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Abstract ; Face recognition technology has made a significant progress in the rapid development of deep convolution
neural networks (DCNN). These developments are mainly focused toward a denser DCNN architecture and larger
training database. However, DCNN training is affected because the large-scale database held by most private
companies are not publically accessible. Moreover, current large-scale open databases are not accessible because of
the slight availability of the labeled information and hard-to-guarantee accuracy. This study presents an easy-to-use
image cleansing method to improve the accuracy of data from the following perspectives: First, deleting the face
image that cannot be detected by face detection; second, using the existing model to extract the features of an
image on the cleaned dataset and calculate the similarity; and finally, counting the number of images that are
unlike the other images. The data were cleansed according to the improved parameters extracted from the
abovementioned perspectives. The experimental results reveal that the cleansed database training model has
improved the accuracy of face recognition in LFW (labeled faces in the wild) and YouTube face database. In the
case of using a small-scale dataset, an accuracy of 99.17% and 93.53% was achieved on the LFW and YouTube
face datasets, respectively.
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Table 1 The test results of several classic DCNN models on

the LFW data set
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DeepFace”’ 2014 400 3 97.35
DeepID!?! 2014 20 25 9745
DeepID2!" 2014 20 25 99.15
DeepID2+1" 2015 45 25 99.47
VGGFace'™ 2015 260 1 98.95
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Fig.1 Examples of problems that exist with the database
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Table 2 Face Detection and Identification Data Set
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Fig.2 Data cleansing process

2.1  REN 5 4F4E = E AL

NG ARG NG %o 55 E 28 B Ry 2k ST (R B 53
M), NG ARRAAE i B T 0 5 % 3k 6 B30k i A 7
EI K A SR (OF 1 SN 02 541 | DN 5.0 Br @
) B AE AT R AL e
SE NS L B TR AE A % ARG A A v | Ak 1
TARFAE B, 450 12 X T e 30 S B AR B B

AT F BN T HE B LK 2% DCNN Seetaface | 77
L k2 Bt ) T 05 ARG ) B AR I S 1 24 4% MTCNN
B S S H A A AT S B v S I B, I AT
T R A R RIS R, 5 MR R A 2 1 N AR T R G
SRS T A5, U [] ff BE P DCNIN , Seetaface |
MTCNN 3% 3 FhEE AT AN 4T, S0 3 Fhia vk
FIPERE

3 & 3 PEEAE 3 AR B R L 5 A
KR ST 25 AR UMEZE IR, WK 3 Rl LA
tH, DCNN 535 19 bR E 22 Y9 /N T Seetaface 5514 il
MTCNN 5.7, MTCNN 55 % 1% 4f F Seetaface 57,
TEIX 3 A/ N AR B9 R DCNN B9 10 B e 1 i
I, HR & MTCNN 3 PR 225K 10, 26 BB -1 J2:
Seetaface .15, 2 W] Seetaface BIEW LIIE N T {2
OR300

3 o LA N A I R R I S A7 A B ) R
Al LIF H, MTCNN £ 0 (19 Bif 8] 55 4, DCNN 326 K
DUy s ) i

K3 SAXRBRHUKFHE FREEMRE

Table 3 Five key points of the test mean difference, standard deviation and efficiency

5 DCNN &4 Seetaface 4.5 MTCNN

= 47 RS AR/ TR PrifEZE BR/f-sT THE PRfEZE /L s

HELEN 0.043 2 0.013 6 3.6 0.036 2 0.017 2 5.1 0.042 1 0.025 0 15.4
AFW 0.068 0 0.020 2 4.1 0.055 5 0.038 3 7.0 0.062 9 0.037 5 18.2
LFPW 0.059 4 0.015 6 3.9 0.049 0 0.022 6 6.5 0.048 2 0.018 2 17.5
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Table 4 Comparison of five feature points on large-scale data
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Fig.3 The DCNN architecture used in face recognition

tasks in this article
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Table 5 Comparison of the properties of the three data sets
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Table 6 The accuracy of different models on LFW

YIRS EER/% FPR=0.01 FPR=0.001
UMDface 99.07 99.02 96.10
Webface 98.53 98.10 92.77
MSceleb 98.43 97.80 90.90
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Fig.6 Verification accuracy on LFW datasets
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Table 7 Face verification results on LFW

ik BdiE Uk VI e LFW

SRR TmEHE O BT M R
DeepID JE(AT) 10 177 20 25 97.45
DeeplD2 J=(AT) 10 177 20 25 99.15
Deepface 2= 4 030 400 3 97.35
Caffeface  J& 17 189 70 1 99.28
iR A N 10 575 49 1 98.47
R B 8 501 36 1 99.07
Rl c B2 9 240 40 1 99.17
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Fig.7 ROC curves of different methods on LFW
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Table 8 Face verification results on Youtube face
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K C £ 9240 40 1 93.54
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