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Printing Registration Recognition Method Based on Feature Fusion and
Dimension Reduction

JIAN Chuan-xia, LIN Zi-jia, DU Mei-jian, WU Yi-fan, XIE Jun-sheng
(Guangdong University of Technology, Guangzhou 510006, China)

ABSTRACT: The work aims to study the method of printing registration recognition which consists of the mul-
ti-dimension feature extraction, fusion and dimension reduction of the printing mark images, with respect to the problem
of being unable to accurately represent the printing mark registration state with the single-style features. The gray level
co-occurrence matrix, the Tamura texture feature, the gray difference statistical feature and the gray gradient
co-occurrence matrix of the printing mark images were extracted to represent their texture. Then, the principal component
analysis was carried out to reduce the dimension of the fused multi-dimensional features to obtain the principal features.
The printing mark images with the principal featrues were divided into two sections: the training set and the testing set.
The training set was learned by the support vector machine (SVM) model, so as to determine the parameters of this model,
and the performance of this model was verified on the testing set. The proposed method achieved the recognition accuracy
0f 99% on the testing set, the SVM model training time of 1.9327 s on the training set, the SVM model recognition time of
0.0307 s on the testing set, and the model's total time (sum of training time and recognition time) of 1.9634 s. The pro-
posed method outperforms the methods of the single-style features in terms of the recognition accuracy. Meanwhile,
without decreasing the recognition accuracy, the proposed method is also better than the Non-PCA dimension reduction

method in terms of the training time, the testing time and the total time.
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Fig.1 Flowchart of printing registration recognition based on feature fusion and dimension reduction
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Tab.1 Gray difference statistical texture featuers of the
printing mark images

1 1.2898 0.0009 0.0007 -1 201 100

2 13834 0.0009 0.0007 -1 100 60

3 1.2898 0.0009 0.0007 -1 120

4 13834 0.0009 0.0007 -1 80

s 1 2898 0.0009 0.0007 71 Matlab Inter Core 13-2100 3.10 GHz

21]
101 2.0636 0.0008 0.0010 1 o 10
102 2.0797 0.0008 0.0010 1 4 (8] [9]
103 2.0768 0.0008 0.0010 1 4 4
104 1.8448 0.0008 0.0010 1 [9] 8
105 1.9271 0.0008 0.0010 +1 97.5% 8] 3 Tamura
90%
200 1.9178 0.0008 0.0011 +1 21
99% [8] [9]
(8] [9]
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A Ai 4 21
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Tab.2 GGCM texture features of the printing mark images

1 1.0892 1.6753 0.0019 0.0011 0.0001 —-0.0014 0.4834 -1
2 1.0902 1.6773 0.0019 0.0011 0.0001 —0.0014 0.4815 -1
3 1.0892 1.6753 0.0019 0.0011 0.0001 —-0.0014 0.4834 -1
4 1.0902 1.6773 0.0019 0.0011 0.0001 —0.0014 0.4815 -1
5 1.0892 1.6753 0.0019 0.0011 0.0001 —-0.0014 0.4834 -1
101 0.9820 1.6238 0.0018 0.0011 0.0001 —-0.0018 0.4485 +1
102 0.9721 1.6164 0.0018 0.0011 0.0001 —0.0019 0.4452 +1
103 0.9595 1.6087 0.0018 0.0012 0.0001 —-0.0019 0.4406 +1
104 0.9768 1.6070 0.0018 0.0011 0.0001 —0.0019 0.4466 +1
105 0.9635 1.6026 0.0018 0.0011 0.0001 —-0.0019 0.4419 +1

200 0.9530 1.5997 0.0018 0.0012 0.0001 —0.0020 0.4409 +1
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3
Tab.3 Partial integrated texture features of the printing mark images
(1) 7(2) 7(3) 7(4) 7(5) T7(21)
1 0.583 465 0.005 814 0.926 026 0.028 870 3.495 630 0.4834 -1
2 0.585 439 0.005 825 0.880 312 0.026 378 3.821 275 0.4815 -1
3 0.583 465 0.005 814 0.926 026 0.028 870 3.495 630 0.4834 -1
4 0.585 439 0.005 825 0.880 312 0.026 378 3.821 275 0.4815 -1
5 0.583 465 0.005 814 0.926 026 0.028 870 3.495 630 0.4834 -1
6 0.585 439 0.005 825 0.880 312 0.026 378 3.821 275 0.4815 -1
7 0.583 465 0.005 814 0.926 026 0.028 870 3.495 630 0.4834 -1
8 0.585 439 0.005 825 0.880 312 0.026 378 3.821 275 0.4815 -1
101 0.516 032 0.008 121 1.121 181 0.040 210 5.254 588 0.4485 +1
102 0.509 618 0.008 323 1.142 328 0.040 724 5.371 497 0.4452 +1
103 0.502 020 0.008 244 1.163 690 0.040 842 5.467 275 0.4406 +1
104 0.512 677 0.008 286 1.132 530 0.040 316 5.321 852 0.4466 +1
105 0.504 250 0.008 358 1.158 451 0.041 072 5.443 673 0.4419 +1
106 0.507 822 0.008 086 1.147 718 0.041 563 5.056 022 0.4435 +1
107 0.507 822 0.008 086 1.147 718 0.041 563 5.056 022 0.4435 +1
108 0.504 678 0.008 327 1.157 817 0.041 043 5.451 881 0.4423 +1
200 0.506 154 0.007 681 1.142 071 0.036 843 5.260 131 0.4409 +1
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Tab.4 Comparison of registration recognition accuracy of

the printing mark images using different methods

(8] (9]

Tab.5 Results of registration recognition of the printing
mark images using two methods

1% 90% 97.5% 99%

/s /s /s 1%

PCA

PCA 4.0121 0.0419 4.0540 99

1.9327 0.0307 1.9634 99
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