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Abstract—We propose a diffusion-based generative frame-
work for synthesizing realistic thoracic CT volumes from the
LIDC–IDRI dataset, aiming to address data scarcity, privacy
concerns, and augmentation needs in medical imaging. Our
approach leverages a 3D U-Net architecture with residual con-
nections as the denoising function within a Denoising Diffusion
Probabilistic Model, enabling volumetric reconstruction from
isotropic Gaussian noise across 1,000 reverse diffusion steps. The
model is trained end-to-end on standardized CT scans resampled
to 1283 voxels, with intensities normalized in the Hounsfield scale.
Due to the high computational demands of volumetric diffusion,
the training was distributed across two consumer-grade GPUs
over 58 days, incorporating memory-efficient strategies such as
gradient checkpointing and small batch sizes. Evaluation is con-
ducted using Fréchet Inception Distance (FID) and Multi-Scale
Structural Similarity Index (MS-SSIM), with results computed
against a held-out test set. Qualitative inspection and quantitative
metrics jointly demonstrate that the generated samples exhibit
high anatomical plausibility, cross-slice coherence, and distribu-
tional alignment with real CT scans. These findings highlight the
potential of diffusion models to surpass GAN-based alternatives
in generating clinically meaningful synthetic 3D medical images.

I. INTRODUCTION

The use of generative models in medical imaging has gained
increasing attention due to their potential in data augmenta-
tion, anonymization, and training of downstream diagnostic
algorithms [1], [2]. In particular, the synthesis of high-fidelity
three-dimensional (3D) medical volumes—such as computed
tomography (CT) scans—offers the opportunity to overcome
limitations related to data scarcity, patient privacy, and the high
cost of expert annotations.

Among generative techniques, Generative Adversarial Net-
works (GANs) have been widely adopted for 2D and, more
recently, 3D medical image synthesis [3]. Despite their success
in capturing high-frequency details and visual realism, GAN-
based methods often suffer from training instabilities, mode
collapse, and limited control over the generative process.
These limitations are particularly pronounced in the context
of volumetric data, where preserving inter-slice coherence and

anatomical plausibility across 3D space remains a substantial
challenge.

Denoising Diffusion Probabilistic Models (DDPMs) have
recently emerged as a robust alternative, offering stable train-
ing dynamics and high-quality synthesis through a learned
iterative denoising process [4]. Unlike GANs, diffusion models
optimize a tractable likelihood objective and progressively
learn to reverse a stochastic forward noise process, thereby
enabling fine-grained control and improved diversity in the
generated samples. In the domain of medical imaging, early
studies have demonstrated that DDPMs can produce struc-
turally coherent and anatomically plausible volumes [5], [6],
suggesting their viability for clinical applications.

However, training DDPMs on high-resolution 3D med-
ical data remains computationally expensive and memory
intensive. Challenges include the need for long denoising
trajectories, large model footprints, and the lack of pretrained
3D backbones suitable for medical imaging tasks. Moreover,
the evaluation of synthetic data quality must account for
both perceptual realism and structural fidelity, often requiring
domain-specific adaptations of existing metrics like the Fréchet
Inception Distance (FID) and Multi-Scale Structural Similarity
(MS-SSIM).

In this work, we propose a 3D diffusion-based framework
tailored for the synthesis of thoracic CT volumes using
the publicly available LIDC–IDRI dataset [7]. The model
architecture is based on a volumetric U-Net with residual
blocks, optimized for high-resolution volumetric denoising.
To mitigate hardware limitations, we employ efficient training
strategies such as gradient checkpointing and low-batch-size
training. The quality of generated volumes is assessed both
quantitatively, using FID and MS-SSIM, and qualitatively,
through comparative visual analysis of real and synthetic CT
slices.

Our contributions can be summarized as follows:

• We design and train a 3D diffusion model for un-
conditional generation of chest CT volumes from the



LIDC–IDRI dataset, focusing on preserving anatomical
realism and structural consistency.

• We implement a memory-efficient training strategy that
enables training on standard GPU hardware for extended
periods, facilitating model scalability.

• We conduct a comprehensive evaluation protocol combin-
ing FID and MS-SSIM metrics with visual inspection to
validate the plausibility and coherence of the synthesized
volumes.

The remainder of this paper is structured as follows.
Section II reviews related work on generative models for
medical imaging, with emphasis on volumetric GANs and
recent diffusion-based approaches. Section III presents the
proposed methodology, including preprocessing steps, model
architecture, training configuration, and evaluation metrics.
Section IV reports the experimental results, providing both
quantitative metrics and qualitative comparisons with real CT
volumes. Finally, Section V discusses the conclusions drawn
from our findings and outlines future research directions,
including the integration of conditional inputs and clinical
evaluation through expert radiologist assessments.

II. RELATED WORK

Generative models have been extensively explored in med-
ical imaging due to their potential for data augmentation
and anonymization. Ferreira [8] proposed a 3D Progressive
Growing GAN (PGGAN) to synthesize full-resolution thoracic
CT volumes from the LIDC-IDRI dataset. Unlike traditional
2D approaches, the model generates volumetric scans directly
from noise, preserving anatomical consistency and spatial
coherence.

The architecture follows a progressive training scheme,
growing the resolution during learning to improve stability
and visual fidelity. Evaluation using MS-SSIM yielded a score
of 0.788, and a Visual Turing Test with radiologists resulted
in a classification accuracy of only 32%, demonstrating the
realism of the generated images. This work highlights both
the feasibility and limitations of GAN-based volumetric syn-
thesis, serving as a baseline for more recent diffusion-based
approaches.

Building on GAN architectures for 3D medical imaging,
Hong et al. [9] extended StyleGAN2 to a 3D-StyleGAN
paradigm. Trained on approximately 12,000 full-brain T1-
weighted MRIs, this model supports latent-space projection
and style mixing, highlighting controllability and interpretabil-
ity in volumetric synthesis, traits particularly promising for
medical applications.

More recently, diffusion probabilistic models have emerged
as powerful alternatives. Khader et al. [10] showed that
diffusion models can synthesize high-quality 3D MRI and CT
volumes. Radiologists rated the outputs highly in terms of real-
ism, anatomical correctness, and slice consistency. Moreover,
the use of synthetic images in self-supervised pre-training im-
proved breast segmentation performance (Dice score improved
from 0.91 to 0.95).

seg2med [6] leverages DDPMs conditioned on anatomical
segmentation masks to synthesize CT and MRI data. On
LIDC-IDRI-derived scans, it achieved exceptionally high fi-
delity: SSIM = 0.94 ± 0.02 for CT (0.89 ± 0.04 for MRI),
SSIM = 0.78 ± 0.04 (CT), and a low FID of 3.62. Moreover,
anatomical accuracy was substantiated by Dice scores above
0.90 across 11 abdominal organs, demonstrating structural
consistency and clinical relevance.

A recent study by Marı́ Molas et al. [11] proposes a
conditional latent diffusion model tailored to chest CT slices
with lung nodules from the LIDC-IDRI dataset. The generation
pipeline uses a VQ-VAE encoder and a U-Net denoiser,
conditioned on both a binary localization mask and embed-
dings of nodule attributes (shape, margin, texture, etc.). To
assess synthetic quality, the authors report FID evaluated on
both global scans and isolated nodules, achieving scores of
approximately 31.3 and 46.3 respectively. Though the features
come from an ImageNet-trained Inception network—which
may undervalue medical image fidelity—the study provides
a systematic analysis of how conditioning affects generation.
Their work underscores both the potential and limitations of
conditional latent diffusion in producing visually plausible and
attribute-controlled synthetic nodules for data augmentation.

III. PROPOSED METHOD

This section details the methodology employed to develop
and evaluate a three-dimensional diffusion model for the gen-
eration of synthetic thoracic CT volumes. Our work relies on
the publicly available LIDC–IDRI dataset [7], which provides
a rich repository of annotated lung CT scans. The proposed
pipeline is composed of four main stages: (i) data prepro-
cessing, where raw LIDC–IDRI examinations are converted
and standardized; (ii) a tailored 3D U-Net architecture with
residual connections, optimized for volumetric denoising in a
diffusion framework; (iii) the training configuration, including
hardware setup and optimization parameters; and (iv) the
evaluation protocol, which combines quantitative metrics and
qualitative inspection by experts. Together, these components
aim to produce high-fidelity volumetric samples that are visu-
ally realistic and statistically consistent with the distribution
of the original dataset.

A. Model Architecture

The proposed network is a three-dimensional U-Net, tai-
lored for volumetric medical image synthesis, and augmented
with residual connections to improve gradient flow and learn-
ing stability. The encoder–decoder structure is composed of
multiple stages, each containing 3D residual blocks (Res-
Blocks) with skip connections that link corresponding levels in
the encoder and decoder paths, preserving fine-grained spatial
details during reconstruction.

Each ResBlock integrates Group Normalization (Group-
Norm), a SiLU non-linearity, and 3× 3× 3 3D convolutional
layers. Residual pathways perform element-wise summation
between the block’s input and output, enhancing training



stability and mitigating vanishing gradient issues. The archi-
tecture is specifically optimized for cubic volumes of 1283

voxels, balancing computational requirements and reconstruc-
tion fidelity.

At the output stage, the network applies a final GroupNorm,
a SiLU activation, and a 3 × 3 × 3 convolution to predict
the noise component to be removed at each denoising step.
This network serves as the denoising function within a DDPM
framework, where the forward process incrementally corrupts
an image with Gaussian noise over T = 1000 timesteps,
and the reverse process—parameterized by the proposed U-
Net—iteratively reconstructs the clean volume.

B. Preprocessing and Dataset

The dataset used in this study is the publicly available
LIDC–IDRI collection, which comprises 1,018 thoracic CT
scans annotated by up to four experienced radiologists via a
two-phase process, capturing inter-observer variability in lung
nodule assessment [7]. To prepare the data for diffusion-based
volumetric synthesis, we adopted the following preprocessing
pipeline:

• Raw CT examinations in DICOM format were converted
to volumetric NIfTI using the dicom2nifti Python
library [12], which supports anatomical CT data, optional
reorientation, and gzip compression.

• DICOM series were grouped by patient, reconstructing
full thoracic volumes and maintaining spatial and anatom-
ical consistency.

• All volumes were resampled to a uniform cubic resolution
of 1283 voxels to standardize the input dimensions for the
neural network.

• Intensity normalization was applied: Hounsfield unit
(HU) values were clipped to a predefined interval (e.g.,
[–1,000, 400] HU) and linearly rescaled to a [0, 1] range.

C. Hardware and Training Configuration

Training diffusion-based generative models on three-
dimensional CT volumes is computationally demanding, due
to large voxel resolution and iterative denoising steps [5]. Our
experimental setup is detailed below:

a) Computational Environment: Training was performed
on a workstation with the following specifications:

• CPU: AMD Ryzen 5 5600X (6 cores / 12 threads, up to
4.6 GHz)

• GPUs: two NVIDIA GeForce RTX 2060 Super (8 GB
VRAM each)

• RAM: 32 GB
• Storage: 1.5 TB SSD
The entire training pipeline was implemented using

the PyTorch framework [13]. Memory-optimized tech-
niques—including gradient checkpointing and training on
small batch sizes (batch size = 2)—enabled training
within GPU VRAM constraints, consistent with the ap-
proaches reported in memory-efficient diffusion works such
as PatchDDM [14].

b) Training Hyperparameters: We used a standard
DDPM configuration with T = 1000 diffusion steps. Training
extended for 58 days on the two RTX 2060 Super GPUs,
amounting to nearly one million iterations. Model optimization
employed the Adam [15] optimizer with an initial learning
rate of 1 × 10−5. Each residual block included Group Nor-
malization and SiLU activations to promote stable learning,
as commonly adopted in volumetric U-Net diffusion architec-
tures [5].

An exponential moving average (EMA) of model param-
eters was maintained throughout training, which has been
shown to improve sample quality and convergence stability [5].

c) Efficiency Strategies: Given VRAM limitations, we
employed:

• Gradient checkpointing to trade compute for memory.
• Reduction of batch size to 2 volumes per iteration.
• Training on volumes of size 1283 voxels instead of

higher resolution, balancing realism with feasibility.
These techniques align with strategies validated in recent

literature for enabling 3D diffusion training under hardware
constraints [14].

D. Evaluation Protocol

We designed a comprehensive evaluation protocol to assess
the quality and structural integrity of synthetic CT volumes,
focusing on two widely accepted quantitative metrics: FID and
Multi-Scale Structural Similarity Index (MS-SSIM). Each met-
ric captures a complementary aspect of synthesis performance,
aiding in robust comparison to real CT scans.

a) Fréchet Inception Distance (FID): FID quantifies the
difference between the distributions of real and generated
images in the feature space of a pretrained neural network,
typically Inception-v3 [16]. Although originally developed for
natural images, recent works demonstrate its applicability to
medical imaging, when using 3D feature extractors suitable
for CT data [10]. Lower FID reflects stronger alignment with
the real data distribution, indicating higher fidelity and reduced
generation artifacts.

b) Multi-Scale Structural Similarity (MS-SSIM):
MS-SSIM extends SSIM by evaluating structural similarity
across multiple spatial scales, addressing variations in both
macroscopic and fine anatomical features [17]. It is effective
in volumetric contexts, capturing cross-slice consistency
and structural coherence. Values close to 1.0 denote high
structural fidelity between synthetic and real volumes.

c) Quantitative Evaluation Workflow:
• An independent test subset of real CT volumes from the

LIDC–IDRI dataset was reserved prior to model training.
• Synthetic volumes were generated under unconditional

sampling procedures matching the test subset size.
• Real and synthetic CT volumes underwent identical pre-

processing: HU clipping, normalization, and resampling
to 1283 isotropic voxels.

• For FID calculation, features were extracted using a
pretrained 3D Med3D Network [18].



• MS-SSIM was computed by pairing each synthetic vol-
ume with its closest real counterpart in terms of L2 voxel
distance, aggregating structural similarity across multiple
scales.
d) Interpretation and Best Practices: FID and MS-SSIM

together provide a balanced assessment: FID evaluates dis-
tributional alignment and image realism, while MS-SSIM
ensures anatomical and structural consistency. Studies confirm
that combining these metrics offers a reliable evaluation frame-
work for synthetic medical image generation via diffusion
models [10], [19]. However, practitioners should be aware
that FID can mask memorization issues if synthetic data
overly matches specific real samples [20], and that SSIM-
based metrics may underrepresent anatomical fidelity in fine
textures [21].

IV. EXPERIMENTS AND RESULTS

This section presents the comprehensive evaluation of the
proposed diffusion-based synthesis framework on thoracic
CT volumes. We provide both qualitative and quantitative
assessments of the generated volumes. The qualitative anal-
ysis examines anatomical plausibility, volumetric coherence,
and textural realism through side-by-side comparison of real
and synthetic images under consistent preprocessing. The
quantitative evaluation employs two established metrics—FID
and MS-SSIM—calculated using 3D feature embeddings for
distributional alignment and structural fidelity, as described
in Section III-D. Together, these analyses form a validation
protocol, comparing synthetic outputs to held-out real CT
volumes from LIDC–IDRI, thus demonstrating the model’s
fidelity, consistency, and anatomical accuracy.

A. Qualitative Analysis

Visual evaluation of real versus synthetic CT slices fo-
cuses on three main axes: anatomical plausibility, volumetric
coherence, and textural realism. The following structured
comparison is based on Figure 1:

• Air-lung interface and bronchial structures: Axial
synthetic slices preserve the geometry of lung fissures and
bronchial shadows, with attenuation contrast comparable
to real volumes. This suggests accurate modeling of
air–tissue boundaries and parenchymal attenuation gra-
dients.

• Mediastinum and cardiac boundaries: Mediastinal con-
tours, cardiac silhouette, and great vessel regions in
synthetic volumes maintain general anatomical shape
and relative intensity levels; edge boundaries are slightly
smoother, indicating a reduction in high-frequency noise
presence.

• Inter-slice consistency (coronal and sagittal views):
Synthetic volumes exhibit smooth anatomical progression
across contiguous slices. There are no abrupt transitions
or discontinuities, indicating successful learning of vol-
umetric coherence, a key performance criterion in prior
diffusion model studies [5], [10].

(a) Real CT slices (axial, coronal, sagittal).

(b) Synthetic CT slices generated by the diffusion model.

Fig. 1: Comparison of real (a) and synthetic (b) thoracic CT
slices in axial (top), coronal (middle), and sagittal (bottom)
planes. All images undergo identical preprocessing: HU clip-
ping, intensity normalization, and isotropic resampling to 1283

voxels.

• Bone and chest-wall delineation: Ribs and spinal out-
lines are represented in approximate anatomical context.
Synthetic bone edges are slightly less defined compared
to real images, reflecting diffusion model limitations in
reproducing sharp, high-contrast boundaries.

• Parenchymal texture and noise distribution: Real scans
display subtle soft tissue heterogeneity and speckle-like
noise. Synthetic images approximate this variability, al-
though fine-grained noise amplitude is marginally re-
duced—resulting in a smoother texture.

These qualitative observations align with systematic eval-
uation frameworks in diffusion-based medical synthesis liter-
ature, which often emphasize anatomical correctness, inter-



slice continuity, and global realism [10], [22]. For instance,
Khader et al. (2023) report that diffusion-generated CT vol-
umes received high ratings for anatomical plausibility and slice
consistency when evaluated by radiologists [10].

B. Quantitative Evaluation

To quantitatively evaluate the realism, fidelity, and structural
consistency of the generated chest CT volumes, we employed
two established metrics: FID and MS-SSIM, as outlined in
Section III-D. A total of 500 synthetic volumes were sampled
unconditionally from the trained diffusion model and com-
pared against a held-out set of 500 real CT volumes from
the LIDC–IDRI dataset. All volumes were uniformly prepro-
cessed—resampled to 1283 isotropic voxels and normalized to
the [0, 1] intensity range following Hounsfield unit clipping.

The FID score for our diffusion model, calculated using
3D features extracted via a pretrained Med3D encoder [18],
was 9.70. This low FID suggests that the distribution of the
generated samples closely aligns with the real data distribu-
tion in feature space, indicating good fidelity and minimized
perceptual artifacts.

The improved FID performance can be attributed to the
inherent advantages of denoising diffusion models, which
avoid adversarial training instabilities and instead rely on a
likelihood-based iterative refinement process. Moreover, the
use of a 3D U-Net architecture tailored for volumetric denois-
ing likely contributes to effective global feature representation
across spatial dimensions.

The average MS-SSIM between generated and real samples
was measured at 0.266. While lower than expected for natural
images, such values are not uncommon in volumetric medical
image synthesis, where inter-sample variability and soft-tissue
homogeneity can attenuate SSIM-based metrics [6], [10].
Notably, our MS-SSIM is comparable to or better than scores
reported by other diffusion models for chest CT and abdominal
MRI volumes in similar voxel configurations [10].

This moderate MS-SSIM score reflects a conservative gen-
eration strategy: the diffusion model avoids generating ex-
cessively sharp or overconfident structures that might appear
unnatural, but also sacrifices some local textural complexity.
This behavior is aligned with observations in previous stud-
ies, where diffusion models exhibit smoother output distribu-
tions, especially in homogeneous tissue regions such as lung
parenchyma or soft tissues [5].

It is important to interpret FID and MS-SSIM as comple-
mentary rather than redundant. FID evaluates the alignment
of high-dimensional data distributions in feature space and
is sensitive to mode coverage, while MS-SSIM evaluates
voxel-level structural similarity and is sensitive to fine details
and consistency. The combination of low FID and moderate
MS-SSIM in our results implies that the model is proficient
at capturing the global anatomical structures and distributional
statistics of the LIDC–IDRI dataset, but could benefit from en-
hanced preservation of finer-scale textures and high-frequency
features.

Such observations are in line with theoretical analyses
showing that diffusion models, although robust to overfitting
and artifacts, may generate overly smooth reconstructions
unless explicitly regularized or conditioned [21].

V. CONCLUSION AND FUTURE WORK

This study presented a fully 3D diffusion-based generative
framework for synthesizing high-fidelity thoracic CT vol-
umes, trained on the publicly available LIDC–IDRI dataset.
By leveraging a U-Net-based denoising architecture tailored
for volumetric data and a carefully designed preprocessing
pipeline, we achieved anatomically plausible and structurally
coherent synthetic scans. The proposed model was trained
under modest computational resources—two RTX 2060 Super
GPUs—over an extended period of 58 days, demonstrating the
feasibility of deploying diffusion models for medical imaging
even under hardware-constrained environments.

Quantitative evaluation using two widely adopted metrics—
FID and MS-SSIM—revealed a good performance. The model
achieved a low FID score of 9.70, indicating excellent dis-
tributional alignment with real scans, and an MS-SSIM of
0.266, suggesting adequate structural preservation with room
for improvement in fine-grained texture representation. Vi-
sual inspection corroborated these results: generated samples
displayed high inter-slice coherence and realistic anatomical
features across axial, coronal, and sagittal views. Slightly
smoother textures and softened high-contrast boundaries were
observed, which aligns with common behavior in diffusion-
generated medical data.

Compared to prior works based on GANs, such as 3D
PGGANs [8] or conditional latent diffusion models [11],
our approach demonstrates superior fidelity and anatomical
realism, especially in the unconditioned generation setting.
The integration of modern architectural components—such as
Group Normalization, SiLU activations, and residual connec-
tions—proved effective for training stability and volumetric
consistency. The resolution limit of 1283 strikes a practical
balance between anatomical coverage and computational effi-
ciency. Scaling to higher resolutions is a future goal, possibly
via multi-resolution sampling or patch-based denoising strate-
gies [14].

The proposed diffusion framework addresses privacy con-
cerns by generating synthetic CT volumes that statistically
mimic the distribution of real data without containing identifi-
able patient information. Since the model generates data from
random noise and does not memorize or reproduce individual
patient scans, it facilitates data sharing and collaborative
research in a privacy-preserving manner, similar to recent
arguments in the literature [19], [20].

Despite these promising results, several limitations remain.
First, while FID and MS-SSIM provide important insights into
sample quality, they do not assess diagnostic utility or clinical
interpretability. Second, our model operates under an uncon-
ditional generation regime, limiting control over pathological
features such as nodule presence, size, or location—factors
critical for data augmentation in diagnostic pipelines. Finally,



training was limited to volumes of 1283 voxels, which, al-
though sufficient for global lung structure, may omit finer
details in peripheral or high-resolution contexts.

Building upon the current architecture, several promising
research directions are under active consideration:

• Conditional Generation. Future work will focus on
enhancing the generative model with conditional inputs,
such as anatomical segmentation masks [6] or radiomic
descriptors. This conditioning mechanism would enable
targeted synthesis of volumetric data that reflects specific
structural or pathological attributes—for instance, the
controlled inclusion of pulmonary nodules with defined
size, shape, or location—thereby increasing the utility of
synthetic data for downstream diagnostic and augmenta-
tion tasks.

• Clinical Evaluation via Visual Turing Tests. To further
assess the clinical plausibility and diagnostic realism of
the generated volumes, we plan to conduct Visual Turing
Tests with board-certified radiologists. These blinded
evaluations will quantify the indistinguishability between
real and synthetic CT scans and provide qualitative in-
sights into the anatomical and textural fidelity of the gen-
erated data. Such validation is essential for establishing
the clinical readiness and potential translational impact
of diffusion-based synthesis models.
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