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Face recognition method based on facenet Pearson discrimination network

GU Fengwei'?, LU Jun'?, XIA Guihua'’

(1. College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China; 2. Key Laborat-
ory of Intelligent Technology and Application of Marine Equipment, Harbin Engineering University, Harbin, 150001, China)

Abstract: In unrestricted scenes, there are problems such as illumination, occlusion, and pose changes, which seriously
affect the performance and accuracy of the face recognition model. This paper improves facenet to solve this problem,
and proposes a facenetPDN method based on facenet Pearson discriminant network. Firstly, the deep convolutional
neural network in facenetPDN is constructed, and the multi-task cascaded convolutional neural network is fused on the
front-end of facenet to detect and extract the target face. Then, the facial depth feature information is extracted through
the deep convolutional neural network, and the Pearson correlation coefficient discrimination module is used to replace
the Euclidean distance discrimination module in the facenet algorithm to realize the facial depth feature discrimination.
Finally, CASIA-WebFace and CASIA-FaceV5 face datasets are used to train the network. The trained model is tested
and evaluated on the LFW and celeA face datasets to prove effectiveness of the method in this paper, and a comparative
analysis is performed. The experimental results show that the accuracy of the improved facenetPDN method is 1.34%
higher than that of the original method as a whole, and the accuracy of the model after training in the fusion training
dataset is improved by 0.78%. The algorithm has excellent robustness and generalization ability, which can realize
multi-ethnic face recognition, and has a good recognition effect on face targets in unrestricted scenes.

Keywords: unrestricted scene; face recognition; facenet; multi-task cascaded convolutional neural network; face detec-

tion; Pearson correlation coefficient; euclidean distance; face dataset
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NI EE, v DLt — 2 F£ 5 2 EANRE A,
FE— 2 FRBE bt AT D ol 58 Do) A AR 1) 65 42 ATz
fbBE T, BAE¥ CASIA-WebFace A5t 4E &
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LEW - A 00 38 o B a0 % 2 s o DA AR I
%k B FH | facenetPDM 1Y 5 i 7 FF 2 5 T fa-
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& %5 facenet #2157 1.34%, facenetPDM FYiH 51
YWERf FE 7 FD1 M FD2 _E 45 facenet 23425 1 0.56%
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Table 1 Quantitative statistics of experimental data in the
two image pairs A and B

ik facenet facenetPDM

(Th;=0.88) (Th,=0.72)
JrH A B A B
NO1 0.823 1Y 1.2823Y 0.8285Y 0.588 1YY
NO2 0.7863Y 1.3135Y 0.8444Y 0.568 4Y
NO3 0.736 7Y 1.5094Y 0.7899Y 0.4310Y
NO04 0.7963Y 1.2238Y 0.8403Y 0.6259Y
NO5 0.8144Y 1.3887Y 0.836 6Y 0.5723Y
NO6 0.8386Y 1.3243Y 0.8241Y 0.5621Y
NO7 0.624 1Y 1.3894Y 0.9023Y 0.5170Y
NOS8 0.6558Y 1.2721Y 0.8972Y 0.5663Y
NO09 1.014 7N 1.403 6Y 0.7433Y 0.5079Y
NO10 1.004 3N 1.4091Y 0.7488Y 0.5033Y
Y/N 8/2 10/0 10/0 10/0

PAMERR/%  80.00 100 100 100
RERUERA/ % 90.00 100
F2 EERPIKAERE
Table 2 Test accuracy of model
WIRZA PG TS facenet/% facenetPDM/%
FD1 97.16 97.72
LFW
FD2 98.28 98.50

N T PFAA SRR A B AP ERE AR, ASSCLA LFW
BRI T LR WU KR S 5 (DeepFace™ .
TL Joint Bayesian””' | High-dim LBP""', Deep FR"",
WebFace™) i§ ROC fh £k #E47 X} Eb 20 b . Wil 6
s g T A NRR B J7 % 59 ROC #h £k, w]
JIROC e iy 9\l 2 7m BB PR R, Bl 2 [ B
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K 6 FP 4575 1k ROC il 2R 4 78 Ak S 20 B ] 0,
ROC M5 B Lk y=—x+1 (A 5 AT L E B PR
I BH M 3R B (B GA B — A AR S, 7RISR T
TR A8 AR T T 5 (0,1) WAt 26 L P M
R, B BHPE R A (BN, X578 ROC I T
FG T AEGER A, ROC T2 X6 57 A A8E TR Ay i i e, 3
WA B AR . Wi 6 Al A, facenetP-

DM ji?éli X"J‘m EI/‘J ROC EHH gj% —F E/‘J E*/E{ AUCfacenetPDM:

0.908 1, facenet J7 35Xt i ROC £k T 11 T R
AUC 406,=0.903 7, IR AUC cencirpm FIE BE K —
B R P IS Y facenetPDM EE facenet B9 AR Y 44
RE AT o PR AR SC O ¥R X R Y ROC il 26 5 HiAh
J7EEXT AT, facenetPDM J7 AR AL Y ROC £k
IR (0,1), HEZ T mif AUC {H i KR
0.908 1, AT A< SC Y facenetPDM J7 1 1] L) A7 %% 42
AR RE

1.0,

Z772-=" FacenetPDM (AUC=0.908 1)
— Facenet (AUC=0.903 7)

0.8 Webface P2 (AUC=0.901 6)
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ﬁ 0.6¢ “.—-- Deep FR B (AUC=0.900 6)
0.4
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fE R
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Fig. 6 Comparison of ROC curves
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