturation. Excessive synthetic data could introduce low-
quality images or overly repetitive semantic classes, leading
the model to overfit to frequently occurring classes and
ignore rarer ones, thus reducing performance. Therefore,
using FQCDM synthetic images with a synthetic-to-real data
ratio of 400% is recommended.

To simulate a scenario where only synthetic images are
used, this section presents a training strategy that employs
solely synthetic data as the training set. This approach allows
us to investigate whether using synthetic images in place
of real images would lead to a noticeable reduction in
segmentation accuracy. The amounts of synthetic data and
segmentation networks follow the same strategy as (1), with
the synthetic data quantities set at 10, 20, 40, 80, 100, 200,
400, 800, and 1000 images. The experimental results are
shown in Fig.5.

Fig.5 indicates that the best segmentation performance
and Dice score are achieved with 400 synthetic images,
consistent with the findings from the mixed training strategy.
This suggests that using 400 synthetic images is a good
choice for training with FQCDM synthetic data. However,
compared to the mixed training strategy, pure synthetic
data training yields less satisfactory results. This highlights

Figure 5: Results of training with synthetic data only. Each
subplot displays the results for a different training scheme: (a)
Left: Swin-Unet results. (b) Right: Unet results.

Figure 6: Results with and without Self-Supervised pretraining.
(a) Left subplot: Unet Pretraining Results, showing the Dice
Coefficient at different Real/Synthetic Data Ratios. (b) Right
subplot: Swin-Unet Pretraining Results, also displaying the
Dice Coefficient at varying Real/Synthetic Data Ratios.

that synthetic data cannot fully replace real data, as well-
annotated real data remains highly valuable and plays a
crucial role in model training and evaluation.

5.2. Self-supervised pretraining for cardiac
segmentation networks

Self-supervised learning is a method of supervised learn-
ing that does not require manually annotated labels. Instead,
it leverages the intrinsic properties of the data for training.
In the medical imaging field, where acquiring large amounts
of finely annotated data is challenging, self-supervised pre-
training can address data scarcity issues by using unlabeled
data, thereby enhancing model generalization and perfor-
mance. Additionally, it provides a robust initialization for
segmentation networks, which helps accelerate convergence
and improve segmentation outcomes.

In this section, we introduce a self-supervised pretrain-
ing strategy using a context encoder[47] auxiliary task with
synthetic data, applied to the Swin-Unet and U-net segmen-
tation models. For this approach, 500 synthetic images were
used for self-supervised training. Fine-tuning was conducted
with the ACDC real dataset, with real image quantities set to
[50, 100, 250, 500] and real-to-synthetic data ratios of [0.1,
0.2, 0.5, 1]. The results on the ACDC test set are illustrated
in Fig.6.

From Fig.6, it is evident that the pre-training mode,
which combines synthetic data with real data fine-tuning,
effectively enhances the segmentation performance of both
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Table 4
Performance Comparison of Segmentation Networks Using
Synthetic Data and Data Augmentation

Method Model Average Dice↑

Synthetic Images Swin U-net 85.37
U-net 81.63

Real Images Swin U-net 88.43
U-net 83.46

Synthetic Images+Data Augmen-
tation

Swin U-net 87.49

U-net 83.04
Real Images+Data Augmentation Swin U-net 90.01

U-net 85.69
Synthetic Images+Real Images Swin U-net 88.06

U-net 83.38
Synthetic Images+Real
Images+Data Augmentation

Swin U-net 90.87

U-net 86.72

networks. This improvement is particularly pronounced as
the quantity of real data used for fine-tuning increases. When
the fine-tuning ratio is at 20%, the segmentation enhance-
ment is notable, while a 100% fine-tuning ratio achieves
optimal performance. Thus, we can hypothesize two scenar-
ios: in cases with limited real data, it is advisable to pre-
train with a 20% fine-tuning ratio to achieve cost-effective
segmentation results. Conversely, if a substantial amount of
real data is available, a 100% ratio for self-supervised pre-
training can yield advanced segmentation outcomes.

5.3. Combining training strategies with data
augmentation

Data augmentation has long been a common method
for increasing the dataset size during pre-processing, with
extensive work demonstrating its effectiveness in enhanc-
ing segmentation accuracy. The synthetic images proposed
in this paper also contribute to increasing data volume
and thereby improving segmentation network performance,
but they should not be conflated with data augmentation
methods. Data augmentation generates “pseudo-original"
images through geometric or color transformations that are
reversible, whereas synthetic images are generated based on
real scene simulations or entirely fictional scenarios, allow-
ing customization of various attributes to achieve specific
generation goals. The two methods serve different purposes
in expanding data. Therefore, this study aims to explore
whether combining data augmentation with synthetic data
methods can further enhance segmentation network perfor-
mance.

Our experiments utilized various data augmentation
strategies, including random flipping, random rotation, dis-
tortion, random cropping, and random horizontal/vertical
shifting, as default settings for data augmentation. The
results of training using the combination of synthetic data
methods and data augmentation are presented in Table 4.

From Table 4, it is evident that data augmentation is
effective when applied to both synthetic and real data. For
the Swin-Unet and U-net networks, the Dice scores im-
proved by 2.12 and 1.41, respectively, for synthetic im-
ages with data augmentation. For real images with data
augmentation, the Dice scores increased by 2.52 and 1.83.
The magnitude of improvement is similar for both types
of data, indicating that data augmentation does not pref-
erentially benefit real images; synthetic images can also
be enhanced effectively through data augmentation. When
comparing models trained with real images versus those
trained with synthetic images, the models trained on real
images consistently achieved higher Dice scores, whether
data augmentation was used or not. This suggests that relying
solely on synthetic data cannot entirely replace real data for
training segmentation models. However, the performance of
segmentation networks trained with synthetic images did
not show a substantial decrease, only about 1.8% lower
in accuracy. Considering the cost of acquiring real versus
synthetic data, this minor reduction in performance is ac-
ceptable. High-quality synthetic data can also be applied to
cardiac segmentation tasks, such as participating in training
strategies for self-supervised pretraining or serving as a
warm-up for initializing model weights. Finally, as shown in
the table, using both synthetic and real data combined with
data augmentation achieves better results than training the
segmentation networks separately with either type of data.
Both segmentation networks reach their best Dice scores,
indicating that synthetic data can effectively supplement real
datasets to some extent.

6. Discussion
In this study, the Feature Quantization-based Cardiac

Diffusion Model FQCDM was proposed to address the chal-
lenges in cardiac image synthesis and segmentation. Ad-
ditionally, this work investigates three innovative training
strategies to integrate synthetic cardiac data into segmenta-
tion tasks. These strategies demonstrate the feasibility and
potential of using synthetic data to enhance segmentation
performance. Compared to previous studies, our work makes
two contributions, which are discussed in detail in Section
6.1 and 6.2.

6.1. Ablation study
Our proposed FQCDM comprises three key compo-

nents: FDGB, FQB, and DBD. It integrates feature quanti-
zation into the generative model and leverages label-guided
DDPM for high-quality cardiac image synthesis. To improve
edge and texture feature extraction, we designed a dual-
branch discriminator that enhances edge detection accuracy
while preserving global feature discrimination.

To assess the effectiveness and scientific validity of
each module within the FQCDM framework for cardiac
image segmentation tasks, we conduct an ablation study on
the FDGB, FQB, and DBD. The default network used for
comparison is the original VQGAN, and the experiments are
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Table 5
Ablation Study

FDGB FQB DBD PSNR↑ MS-SSIM↑

/ / / 35.92 78.92
✓ / / 36.87 82.06
/ ✓ / 36.46 81.89
/ / ✓ 36.07 81.25
✓ ✓ / 37.54 83.04
✓ / ✓ 37.02 82.92
/ ✓ ✓ 36.68 83.45
✓ ✓ ✓ 37.89 87.58

Note: Bold numbers in each column indicate the highest
score for the corresponding dataset.

performed on the ACDC dataset. The results are presented
in Table 5.

Table 5 reveals that each individual module (FDGB,
FQB, and DBD) enhances the image PSNR and MS-SSIM
values to some extent when embedded in the original
network, demonstrating the effectiveness of each module.
Among these, the FDGB plays the most crucial role, pro-
viding the greatest contribution to image synthesis quality.
When all three modules are combined, as in the FQCDM
proposed in this paper, the method achieves the most com-
petitive results.

6.2. Analysis of synthetic image-driven cardiac
segmentation strategies

As shown in Figs. 4, 5, and 6, three data-driven training
strategies explored in this study—mixed training, pretrain-
ing with synthetic data, and combining synthetic data with
data augmentation—demonstrate improved performance in
segmentation accuracy. The mixed training strategy shows
optimal segmentation performance when the synthetic-to-
real data ratio is up to 400%, while excessive synthetic
data leads to diminishing returns. Pure synthetic training
confirms the importance of quality and diversity, with 400
synthetic images achieving the best results, though real
data remains indispensable for optimal accuracy. The self-
supervised pretraining strategy demonstrates that synthetic
data can effectively initialize models, particularly when real
data is limited, with notable improvements even at low fine-
tuning ratios. Combining synthetic data with data augmen-
tation achieves the highest Dice scores, underscoring the
complementary benefits of these approaches.

The results suggest that well-annotated real data re-
mains critical for achieving superior segmentation perfor-
mance, while synthetic data can complement segmentation
tasks. However, the experimental results also reveal that
one should not overly rely on synthetic data; well-annotated
real data still plays a dominant role in achieving supe-
rior segmentation performance, while synthetic data can
complement cardiac segmentation tasks from a data-driven
perspective. Future work could focus on extending FQCDM

to generate rare or anomalous structures and exploring its
effectiveness across various cardiac imaging modalities.

7. Conclusion
In this work, we propose a novel cardiac image gen-

eration framework, VQCDM, which combines DDPM and
VQGAN to address the challenges of high labeling costs
and limited cardiac imaging datasets. By leveraging the
VQGAN encoder to encode cardiac images into continuous
features and introducing a label-guided DDPM in the DGB
to generate high-quality latent features, the model quantizes
these features via the VQGAN codebook before decoding
them into synthetic cardiac images. To evaluate the quality
and diversity of the generated images, a DBD was designed,
enabling simultaneous discrimination of global features and
edge information.

Extensive experiments on the MMWHS-2017 and ACDC
datasets demonstrate that VQCDM is capable of synthesiz-
ing high-quality and diverse cardiac datasets, with evalua-
tion distributions closer to those of real-world data. More-
over, this study explored the application of synthetic cardiac
datasets in cardiac image segmentation tasks. By design-
ing three strategies — mixed training with synthetic and
real data, pretraining with self-supervision, and combining
synthetic data with conventional augmentation methods —
we examined the adaptability of synthetic data in enhancing
segmentation performance. The results highlight the poten-
tial of synthetic data in improving segmentation accuracy.
However, our findings also emphasize that excessive reliance
on synthetic data may hinder segmentation performance,
as fully annotated real-world data remains a dominant
factor for achieving superior accuracy. Synthetic data, while
beneficial, should complement rather than replace real data,
offering a data-driven solution for cardiac segmentation
tasks. These insights underscore the importance of balancing
synthetic and real data in future research to optimize seg-
mentation performance and address data scarcity challenges.
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