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Fig.1 Schematic diagram of Capsule layer
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2. for capsule; in layer / and result capsule; in layer
(+1): by <0
3. for=0; t<n; t++do

by [N b,
4. for capsule; in layer [: c;<—¢© j/zebk
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5: for capsule, in layer(/+1): s, <—ng uji
i=1
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6: for capsule; in layer(l+1): v, <

7: for capsule; in layer [ and result capsule; in
layer(i+1): by« b+ v,

8: return V,//V, HILHEIZ i

9: end procedure
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Fig. 2 Schematic diagram of the calculation process of
the capsule network
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Fig.3 Learning model design
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Fig. 4 Chinese character collection process
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Fig. 6 Test result graph in tracking data set
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Table 1 Sensitivity table of five algorithms for
training samples %

AR ATFIYIGRREA S 73 e
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CHEN Jian, ZHOU Ping
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Abstract: Since the influence of the psychological and physiological factors of the writer on the writing activity
was neglected while collecting the offline Chinese handwritten samples, the generalization ability of the traditional
handwriting identification algorithm was low. A Chinese character handwriting identification algorithm based on capsule
network was proposed, and a complex background of tracking the collected datasets to simulate Chinese characters was
constructed. The capsule network constructed an activity vector to represent a specific type of instantiation parameter.
The dynamic routing algorithm routed the activity vector to the corresponding capsule in the next layer to enable
the next layer capsule to get a clearer input signal. The experimental results of five algorithms in HWDB dataset and
tracking acquisition dataset showed that the classification accuracy of this algorithm was higher than that of the other
four algorithms. The classification accuracy of HWDB dataset and tracking dataset algorithm were respectively 95.82%
and 94.39%. The algorithm had strong generalization performance and low dependence on the number of training
samples, making up for the convolutional neural network pooling layer information lost.

Keywords: CapsNets; handwriting identification; activity vector; location equivariance
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