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Abstract: In the scene of document verification, the standard deep learning face recognition method has low
accuracy and poor real-time performance on embedded devices. To solve these problems, this paper proposes
a modified efficient convolutional neural network (CNN) called Lightnet and adopts the transfer learning
method. Lightnet is an efficient CNN module composed of depthwise separable convolution, linear bottleneck
structure and attention module. After introducing the loss function AM-Softmax with additive angle margin,
the network model can effectively solve the problems of redundancy parameter and vast calculation for
standard CNN in the foundation of ensuring the high accuracy of face recognition. The transfer learning
method can enhance the scene-identity face matching performance by freezing all the convolution layer
weights of the pre-trained model and fine-tuning training in the self-made scene-identity face matching dataset.
The experimental results show that the designed efficient scene-identity face matching algorithm has achieved
good results in terms of verification accuracy, parameters and verification speed, and has good robustness in
life scenarios.
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Table 2 Recognition rate of different source domain

models
LR LEW/%  AgeDB/% NIJU-ID/%
BM1 98.08 89.68 90.32
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AM-Softmax 99.48 95.05 95.60
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Table 3 Performance comparison of diffident efficient

CNN models
LFW/ Age- NJU- ¥ )/
%) R
MSER 0 pery 1D/% R0 ms
ResNet50  99.80 97.70  97.07 25  647.68
MobileNetV1 98.63 88.95 89.92 4.2 113.41

MobileNetV2 99.16  90.67  90.79 3.4 98.29
ShuffleNetV1 98.70  88.81  89.86 1.9 65.22
ShuffleNetV2 99.12  90.54  90.98 2.3 72.98

Lightnet 99.48 95.05  95.60 1.1 42.48

G 0 2 [ P BE X Rt 5 3% T A Ak R et
5, AR ST 0 245 A5 R AR AR T 3 R A At A R N
S5 S PTG ) 30 TR PR R B L GIE R T A S
IR £ 2 — i 1 280 11 AR AT 1 JBC I 8%
2.3 BREIEBIINGER

P53 A5 AL A N R B s 48 NJU-ID | BeAs 1
95.60 % Ay I EKE B, 5 IEAZ 56 1 £ 58 T ™ 4% 1Y)
IER o TR BRI . R AR SCR
B UEEE BT R U 2R . A T SR UE PR A Y
TR ) 7 T AT R A SCIn A 55 A0 9 R Il 25
32 (1) A il U5 IR A | 1 4 AE A 50 =87 I
s () NG HE T A 2RO 2 & B
UEZE SRR A s .

x4 TRENISGHFXHER MR
Table 4 Performance comparison of models based on

diffident training methods

Vi LEW/% AgeDB/% NJU-ID/%
J A 99.48 95.05 95.60
vl 77.13 57.42 65.87
JTA )2 0 98.06 90.52 94.43
TR 99.04 93.50 97.66
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Table 5 Performance of real scene

e T B mE
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H1 22 5 JO{EL 45 2R R0, A SC Y R 28 A5 70 A 52 2%
9 A2 15 5 9 IR R Rk B T 95.73 040, A —
Rz P, BES W 2 H R A T RO IE T 5K o

3 % it

AR SC AR A ZC I HE X 35 R 3R —Fh
HE T g B R 22 4% 19 AIE e X B9 Light-
net. (1) Lightnet % F MobilenetV 2 i #& [ 4% 4 44 ,
S TE B J1 WL AT AM-Softmax 1 2 26 80, 76 44
AR Y 2 2% B AR B 1B 4T ORI 0T BURS T
1o PR IORE BE & (2) A i IE B8 48 I 17 3 3% 2%
2J 38 2 A ECHE ) SO 2B s TR TR
SN I I TR B AE bR E IR S5 NJU-ID B 1
2K B T 97.66 %0, % NGEY) 5t BA T 845 19 53
Ftkfe . (3 E AT R AR X 8 UEHS T
95.73 %0 15 UEAE B, Gk B T AR SO 5 AR R HL g —
SE 7z A BEAS I & H R A2 15 0 50U oK .

S E WK

(1] Aokar, BelT, £, & 3L TR EE I ROLE

A A BY A 4 SR (], T RO 28 U K K 2 24 4T,
2020, 52(5):729-735.
YU Yonghong, YIN Kaiyu, WANG Qang, et al.
Recommendation algorithm of euclidean embedding
based on deep learning[J]. Journal of Nanjing Univer-
sity of Aeronautics &. Astronautics, 2020, 52 (5) :
729-735.

(2] b, Al . T R B M 2 N 26 O IR 0 26 408
(0. PSR 2 R R 24, 2020, 52(5) : 736-745.
XIE Runshan, WANG Shitong. Functional-link neu-
ral network based deep classifier[J]. Journal of Nan-
jing University of Aeronautics & Astronautics, 2020,
52(5):736-745.



758 [T AR || A N N B % 53 %

[3] X8 . 3F CUDA Mt AR HB RS [T]. AL sion and Pattern Recognition. Washington, D. C.,
534k, 2015( 6):122-126. USA: IEEE, 2014:1891-1898.

LIU Yi. CUDA-based real-time face recognition sys- [12] SCHROFF F, KALENICHENKO D, PHILBIN J.
tem [J]. Computer and Modernization, 2015 (6) : Facenet: A unified embedding for face recognition and
122-126. clustering [C] //Proceeding of the IEEE Conference

[4] ZEREB . NLTHE e AR d 5t T8 3 % 448 3 on Computer Vision and Pattern Recognition
(IR Z [ T). % 5 B, 2020(12) £ 140-141. (CVPR) . Washington, D.C., USA: IEEE, 2015:
LI Dongfeng. Application and exploration of artificial 815-823.
intelligence technology in safety management of con- [13] LIUW, WENY, YU Z, et al. Sphereface: Deep hy-
struction site[J]. Housing and Real Estat, 2020(12) : persphere embedding for face recognition [C] //Pro-
140-141. ceedings of the 2017 IEEE Conference on Computer

[5] ZJU. B ER B AR RS AR HOF5ET]. KA Vision and Pattern Recognition (CVPR). Honolulu,
TF2411,2019(7) : 100-104. USA: IEEE, 2017:200-205.

WU Fan. Research on the application of face recogni- [14] WANG F, CHENG J, LIU W, et al. Additive Mar-
tion technology in intelligent library [J]. Journal of Li- gin Softmax for Face Verification [J]. IEEE Signal
brary Science, 2019(7):100-104. Processing Letters, 2018, 25(7):926-930.

(6] #fg . Uk AR B [D]). M AR K [15] ZHU X, LIU H, LEI Z, et al. Large-scale bisample
2%, 2016. learning on 1D vs. spot face recognition [EB/OL].
DAI Jian. Research on algorithm of face recognition (2018-01-13) [2020-12-04]. https://arxiv. org/abs/
based on ID photo[D]. Nanjing: Southeast Universi- 1801.04381.
ty, 2016. [16] HUO J, GAO Y, SHI Y, et al. Ensemble of sparse

(7] XU, EIBERH . — B 3% T U 2 20 (W 88 3l v AR 50 E cross modal metrics for heterogeneous face recognition
R [T] HEAL S AL, 2018(2):107-111. [C1//Proceedings of the 2016 ACM on Multimedia
LIU Cheng, TAN Xiaoyang. A face verification sys- Conference. USA: ACM, 2016: 1405-1414.
tem on mobile terminal based on depth learning [J]. [17] HUO J, GAO Y, SHI Y, et al. Heterogeneous face
Computer and Modernization, 2018(2):107-111. recognition by margin-based cross-modality metric

[8] HOWARD A, ZHU M, CHEN B, et al. Mo- learning [J] . IEEE Transactions on Cybernetics,
bilenets: Efficient convolutional neural networks for 2018, 48(6):1814-1826.
mobile vision applications [EB/OL]. (2017-04-17) [18] HUO J, GAO Y, SHI Y, et al. Cross-modal metric
[2020-12-04]. https://arxiv.org/abs/1704.04861. learning for AUC optimization[J]. IEEE Transactions

[9] SANDLER M, HOWARD A, ZHU M, et al. Mo- on Neural Networks and Learning Systems, 2018, 29
bileNetV2: Inverted residuals and linear bottlenecks (10):1-13.

[EB/OL]J. (2018-01-13) [2020-12-04]. https://arx- [19] ZHANG X, ZHOU X, LIN M, et al. Shufflenet: An
iv.org/abs/1801.04381. extremely efficient convolutional neural network for

[10] LUO W, L1Y, URTASUN R, et al. Understanding mobile devices [EB/OL]. (2017-07-04) [2020-12-
the effective receptive field in deep convolutional neu- 04]. https://arxiv.org/abs/1801.04381.
ral networks [EB/OL]. (2017-01-15) [2020-12-04]. [20] MA N, ZHANG X, ZHENG H, et al. Shufflenet
https://arxiv.org/abs/1701.04128. v2: Practical guidelines for efficient cnn architecture

[11] SUN Y, WANG X, TANG X. Deep learning face design[ C] //Proceedings of the European Conference

representation from predicting 10000 classes [C] //

Proceedings of the IEEE Conference on Computer Vi~

on Computer Vision (ECCV). Munich, Germany:
IEEE,2018: 116-131.

(%% .7k FE)



