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Abstract

Identifying book spine on-shelves in the image can achieve a more convenient book inventory and
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is possible to realize a better reader experience, such as take-and-go. Segmentation of the spine
region is their important prerequisite. Different from ordinary target segmentation, the difficulty
of this segmentation problem lies in that the spines are densely-packed and repeating. In this pa-
per, a mountain-shaped deep neural network structure is proposed, which consists of one encoder
and two decoders. One of the decoders is the main segmenting channel for the spine, and the other
combines the spine interval information to incorporate more spine edge details. In addition, this
research establishes a spine image sample dataset, including 661 images with 15,454 manually
labeled polygons. The experimental results show that the proposed network model has high accu-
racy for semantic segmentation of dense target like book spine images, and has an average inter-
section ratio of 90% and an average pixel accuracy of 95% in the established dataset. The perfor-
mance is better than the classical segmentation models, which verifies the effectiveness of the
proposed model.
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Figure 1. A segmentation example of book spine image
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Figure 2. Mountain-shaped network structure
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Table 1. Steps of obtaining the masks between the spines of books
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Table 2. Performance comparison of algorithms
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