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[ Abstract] In the era of network informationization network information security is particularly important. Currently, the
unrepeatable biometric feature of the human face is used to maintain information security. The CNN algorithm is used to build the

Mobilenetvl network model based on the deep learning library of Pytorch. And the face image is verified by comparing the Distance
value predicted and displayed by FaceNet with the threshold value set in advance to achieve the purpose of face recognition.

Experimental results show that the algorithm has achieved good results in face recognition.
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Fig. 1 Principle of PCA algorithm
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Fig. 2 Vector projection of LDA algorithm
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Fig. 3 LBP Operator calculation method
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Fig. 4 Network structure of CNN
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Fig. 5 Extracting feature maps using convolution kernels
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Fig. 7 Model of fully connected network layer
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Fig. 8 Softmax activation function
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Fig. 9 Calculation of depthwise convolution
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Fig. 10 Calculation of pointwise convolution
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Fig. 11 FaceNet structural framework

(1) B BUR B R 25 18] F S e, 2 9k
PGS R E ) BR8] B 1 A B B R R
2 sREGIE AR,

(2) KR4 454, B F GoogleNet X
Zeiler&Fergus Fi%Y  CNN +Triplet F1 loss J7 %, H %
7] NG 5 31 5 128 1) I L HRL 4 s () Y e i, 42
IR ARRIEAT B T S B R 1) | 30 k2R 26 40
Mgt BAE 55, IR 402k R ERCRE 0% FLH B X S bR
R22 , Vit B 3 1| 2R REA ) B R AR T

(3) kA 1128 HERFIE, AT 38 4 B 408 R0 2511
AR AAR S, A AR LT E] R SUZ 1%
AN < TR A< I o

(4) Triplet Loss: ¥ IE X 5 17 X 43 FF — A~ HE 5
R,

(5) semi — hard; Y- R XM = JUH AR PR T
o

(6) /YRS S« 180 S B K O RBT
IR AT T AR AR 5 % 5, 30 1 B
XIS TSR bl Lok #EAT /N IR A RE SR T, (5
HIAL S ok 57 P (A A1 w310 i Lt ASE L DU
T B 3D X 5%,



134 s

i 2 S I I VA

12 %

(7) NI ABARL PR 3 E . R X 2 AN AR A 28
[T R 11 e L2119 2y N == e = B 2 > S
AR ZS (8] 5 A 097 L, B B B X N
FNBHIARRIE, Fl— A8 2 A A R A 35
AN B I LS AN R Z 8] ) — A~ A A ) L
FER EE NN

(8)1E LFW & 99.63% K IEH 3 , YouTube
Faces " 95.12% W IEMIE

3 X5

3.1 SRIEIE

ARSI v TR T R PR R T
RAM 16 G, CPU Intel (R) Core (TM) i7 - 1260P @
2.1 GHz 4.7 GHZ BER G T Windows10, FF %
W B 4 %8 H T pytorch _ GPU + python3. 8,
pychram  Anaconda,,
32 HEER&ESAE

HHT, B A A RS BG4 7T
PLF 8T A TR 1 Ve AR T, DL R R4S A SO
FEIIT T 00 R B AR YA 5T 0 T Y R R
CASIA-WebFace'” | iZ 505 45 6 25k A4 F IMBb
R, A 1w AL 500 wKIE R, S RLIRT,
SCE AR R I T L i T P R — R R
CAISA-WebFace F%H 4R IR A1 IMDb - Face JL-P-2
e ME— AU R RO AR B S T
CAISA-WebFace HY[E 2 HTXH A — 28 iy H I
FERTED R 5 FORAE I 2R i it . BLAACD 3R
AR REANE

(1) Bdibr g, 383k DU ACRS, Az 5o 1 19 3¢
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datasets_path =" datasets/datasets"

types_name = os.listdir( datasets_ path)

// ARBGZ H 5% T B9 SCEJe id E R

types_name = sorted(types_name)

/7 T HER

list_ file = open ('cls_train.txt’, 'w’

for cls_id, type_name in enumerate(types_name) :

photos_ path = os.path.join( datasets_ path ,

type_name)

if not os.path.isdir( photos_ path) :

continue

photos_name = os.listdir( photos_ path)

for photo_name in photos_name

list_ file.write(str(cls_id) +" ;" + "%s'%/os.

path.join(os.path.abspath( datasets_ path) ,

type_name, photo_name) ) )

lisi_ file.write("\n")

list_ file.close( )
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def conv_bn(inp, oup, stride = 1)

return nn. Sequential (

nn. Conv2d(inp, oup,3, siride,l, bias =

False) ,

nn.BatchNorm2d (oup) ,

nn.ReLU6( )

)

T2 0 2% 45 T ] Sf 3 1) 4 A AR ) SR T
3T Sequential YEZ W45 | 5F—)Z K Con2d BRZ |
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Conv2d F BN #{Je2eMiic ., Jir A% M 46 25 1 il
Je D T HE BRI [R]
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def conv_dw (inp, oup, stride = 1) :// WEER] 43
E & <br>return nn. Sequential (

nn.Conv2d(inp, inp,3, stride,1, groups = inp,
bias = False) ,

nn. BatchNorm2d (inp) ,// brifEfk

nn.ReLUG6( ) ,// B4I% PRAL

//1x1 fRE TR

nn.Conv2d (inp, oup,1,1,0, bias = False) ,

nn.BatchNorm2d (oup) ,

nn.ReLU6( ) ,

)

XA 2% ()R A TR B ] 0 i S U A A
T, H group SEOREE

@ % MobilenetV1 BB, BF5E T2 A ARD
LU

self.stagel = nn.Sequential(
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conv_bn(3,32,2), x = self.-backbone(x)
conv_dw(32,64,1), x = self.avg(x)

conv_dw(64,128,2),

conv_dw(128,128,1),

conv_dw(128,256,2) ,

conv_dw(256,256,1) ,)

self.stage2 = nn.Sequential(

conv_dw(256,512,2) ,

conv_dw(512,512,1),

conv_dw(512,512,1),

conv_dw(512,512,1),

conv_dw(512,512,1),

conv_dw(512,512,1),)

self.stage3 = nn.Sequential(

conv_dw(512,1 024,2),

conv_dw(1 024,1024,1) ,)

BT — conv_bn JZIRBUERE , 5 FH A #B
& conv_dw REEET

@ HFTHRAE RN 48 SRAF R AR )2, 5
FE RIS INT

self.avg = nn.AdaptiveAvgPool2d( (1,1))

self.Dropout = nn.Dropout(1 - dropout_keep_
prob)

self.Bottleneck = nn.Linear(flat_shape, embedding_
size ,bias = False)

self.last_bn = nn.BatchNorm1d( embedding_size,
eps = 0.001, momentum = 0.1, affine = True)

x = x.view(x.s1ze(0), — 1)// resize
= self. Dropout(x)// EFTB4T A TC

x = self. Bottleneck(x)// &%

x = self.last_bn(x)
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x = F.normalize(x, p =2, dim = 1)

SR A p = 2, i L, briEfk,

OF; e 1oL ke AN E AR TSR

self.classifier = nn.Linear

=

(embedding_size, num_classes)
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Fig. 12 Conducting model training
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Fig. 13 Performing images verification
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Fig. 14 Same face prediction
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