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Abstract

complexity and the traditional character recognition methods used for the recognition of chess pieces have low

The traditional image processing algorithms used for the location of Chinese chess pieces have high

generalization and accuracy. A segmentation method based on chess piece color features and an improved binary
image filtering algorithm are proposed to achieve the fast location of chess pieces, and the second correction of
positions is not needed. A recognition method of chess pieces based on a convolutional neural network is proposed,
which can be used for the recognition of chess pieces with different fonts. In the case of chess piece replacement,
this method can still recognize chess pieces quickly and accurately. The experimental results show that as for the
proposed method, the location error is 0.51 mm, the average location time is 0.212 s, and the average recognition
accuracy of chess pieces with four types of fonts is about 98.59%. The effectiveness and practicability of this
method are confirmed.

Key words image processing; convolutional neural network; binary image filtering; deep learning; location of chess
pieces; recognition of chess pieces
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Fig. 3 Chessboard pretreatment. (a) Perspective transformation picture; (b) ROI picture
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Table 1 Configuration information and data of network structure (Convl-Conv4 layout data)

output

predictions

Conv Convl Conv2 Conv3 Conv4
Data_Size 100X 100X 3 48X 48X 32 24X 24X 64 24X24X128
Conv: Num_Filter 32 64 128 128
Conv: padding 0 2 1 1
Conv: Filter_Size 5X5X3 5X5X32 3X3X64 24X24X128
Conv: stride 1 1 1 1
Data_Size after convolution 96X 96X 32 48 X 48 X 64 24X 24 X128 24X 24 X128
Activation RelLU RelLU RelLU RelLU
Data_Size after activation 96X96 X 32 48X 48X 64 24X24 X128 24X24X128
Pooling: Kernel_ Size 2X2 2X2 2X2
Pooling: stride 2 2 2
Data_Size after pooling 48X 48X 32 24X 24X 64 24X24 X128 12X12X128
LRN(Data_Size) 48X 48X 32 24 X24X64 24 X24 X128 12X12X128

F 2 WKL HEE AR S A (FC1~FC3 layout data)
Table 2 Configuration information and data of

network structure(FC1-FC3 layout data)

N

N ) exp(0/x,;)
L > Dy =g log
N | i=1i=1

» ()

FC FC1 FC2 FC3
Data 12X12X128 1024 512
Data after FC 1024 1024 14
Activation RelLU RelLU
Data after activation 1024 1024
Dropout Kept_prob 0.5 0.5
Data after dropout fitting 1024 512
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Table 3 Location experiment of chess pieces

Piece Time of Coordinate of image Calculated coordinate Actual coordinate Error /
segmentation /s Col /pixel ~ Row /pixel X /mm Y /mm X' /mm Y' /mm mm
Red_Car 0.173 1292.88 972.66 —56.816 —101.251 —56.7 —100.2 1.09
Red_House 0.177 1286.983 921.603 —57.532 —32.759 —57.5 —61.6 1.15
Red_Ele 0.191 1279.039 869.282 —57.568 —21.625 —57.4 —21.5 0.2
Red_Knight 0.207 1273.411 824.562 —57.65 15.628 —57.5 15.6 0.15
Marshal 0.182 1266.772 777.076 —57.107 56.284 —57.1 56.4 0.12
Red_Gun 0.186 1189.585 919.273 20.505 —62.279 20.5 —61.7 0.58
Red_Pawn 0.18 1128.461 776.132 61.964 55.667 61.7 55.8 0.29
Green_Pawn 0.185 986.305 614.135 185.19 210.372 186.2 210.8 1.1
Green_Gun 0.182 943.496 979.248 219.448 —64.996 219.6 —65 0.15
General 0.179 854.364 771.18 299.646 57.123 299.5 57.5 0.4
Green_Knight 0.184 850.955 814.87 300.597 19.501 300.1 19.2 0.36
Green_Ele 0.183 849.73 863.732 298.672 —21.476 299.1 —21.6 0.45
Green_House 0.183 845.265 918.192 298.95 —65.306 298.8 —65.9 0.61
Green_Car 0.186 843.988 956.32 298.05 —101.029 297.6 —101.3 0.53
Total piece 0.208 — — — — — 0.51

K4 LREEX

Table 4 Comparison of experimental results

Proposed method Ref. [3] Ref. [14]
0.484 —

Experimental data

Location time /s 0.212

Location error /mm 0.51 — 0.87
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