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Principal component analysis algorithm with joint norm for under-
water biometrics recognition
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(1. Tianjin Key Laboratory for Advanced Mechatronic System Design and Intelligent Control,School of Mechanical
Engineering, Tianjin University of Technology , Tianjin 300384, China; 2. National Demonstration Center for Ex-
perimental Mechanical and Electrical Engineering Education, Tianjin University of Technology , Tianjin 300384,
China)

Abstract: F-norm is sensitive to outlier data, while LL1-norm can significantly reduce the sensitivity and
cannot effectively control reconstruction errors. To tackle the problem, we take both F-norm and L1-
norm as the distance metric of the objective function,and propose a joint-norm two-dimensional principal
component analysis (2DPCA) algorithm called 2DPCA-F-1.1,and give its non-greedy solution. This al-
gorithm not only ensure the ability of image classification, but also decrease the average reconstruction
error in image reconstruction. When applied to underwater biometric image recognition, the proposed
2DPCA-F-L1 suppresses the noise interference in underwater optical images. Experiments show that the
2DPCA-F-L1 algorithm can accurately recognize the species of underwater creatures,and has better ro-
bustness than other principal component analysis (PCA) algorithms in image reconstruction experi-
ments.
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Tab.1 Algorithm procedure of 2DPCA-F-L1

Input: X, , -+, Xy Output:W

Initialize. WE @ W'W=1,.., ;t=1
fort=1,2,--
do
Calculate d by (13) for each image matrix X ;
Gy by (7);
matrix H=GyW;
SVD of matrix H=A>B";
Feature matrix W=AB" ;
Update ¢ to t+1;

while converge

Output W;
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Fig. 1 Image samples with different scale of noise
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