











(b)

Figure 4: Sub-figure segmentation challenges. Multi-
ple sub-figures with or without sub-captions are often
combined by leaving gaps between these sub-figures.
Neither YOLOv3 nor Faster-RCNN can simultane-
ously identify sub-figures and figures. Our algorithm
sometimes (a) predicted a single figure and a single
caption when there are two compound figures in two
columns, and (b) included sub-captions in the predic-
tions but not in other times; further, our algorithm did
not couple these two sub-figures.

Evaluating algorithm performance is a challeng-
ing topic and different performance metrics have
been used in the literature for evaluating figure-
and table-detection algorithms. Consider the chal-
lenging cases with compound figures and captions
shown in Figure 4. Using these metrics of preci-
sion, however, both subfigures in Figure 4(a) and
(b) will be considered ‘“correct” in classification
tasks, although they still demand subsequent algo-
rithmic or human corrections. Our future work will
study metrics for detailed evaluation, as processing
compound figures remains one of the leading chal-
lenges in document analyses (Davila et al., 2020).

5 Conclusion

We present in this short work-in-progress paper a
new training data preparation approach to gener-
ate accurate ground-truth labels. Our preliminary
results showed that our dummy paper composer
could be a viable solution to train CNNs to extract
several semantic and graphical entities. We have
released our source code for training data genera-
tion online. We plan to diversify the structure and
content our paper generator can compose and en-
able researchers to upload their own data to train
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models and run the predictions.
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