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ABSTRACT

How can we tackle the lack of available annotated medical
image data through Data Augmentation (DA) techniques for
accurate computer-assisted diagnosis? To fill the data lack
in the real image distribution, we synthesize brain contrast-
enhanced Magnetic Resonance (MR) images—realistic but
completely different from the original ones—using Genera-
tive Adversarial Networks (GANs). Especially, we use Pro-
gressive Growing of GANs (PGGANs) to generate original-
sized 256× 256 brain MR images. Our novel PGGAN-based
medical DA method achieve better performance, when com-
bined with classical DA and GAN-based refinement, in con-
volutional neural network-based tumor detection.

1. INTRODUCTION

How can we generate highly-realistic and original-sized 256×
256 images, while maintaining clear tumor/non-tumor fea-
tures using GANs? Our aim is to generate GAN-based syn-
thetic contrast enhanced T1-weighted (T1c) brain MR im-
ages [1, 2]—the most commonly used sequence on tumor de-
tection due to its high contrast—for CNN-based tumor de-
tection. This 256 × 256 image generation is challenging, as
GAN training is unstable with a high-resolution; towards this,
we use Progressive Growing of GANs (PGGANs) [3]. Us-
ing the synthetic images, our novel PGGAN-based medical
DA method achieves better performance in CNN-based tu-
mor detection, when combined with classical DA. We also
compare PGGAN-generated images with their refined images
using GAN-based image-to-image translation techniques—
SimGAN and UNIT.
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2. MATERIALS AND METHODS

2.1. The BRATS 2016 Training Dataset

This paper exploits a dataset of 240 × 240 T1c brain axial
MR images containing 220 High-Grade Glioma cases to train
PGGANs with sufficient data and resolution.

2.2. Proposed PGGAN-based Image Generation

Pre-processing. We select the slices from #30 to #130
among the whole 155 slices to omit initial/final slices, since
they convey a negligible amount of useful information and
could affect the training of both the PGGANs and ResNet-
50. For tumor detection, our whole dataset (220 patients) is
divided into: (i) a training set (154 patients); (ii) a valida-
tion set (44 patients); (iii) a test set (22 patients). Only the
training set is used for the PGGAN training to be fair. Since
tumor/non-tumor annotations are based on 3D volumes and
highly incorrect on 2D slices, we discard (i) tumor images
tagged as non-tumor, (ii) non-tumor images tagged as tumor,
(iii) unclear boundary images, and (iv) too small images;
after all, our datasets are composed of:

• Training set (5,036 tumor/3,853 non-tumor images);

• Validation set (793 tumor/640 non-tumor images);

• Test set (1,575 tumor/1,082 non-tumor images).

The images from the training set are zero-padded to reach
a power of 2, 256 × 256 from 240 × 240 for better PGGAN
training. Fig. 1 shows some real MR images.
PGGANs. We adopt PGGANs to generate highly-realistic
and original-sized 256 × 256 brain MR images; tumor/non-
tumor images are separately trained and generated.



Table 1. Tumor detection (binary classification) results with various DA, with/without ImageNet Pre-training.

Accuracy (%) Sensitivity (%) Specificity (%)

ResNet-50 (w/o DA) 93.26 (86.38) 90.95 (88.94) 95.87 (83.62)
ResNet-50 (w/ 200k classical DA) 95.02 (92.21) 93.63 (90.21) 96.57 (95.11)
ResNet-50 (w/ 400k classical DA) 94.93 (93.24) 91.90 (90.91) 98.39 (95.97)
ResNet-50 (w/ 200k PGGAN-based DA) 93.95 (86.25) 92.48 (87.25) 95.56 (84.78)
ResNet-50 (w/ 200k PGGAN-based DA w/o clustering and discard) 94.80 (80.54) 91.82 (80.02) 98.39 (81.25)
ResNet-50 (w/ 200k classical DA + 200k PGGAN-based DA) 96.18 (95.63) 94.12 (94.24) 98.79 (97.28)
ResNet-50 (w/ 200k UNIT-refined DA) 94.31 (83.68) 93.26 (87.75) 96.02 (78.48)
ResNet-50 (w/ 200k classical DA + 200k UNIT-refined DA) 96.70 (96.34) 95.48 (97.53) 98.29 (94.96)
ResNet-50 (w/ 200k SimGAN-refined DA) 94.49 (77.66) 92.39 (82.03) 97.18 (71.98)
ResNet-50 (w/ 200k classical DA + 200k SimGAN-refined DA) 96.36 (95.04) 95.11 (95.07) 97.88 (94.96)

T1c (Real tumor, 256 × 256)

T1c (Real non-tumor, 256 × 256)

Fig. 1. Example real MR images used for PGGAN training.

2.3. Proposed ResNet-50-based Tumor Detection

Pre-processing. As ResNet-50’s input size is 224× 224, we
center-crop the whole images from 240× 240.
ResNet-50. We adopt ResNet-50 to detect tumors in brain
MR images—the binary classification of images with/without
tumors.

The classification results are compared (i) without DA,
(ii) with 200,000 classical DA (100,000 for each class), (iii)
with 200,000 PGGAN-based DA, and (iv) with both 200,000
classical DA and 200,000 PGGAN-based DA to confirm the
effect of PGGAN-based DA; the classical DA adopts a ran-
dom combination of horizontal/vertical flipping, rotation up
to 10 degrees, width/height shift up to 8%, shearing up to 8%,
zooming up to 8%, and constant filling of points outside the
input boundaries. 3. RESULTS

3.1. MR Images Generated by PGGANs

Fig. 2 illustrates examples of synthetic tumor/non-tumor im-
ages by PGGANs. In our visual confirmation, for about 75%
of cases, PGGANs successfully captures the T1c-specific tex-
ture and the appearance of the tumors.

3.2. Tumor Detection Results

Table 1 shows the classification results using ResNet-50 for
detecting brain tumors. Excpet the 5th row, we remove failure

T1c (Synthetic tumor, 256 × 256)

T1c (Synthetic non-tumor, 256 × 256)
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Fig. 2. Example synthetic MR images yielded by PGGANs:
(a) successful cases; (b) failed cases.

cases and only use success cases. When the PGGAN-based
DA, especially after refinement, is combined with classical
DA, the accuracy increases significantly.

4. CONCLUSION

PGGANs can generate 256 × 256 realistic brain MR images
and achieve better performance in tumor detection.
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