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Highlights |

Use font classification dataset of early printed books [21]

Pre-process it to get image crops

Create baseline dataset of 10K crops

Investigate SOTA pre-trained CNN architectures on baseline

and on baseline with additional 60K:

« semi-synthetic images from DocCreator [10]
* synthetic images from OpenGAN [4]
* real data samples

{ Semi-synthetic data ]
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Synthetic data ]

We used the default parameters of OpenGAN
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ataset

Baseline
+DocCreator

+GAN

+Real

ResNet50

95.78 + 0.55

97.93 + 0.21

95.41 £ 0.33

96.57 + 0.23

DenseNet EfficientN

96.91 + 0.41

98.30 + 0.69

96.81 + 0.43

96.89 + 0.54

96.79 +£ 0.10

97.85 = 0.24

96.40 + 0.42

97.16 £ 0.12

\Classification accuracy on the competition test set./
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Number of images in training set

DenseNet accuracy starting with the 10K baseline
mples and with gradual addition of DocCreator

Key Takeaway

Domain knowledge provided by DocCreator

degradations surpasses fully synthetic data

created by a GAN and even contributes to the

performance more than real data.
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