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Dongba pictographs recognition based on improved residual learning

LUO Yanlong', BI Xiaojun’, WU Licheng’, LI Xiali’

(1. College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China; 2. School of In-

formation Engineering, Minzu University of China, Beijing 100081, China)

Abstract: Dongba pictographs recognition based on deep learning model has better recognition effect than that of tradi-
tional algorithms. However, these methods have disadvantages such as small number of recognizable Dongba picto-
graphs and low recognition accuracy. Aiming at these problems, in this study, we build a novel dataset of Dongba picto-
graphs that contains 1387 Dongba pictographs and more than 220 thousand images. Therefore, the number of recogniz-
able Dongba pictographs is greatly increased and the Dongba pictographs recognition accuracy is improved. Since
Dongba pictographs are characterized by high similarity and random writing, ResNet is adopted as an improved net-
work structure. Moreover, we design a residual shortcut connection and the number of convolutional layers and intro-
duce the max-pooling into the ResNet to improve down-sampling. The experimental results demonstrate that the im-
proved ResNet model can recognize more Dongba characters, and has achieved the highest recognition accuracy 98.65%

in our dataset.
Keywords: deep learning; Dongba pictographs; image recognition; build dataset; ResNet model; residual shortcut con-

nection; improved down-sampling; recognition accuracy
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Fig. 1 Samples of Dongba pictographs datasets
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Table 5 Experiment of algorithm validity verification
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Table 6 Experiment of model advancement verification
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Fig. 6 Samples of similar Dongba pictographs
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