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Abstract

In poster design, designers often simplify and artisticize the information, quickly capture
the audience's attention. The text in the poster must be brief and clear to the audience at a glance.
If a detection method can be proposed to identify the text area in the poster, it can not only
extract the text area of the poster as information for subsequent analysis, but also make the

poster on the Internet easier to be retrieved by users.

With the progress of deep learning and the improvement of computer hardware equipment,
many researchers also use deep learning to complete image analysis and object detection.
Among many object detection methods, Mask R-CNN and Yolov4 represent the two-stage and
one-stage object detection methods respectively. Both of them have relatively outstanding
performance in accuracy and computational efficiency. It can also be observed in real life that
many researchers use this method to solve many problems, such as object defects detection,
face detection, and traffic condition detection. However, most of the methods above detect
objects in natural scenes, and are less used in the field of graphic design. In order to understand
the ability of deep learning in poster layout analysis. In this study, two detection methods, Mask
R-CNN and Yolov4, will be trained to detect poster image text respectively. The experimental
results show that the mAPso of Mask R-CNN can reach 79.0%; the mAP50 of Yolov4 can also
be as high as 85.1%. It means that both object detection methods can be able to locate the text

area in the poster layout, and provide data for text recognition in the future.

Keywords:, Poster Layout, Deep Learning, Mask R-CNN, YoloV4.
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