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Introduction

Cancer remains a leading cause of mortality worldwide, breast and

lung cancer being among themost prevalent types. Early and accurate

diagnosis of these ailments, be it using deep learning AI models or

traditional methods, still depends heavily on the acquisition of high-

quality medical image acquisition, which can be both very costly and

time-consuming. In other words, clinically-used datasets often suffer

from limited quality and scarcity of annotated samples.

Innovations in generative AI methods have proven to be successful

at overcoming such limitations. As such, this paper presents a two-

stage pipeline for medical imaging generation by combining lower-

resolution synthesis algorithmswith super-resolutionmethods in or-

der to guarantee both quality and availability.

This method places a great emphasis on the combined effort of struc-

tural variability generation and fine-detail reconstruction as a way to

produce realistic, yet high-quality medical imaging volumes.

This approach has been validated on breast MRI and lung CT scan

data, demonstrating potential for expanding existing datasets and

supporting reliable diagnosis workflows.

Dataset

For each of the two clinical imaging contexts, two datasets were ex-

plored: Breast MRI data was sourced from the Duke-Breast-Cancer-

MRI dataset [4] and a private aggregation of 89 volumes in partner-

ship with the Champalimaud Foundation ; Lung CT data was acquired

from the LIDC-IDRI [1] and RIDER [2] datasets. All samples were

pre-processed in the same manner, consisting of: min-max normal-

isation, HU unit adjustment (for CT data) and sample resizing from

5123 to 643 and 1283.

Methodology

Regarding the generative task, the chosen architecture to produce

643 and 1283-sized samples was a Wasserstein Generative Adversarial

Network (GAN) with Gradient Penalty (WGAN-GP) [3].

For generative task experiments, breastMRI datawas kept as a control

group for the measuring of adversarial performance, while lung CT

datasets were tested within two different training regimes: the first

experiment used a generator-discriminator update per iteration ratio

of 1-to-1 and the second one of 5-to-1. This approach allowed for the

evaluation of the models’ sensitivity to overfitting and mode collapse.

As for the super-resolution task, Real Enhanced Super-Resolution

GAN (Real-ESRGAN) [6] was the model used for 4x resolution en-

hancement (from 643 to 2563 and from 1283 to 5123). Bicubic interpo-

lation served as the baseline comparison for this task.

Super-resolution experiments were performed using each imaging

modality separately and also a combination of the two. The result-

ing model from the latter was then also tested for each modality, as a

way to measure the architecture’s generalisability. Final experiments

also included fine-tuning and the introduction of heavy blurring to LR

samples. Further experimental details are also included in [5].

Performance evaluation comprised not only quantitative metrics, but

also a Visual Turing Test (VTT) with radiologists so as to assess percep-

tual realism and bridge algorithmic quality with clinical applicability.

Results & Discussion
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