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Improved lightweight face recognition algorithm

QU Dongdong', HE Lile', HE Lin’

(1. School of Mechanical and Electrical Engineering, Xi’an University of Architecture and Technology, Xi’an 710055, China;
2. School of Science, Xi ’an University of Architecture and Technology, Xi’an 710055, China)

Abstract: Due to the limited computing resources, the embedded platform can not run the deep learning model with
huge amounts of calculation and parameters in real time. An improved lightweight face recognition algorithm L-mobile-
net v2 is proposed based on the mobilenet v2. The algorithm first optimizes the original network structure, then uses the
triplet loss function as the main loss function to change the softmax loss in traditional classification task to Am-softmax,
which is used as the auxiliary loss function, and uses 490 thousand images of 10575 people for joint training. Compared
with the previous model and training method, the recognition accuracy of the new model on LFW test data set and self-
made data set has reached 98.56% and 95%, respectively, which increased the recognition accuracy by 1.56 % and 7.1%
while reducing the number of model parameters by 72.3%. And at the same time, the rate of frame recognition on aver-
age on the embedded platform Jetson nano has increased by 36.3%. The model can run in real time on mobile terminals

with limited computing resources.
Keywords: embedded platform; deep learning; face recognition; lightweight network; mobilenet v2 model; softmax

loss; Am-softmax loss; Jetson nano
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BN 3 R ¥ 2 B RRAIE , TR 2 ) 1 % i 2R T
Bk . Liu %5 3T ResNet64 1 M 45 1
7 T A BE (B] B 9 451 2K PR R SphereFace, Il 45 )5
FEM 42 LEW (labled faces in the wild ) #ER R N
99.42%. Wang 25" B4R HE AR H—1K, ¥ Sphere-
Face [ 7 14 F J3 [A] b 24 428 A 014 4% 5% ] B Cos-
Face, #4576 LFW _ERYMERG A4 TN 99.73%. 2019
4, Deng <) g s Rl 2Bl CosFace [ H: £ B
W1k PR ArcFace, 76 LFW B9 51 v 5 % 3k 2]
99.83%. LA b4 2% pR EICHR 2 3 T softmax 8 Y
RANVMCHE, HFE T 2% > B 5 RS 4046 09 R 23
(], 3 SO 2% pRACTE 51 A S0 B i [R) et X6 25 3
BEEAT T W 5E . 2020 4F, Sun Z2° B2 1 Circleloss
PG SN PR IEA TR 43, 7€ LEW AR B ERf 51K
#]99.73%., 2021 4F, A 44D FLT Circleloss H#—
A0 i1 s 0] B R AT A AR, B A IS N R i B Y
AdaCMloss, #4158 | BEAZ L AE T, 76 LFW 37
BIHERD AL 2] 99.79%.

I TR E 5 2 19 N TR ) B8 T A SR I
fe, BB AN 2%, ZEGE WA MR, A T
T3 e ], 4% i ALY 19 26 R AR Y, Howard™
45 (%) mobilenet 251 N %% . Zhang"" % ) ShuffleN-
et. Tan 2" (¥ EfficientNet, 13 642 5 10 X 45 11 43
X I R AE T3 98 U A R i A & B3
BT AIRE, AR SCFE mobilenet v2'' Y By LAY 1
P& — b 52 A i A U B Y L-mobilen-

I bounding box FHAMKE:

et v2, TE 2 7 Il A 2 0 1Y ] I i e AR IR
B HER R, Al LAT5 8 e A% Bl i AT VRS

1 2% 3k mobilenet v2 A & iR B & =

1.1 BLi# A9 mobilenet v2 A B 1R 5l 5 3B

2 E () mobilenet v2 A 1R 1 J5 2 A0 15 A K
(SRRSO By SN 428 11715 W I N 5 v
FH 9460 7 2 £ 4% Fast R-CNNU”, SSD™ | Retina-
Face! " FIZRIE AR L . LI 25 AL 58 )7 v
B R 45 1 AR 3, ARSI AR (9 IS A DU 5 X6 5%
53 K A 2 AT 95 04 BLM 4 MTCONN' e o
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MG AN S AR AL B, [l Hy AR
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g A PRGSO Iz 7 B 1 A 6 S B0, A
J A8 I G B 5 00 5% K . 2275 45 K Facenet!”
AR, R AR [N B8R B SR M AT
N R R AR & M, K G I 1 T 4% B L A Ry
N IR R AR S AR, K ) 4% L 28 X% 5547 19 A
% A L-mobilenet v2 #5846 A J R AE, 15 2] — 4>
BN 128 AERRAE ) & . 38 5 A s 4E 25 R] vp
FREAIE Ta] a2 g R G B DT 340 R o 2 75 o
[ —A~ N, AR SO R A B R B 1R

%

MTCNN
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UNITENES S P-Net
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NI S AE
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Fig. 1 Face recognition principle base on the improved mobilenet v2
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TR BE A 43 85 4 AR 3 i 5 ALt — DAk 1 45
A, B2 02 R A A B F 47 38 58 A FRURT IR
ER B M B s J R . X T — 5=
A D,xD, . i85 M 8BS, R M A

DDy 4 B (D — h 7 B0 #E AT B s H
FE A E b, A A B B 2 o S R
BE MR 2 X, 285 M Al IE 1 X, 5K
Al T T X i R S T S B o i
ESRVN I -k o AU AV S RS PO PN & 3
AR FAINAT 2 Y, SR 05 6 1< IxM 1 5 45 ]
o3 5 R A B B Y F B AH R A B Z,,
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Fig. 2 Operation process of ordinary convolution and depthwise separable convolution
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TR AL Gt 3B AR 2 K A5 1 2 /Dl o g £
BER;.
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Wit PR 45 M AR VR v o B S B S
ROy A RRAE B R A T 4 B Y R4, 5 IR
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W R 8] Ak 22 2 F ) e 8 P s B AT A
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REEAR A 3x3 RIEAR 3x3
s=1, Relu 6 s=2, Relu 6
A )

Conv 1x1, Relu 6, =2

(a) =1
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Fig. 3 Improved bottleneck structure blocks
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160x160x3 1Y) =i i K14, 55 mobilenet v2 FZ[X
SR : 1) AR A A JZ e 32 MG R AT
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Sy 2 0y A RS AR AT A A B A 2)
7F bottleneck Z5FHAEFEY™ J& [N+ I, JR AL (1) 4
Y RS ¢ 2% T 6, A UHIA 2 E N
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RUBIECES 2 J2 512 A IE A 10x10 FRAFEl, Bk
BE SRR R 31 2538 43 A e 0 X R BT 6 75 5 B B T
By NENEY: EDOR AT S (A R N W R )
AR G Y, A SOl 4 R IR S (512 4
10x10 Y8 BURZ 43 36 B 512 A8 08, BB M
X ;A5 2 A 3 B R R R AR Hith Ak, AR PR AS
] 407 B A A5 2R ST AN ) A AR, DA T 38 EAY
SEI I RR, DAL T 2% 1 1 fE .

% 1 L-mobilenet v2 M4 &5y
Table 1 L-mobilenet v2 network structure

LN op t c n s
160°x3 conv2d, 3x3 — 64 1 2
80°x64 dw,3%3 — 411
80°x64 bottleneck 2 64 22
40°x64 bottleneck 2 128 1 2
20°x128 bottleneck 2 128 3 1
20°x128 bottleneck 2 128 1 2
10°x128 bottleneck 2 128 2 1
10°x128  comv2d,Ixl  — 512 1 1
10°%512 gdw,10x10  — 512 1 1
1°x512 fo — 128 1 1

FR 1, op FoRHE W 4% 2B G5B 2 5
J5 25 ¢ 7R bottleneck ZE I HL4EFE P RN F; ¢ &
TN BRI EG n R 5E 2 BUE S5 P 2 IR
s e A K (FE bottleneck H X e/ 55 — 2 #4) B
FiE, HALKEN1); gdw Rn e RIREE
H, BIEEHE 512 /> 10x10 B985 FRUR 5 i B iE 47 %
Joy A 3 BRI, AH 24 T i B (A4 T A [
I, IRBIINECE B ROR ; fe Ron 2=,
13 BHEMBREBRERESIISGER
Pt R R EAE A AL I 2o R W A dR AR
, RE M A AR A A IR ARG . B AT AR R
PRIES B A TEAE AR RR G AR B AT W, G = oo
2 Triplet loss. Centerloss' ' %5, T2 7E.4% #% Fl ff) B
(5] B% b Jiti in 2 %, U SphereFace, CosFace, Am-
softmax'” 45 A< SCH Y — R HE A IS I 2507
Be, VL= ge i R AE y E 4K KA, DL Am-soft-
max V5 Ay il By 3 25 Sfe Y1 25 R 28 LA
—IC R EE RN T AN XA 22 55
PEENREA . 1A = el AE R4 Lk 3 4
FEAS, BEREA | IEREA | SAREAS, [ A A FlIE
FEAR Sy ] — > N e AN AR ABL A 19 5 BE e, fkE A
R INZREE Rt NS AH L AR [ — AR . =0T

A A H AR 1 0 5 ) DI 2R B b o e
LSRR, DTG A5 AH ) RE AR N BB /N T
Rl REAS B2 () BE B, P A ) 9 SR 2R 1A

£ G = FGDIE +a < I1F () = FDIL (€)

N

Ly = Z (G = FQeDIE = IF () = FDIE + ).

# X (3) BRI AL 5 2K PREIOE X
VD, fx)), f(x) et “4)
A e RARTAATREM = Jodl &5 N Zaa ALk
KNG f@), fa)) g3 5 R nm e i A~ = ol
[ FEAS L IEREA | SRR AR AR AL g 5 015 |
TR ECT 2 400 RO R 2 Y548 o AH Y TR
Jngx i, P SRR 0 e/ MEL, A SCHR 0.2; +5 3R
7 [1 N RAE R TE B SO B R (B, S R 2R 2
15 45 softmax i 2 78 4324 (0] @ rh UG 1 84
PR, SR 768 22 3 2R [m) v, il 25 200 36 2=
AT A A R g 44k, ML g K Rl T
FBE, Am-softmax J& T & &t 5% > KW iy —Fp,
I E AR /NN FE B IR IR R . K4 ES
Ho i B T A% B2 43 28R Am-softmax 432S Y X 51, Xf
THON wy Bwy, ARG R T Py, th R
BB A 0, Am-softmax K| 43 #9251 B 40 P, F1 P,
AL T 250 8 B AR XL, i85 42 T margin K
ANSES TN

‘ R X 35

& 4 softmax 1 Am-softmax
Fig. 4 softmax and Am-softmax

Am-softmax i1 2 pRECH

Lu = _% iln exp(s(cosd, C—m))
=1 exp(s(cosé,, —m)) + Z exp(scosb))
o ®)
Ao NERIR B KN s & RS T, 7] L
PRARTLIE B sy, 25 A RRAE x; XF LA 455 2
s 0, R IG — AR v, I8 250 B AU 9]
i x; Z A B A m AE N PR S EL (Additive
Margin) R4 RE M EE; ¢ 727021 S B14EL 0, 2
55 Rfr e — A58 A TE R R R A x; 2 1] ) 2R
i Z7% ArcFace 1%, AR 0% B m=0.35, s=30,
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Fig. 6 Myself partial face data
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16, Wl ZE 30 P EAR, B — 0 = UI 44
FR A REAR I — RN h 1A A I 2542 R
RS THTAELEHE, — Pk RFERT 2y 2 h, D
B UESE b AP R (AR R A5 S, JESE S AR
MY R AE AT B, 2% 2 R IRk 1Y 1/10, %
ZL 10 A EACHJAE AT B0 S 90 R, By 1k A A
FEAENE, ERRLEN 2T ER 0.5,

SEEBEE AT

1) Ry 56 kA S 4% 25 44 W AR R, SR AR [A)
B9 V11 £ 5K e A 2% pRER (softmax+Triple 5 #% Am-
softmax+Triplet) #E 471144, DA mobilenet v2 FIAS SC
i L-mobilenet v2 [ £ JE 47 PR 41X L SE 5 5

2) MBS IE AR SCHCGHE S R A 0k BRI AT K
PE, >R AR [R) 0 U1 25 5 e I 2% 25 44 (mobilenet
v2 5 # L-mobilenet v2), LM i J5 ) Am-softmax+
Triplet 51 2¢ 24 i 71 B9 softmax+Triplet 451 2k #E 47
[ZEERSN AN

3) LA ResNet50 7k 3= 1 FRAIE 4 B 28, fifi
WU A 101 2% SR I AT U 5
23 EWERSW

Bl 7 AR 6 R B AIFE DR 4E LFW 1Y
B R YT LR IRL, 6 FRT RIS 7R 28 AU i S B
55, P14k a & mobilenet v2 F1 i 3 Fiy (1) B 5 4
S RN 25, 4k b % A mobilenet v2 A1 IS HY
A 0 % s B 25, T2k ¢ SR L-mobilenet v2 il
WU T B 40 2% sR B 2R, HT 2R d 2R T L-mobi-
lenet v2 FITHCHE 5 IR A 40 2K BREOIN 25, B4k e Sk
FH ResNet50 Fl el it i i 156 6 0 2% pR B 25, T4k
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100.0
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Fig. 7 Accuracy line chart of six models in the LFW

S (D) ZE R M a cEi b, dIrL T LIFEH,
AN L-mobilenet v2 W 2% 45 ¥4 45 T mobilenet v2,
FE LFW B9 ERA 2250 2 5 1 1.1% i 1.45%.

SEE(2). Q) LR M a baic.dile, FHTZT
DVE oot 5 A 450K sR B TR S i 2k
PRER, AR LFW B RLER 43 42 5 T 0.11%.,
0.46% 1 0.88%. [FIS, MEFE 1 ACITHR o d BRI HE
TR M 1 92%, TR H R 4R mobilenet v2 |
SRRy a. b BEHLHS 1 ACHERS R IL A B 85%, H I
HERA R A X K, SRR AN WA SO AL

RT GRS RIRIERE, 245 H T 6F
TR A7 i RS L S 808 L LFW i 45 FE if)
WA E s 4 b A9 U0 B % . NVIDIA ix AP
73 Jetson Nano [ gk ARG U5 A3 % [m] B
AL HRHE T Inception-resnet-v1 W 4% Y FaceNet £
Y R A R AR SC IR RE B i AR ST 160 4
FEx160 12 %K, [FIFEAIIZREE CASIA-WebFace #£47
VS

x2 HEMREANT

Table 2 Comparison of model comprehensive performance

o FERREMB B0 il A/ )

LEW ERHEEnES (Jetson Nano)
Inception-resnet-v1 88.1 22.8 99.05 96.66 4
ResNet50(softmax+Triplet) 96.5 23.85 96.85 86 4
ResNet50(Am-softmax+Triplet) 96.5 23.85 97.73 92.83 4
Li ghtfacenetm] — 1.1 99.32 — —
mobilenet v2(softmax+Triplet) 9.68 2.42 97 87.9 11
mobilenet v2(Am-softmax+Triplet) 9.68 2.42 97.11 88.16 11
7K CL-mobilenet v2(softmax+Triplet) 2.83 0.67 98.10 95.1 15
7K X L-mobilenet v2(Am-softmax+Triplet) 2.83 0.67 98.56 95 15

M FE 2 B H, L-mobilenet v2 £ A &4 &
67 J7 , BEAA7 i N F 2.83MB, 78 LEW it 4 i
B8 4 98.56%, Lt Inception-resnet-v1 # Y i i 2%
99.05% W&AT T B, (HAS RS S50 AN A7 it RS B i
1705 #H L ResNet50, A S AIFE A7t R L S 4
i P HERG R LA & Jetson Nano 94 5| R |- H.
AR ACH; 2020 4 SCHR [24] $2 40 T — AR AL
Ay Lightfacenet W 2%, il 2k 4£ & Fl MS-Celeb-
IM™ S AR RO AW ID(10 J7) S A< 3l
SRR 10 A%, B R (1000 77) 2 A S0l g4k
(1420 %, Y ZRaE AR AL (15000 ) 2524 SCEEAR
YKEY 500 15, 76 LEW I 3 4 o i 233 i F A
3 0.76%, AR S B HIR T A 3C 64%, 1A SC
BEAVTE AR PN JE R R F, B 0E T7E
i AR o AT R o

WEESCFE 1, K SCXT mobilenet v2 W 2% 2% f4)

AT T Ak, 250 45 ' ok 2 245 4 v i 24
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