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ABSTRACT: Two-dimensional Gabor filter contains many parameters, and the effect of two-dimensional Gabor filter
using different parameters to enhance image features is quite different in printing overprint defects detection. The paper
aims to obtain the optimal parameters of two-dimensional Gabor filter in printing overprint defects detection. In the pro-
cess of overprint defects detection, a PSO-Gabor-CNN algorithm was proposed. Sobel operator was used to detect the
edge of printed images. Particle swarm optimization (PSO) was used to optimize the maximum central frequen-
cy 'kmax', bandwidth 'c' and template 'window' of two-dimensional Gabor filter. The weighted Euclidean distance between
the processed images and the template images was evaluated, and then the optimized Gabor filter was used to filter the
images. Finally, the Convolution Neural Network (CNN) was used to detect and classify the printing overprint defects.
The maximum center frequency of two-dimensional Gabor was 6.0476, the bandwidth was 0.1444 and the window of

template was 27x27 by particle swarm optimization. At this time, the weighted Euclidean distance was 1.1927x10733, The
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mean square error of convolution neural network after 70 times of training was 0.0035, and the accuracy of test samples
was 96.93%. Compared with BP neural network (BPNN) without data preprocessing, Sobel BP neural network (So-
bel-BPNN) with Sobel preprocessing, convolutional neural network (CNN) without data preprocessing and Sobel convo-
lutional neural network (Sobel-CNN) with data preprocessing, this method showed better recognition effect. This method
can obtain the optimal parameters of two-dimensional Gabor filter and obtain good filtering effect. It has certain applica-
tion value in overprint defects detection.

KEY WORDS: overprint defects; Sobel operator; 2-dimensional Gabor filter; particle swarm optimization; convolutional

neural network
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Fig.1 Overprint template of images to be tested
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Fig.2 Flow chart of the proposed overprint detection algorithm
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Fig.3 Overprint template images after Sobel operation
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Fig.4 Two-dimensional Gabor filters with different parameters
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Fig.5 Two-dimensional Gabor filter with variable template window
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Fig.6 Evolution of PSO performance function
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Fig.7 Standard image template filtering after PSO optimization
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Tab.1 Comparison of Gabor with different parameters
Jemax o window
2.51/2 1.57 31x31 0.4360 27.11
/2 1.57 31x31 0.4364 14.29
2.5m/2 T 31x31 0.4349 31.39
2.51/2 1.5% 11x11 0.1709 30.09
6.0476/2 0.1444 27x27 0.0035 96.93
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Fig.9 Performance curves of different algorithms
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Tab.2 Comparison of different detection methods
1% 70 /s
PSO-Gabor-CNN 0.0035 96.93 10 400.5243
Sobel-CNN 0.0009 95.93 9243.4337
CNN 0.0019 94.86 9261.7794
Sobel-BPNN 0.0040 66.52 42 347.810
BPNN 0.0319 75.80 61437.448
3 PSO-Gabor-CNN
Tab.3 Classification results of PSO-Gabor-CNN algorithm
787 2 0 1 1 0 5
4 769 4 6 5 2
0 5 773 2 1
1 1 1 775 22 3 11
0 13 5 16 766 3 2
7 9 3 1 3 782 3
1 1 14 5 1 5 776
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