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A Face Detection Method with Lightweight and Multi—scale Feature
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Abstract: At present, various start — of —the —art face detection algorithms have been proposed, but while continuously improving the
accuracy , the real-time and applicability of detection have been neglected. Aiming at this problem, we propose a lightweight, real —time
and Single—Stage high —precision face detection algorithm. We input different scale features of the backbone network into different
detection modules to realize the detection of different size faces and improve the detection accuracy of the algorithm. The backbone
network uses the deep separable convolution to divide the traditional 3x3 convolution kernel into a deep convolution kernel and a 1x1
convolution kernel , reducing the amount of computation. The detection module uses feature fusion for more contextual information and
greater receptive fields, including target classification and box regression operations. In addition, we use a full convolutional neural
network to save memory and enable the network to input images of different sizes. The experiment shows that the proposed algorithm has
93.52% accuracy in FDDB dataset and better robustness in different scales, poses, dressing and illumination, which can achieve real-time
detection.

Key words: face detection ;lightweight ; multi-scale feature ; feature fusion;full convolutional neural network ;real-time detection

1 # & R RN R AL S T, FH 20x20 AR AR A

TN A I 53k K 22 FH i) 2 AR DT L R I EURINN 2R T —> 2 )2 B 25 B % R G 24
Hoh AR ERYERY J& Rowley 25 A2 H A% 5L i 22 1 45 Z (R UEAT T, DT B /2 B IO 286 1 1 i, 2 2 fif o
2510 1E T A BGAGIN 2R e | ad v sh e A R 5T I ARLLE T RS RS I () 8, 7 J5 2% Rowley X 515 1)

5 H #1:2019-05-15 &5 H#:2019-09-17 ™ & H AR Bf 18 . 2019-12-05

E£mA . HZKEIEAV LI (NO. 2016 YFC0801100)

fEERN A M(1994-) 5B BHoE A DR 5 o) TP EEALIESE s R 0%, 8, DO, 04 | B R VE 3, W5 ) A=) | MR A 3 X
[iSaL2C R

[ £& AR Ik « http ; //kns. enki. net/kems/detail /61. 1450. TP. 20191205. 1146. 076. html



22 HRHLE AR S LR

%30 &

TE R AT AR T X AR X S 1 e
LN RS N AW il B NP N = B B RS I =
BB LS O RHERERENBE, TR
NUBE YL PN

2001 4f Viola il Jones 11 T — % F AdaBoost
SR RER N IEAG S5 (8 FF 7 2 ) Haar—like 4FAF
YLK I AdaBoost 7328 s X 18 2l i 11 v i) fi 228 AE 14
FrHE R B 7 8 m 208, 511 T 45 8] (integral
image ) ML, EVREE 2> a2z wy, TRl A
J AN K Z R e B TR R A SE A, {HJE i T Haar-
like J2AHXT (&7 B0 —FPRRAE | By DA AR e PRI ; [ B
AdaBoost 5543228 K FH 18] B A0 o SRR X6 T T RS Y
LORIIEN €358 S|SBy I R L DN v A NS R N E R
FEIR B2 2 A DU R I AN 3R O BL7E 030 1Y
KA X —DHEARMITFM A SR TIZEAEZ
RIBT BRI, i LAy R g B itk 22 . B T07
B SR et o b ] T AR bl R R B i
B (LBP) RN (0 R AE i 756 I 5 SR 15 31 T 4R
KAt , 3 HAE LAl T AR E g

2008 4 Felzenszwalb 4% i £ T DMP ( deformable
part model ) 455 78 f) A JIG: A6 0 8303517 R i FHOG ( %
HOG ek gl) #EATRHE 4RI ZBIRTE 2 B 2 M
NGRS 4 3 5 T AR AR ZE0E T Viola 1 Jones
P P ACR B i TIZE AL TR R R AR
BN APEREOR BT ATE SEBR LA P AR R

H 2012 4F AlexNet f£ ILSVRC ( imagenet large
scale visual recognition challenge ) 1% 4325 L 38 HH B
R SGUG , &R 2 W 28 AR iz F 2 K5 A 3
A E FRAGI I [ R O R ™ o A R e
25 28 RE A% L1 1) 2% BT 4 b AR IR H AR & 2 By Ay
fIE, DT MG 8 T DX 465 %) AR A BE i = e e

Cascade CNN 2 & Gt K ] 1) % BE I 2% 3o 388 1 £
%" tH Li Haoxiang 55 A4, Fl Viola—Jones 1) A
For 0 g8 AH AL, >R FHEER 1) 7 A LA 2585, AR Y
SRR e B S TR 2 I 2% 20 B, T HL R 2 (]
1G4 il I i 2l B R AR AT DX R A = A 2%
PEAT LA OE 38 5 — A I 25 0 T LA G B 4 K 22
B REAS | [R] B 4~ N 285 (8] 5% 1 NMS ( non —maximum
suppression) B ik LB mEES N X, 2 F W
MTCNN [ £ A J&: i % 7 Cascade CNN 5% %! (1) [T
R BEERBEEEN 6 L2 ik S = on A R
S5 0 S Ok R B, DD T R 5 7R SCHR [ 12 ] b Al ]
T2 78 SR [ 13 ], B 45 2 8] i A
T UG A TR X SRR T B AR TSR

S 4R R A B & JE T SSH ( single  stage
headless ) "' A A JIGAS IR ) | SSH. 5 A AR 4 At 2 X

JERNHH M ((scale —invariant) , MTCNN 2 X 135 46 0] 1]
GBS TR) RUBE 43 R AT J000 , 40 b — R i S i 2 Kok
Hehn, i SSH R R B —A> RUBE (Y [RIHGE wT DL Rt | 55
LT one stage 19 A MG AS I, G IR I 3 A4S K
R (M1 ,M2 ,M3) 730 5% F 1 VGG 2511 3 AR
FEIE ETFEA T F00I0 , A4 ARG DN ASE BT 55 A A 4 2K | 3
b WA ] RUBE B R A P AT 300, S T 22 ROBE Y A
TR, (H AL 5 VGG W45 A 134 A R e, 4%
ZHUAXN R Z , CH R E TS % T YH7 o
Mobile-Net' ™' 254 (1 AR, 1T T — Bl i i 0 9 4%
2EF MY EE 2 3x3, 1x1 BB AL S
KRG I, —AFn A B0 i Ry — D T B s AR — A
MABR(Ix1 B , 7R UES BRRCR A [F] B R K 46
A =N = ) NN o8 = il S 7 N i <5
R AT Al & 24 5 FURRAE , 7T AR TE 209 | F 3¢
5 R A SR RS BT DT TR PR R

2 ZitAE
2.1 ERHEZR

ZITIRIRAE caffe TRIE = I HEBR T i Al 2R,
ZHEZR A T T PR B Re i ERAE 1 3T
Y50 3 RIS A B, 32T P45 R Ad bR S TR
T2 — s 9 4 R O3 fift o — 1> TR 32 46 LA i 4 A
(Ix1 B , T D iz 55 i S 80, 2 5 i AL
B AR NAATHFE ; IR 3 T WS AR — 2R E 2
S A= 3 — 4k (batch normal ) |, JIiBRARE Y e s B
e A7 DO 2 P A8 B2 T K B0 e [R) AL, I 2> I 2 X6 ) s
SROHT ;3 AR (M1, M2, M3 ) 73 5 45 3
T2 3 AN [A] RURE A AR A TR LUK AN [R] /N Y
H bR, For ks AR He A & H A543 28 FE (A w1 #4E  iy
— /5 Y 3x3 L, —1 context Module FIF~ 1x1
LR, context Module & T3R5 5 £ 1) I F 3C{H
SRR R A RAZ B T T 5x5 177 W48 B 43
VAT FRAE SR S5 1 concat BlEHRE ; 55 AW % 2=
bR TR T 1x1 SRR 2 EE)E, 15
X128 (440 A T AR Faster RCNN' — R A [ ]
A R [EI R DR 28, ARk, SO 4
AU 8 T RO FIUERA FE | RERE PR UEAS TURS BE , )L REIA 3]
N B SE B AR o] R TS bR T AR

I £ A TR ) SR S5 Rt 1 BTR

Horp M1 M2 Fl M3 G35l s A AT E 1 A ) A5
o2 FkmaEde 3, 43 5 TR/ B bR b H AR AR
Hir,
2.2 EFMEKIRIT

SCHPRER I BT S TR R4y s
I8 T R L e — MR G B R B IR T



55 4 3]

A MR — PRI 22 )RR AR ARG AN T ik

. 3.

#: X ( depthwise convolution ) Fl — /4~ 1 x 1 ) 3 1
(pointwise convolution) , 7S i $E BURAE ) [E] B a2
W28 ZHCN I, 456 22 ROBEFFIE SR IOy AR
F IR AG I (4 S BR 37 5 Y, e i T — i 48 45 A1

sEA

FREE W] 7 B BB A0 By, B SRt
FTFML, HE—NHAN W x W x C x1 BARE, W0
K 2 P AL S B i R B v B

L%

Conv4_1 Conv5 5 Conv5 6

Bilinear
Upsampling

sum

% JUEREAE PRSI
BH1 BALKREHY
...... WONEIE RILIT I 2P
/;ﬁﬁ{%ﬁl ......... 1 Xl@ﬂ% ..........
NI i
== — ]+ /// ..... -
c : . S, : :
....................... 1
............ v
B2 RET B EMR

Hrp k(S| CH N5 EFAZARR B
YRS iy AP P11 8 2 i L R A PRI AR, TR
FER A B A R E RO 1, JF BoAr 0l 5 A
RE AR PET AR B R N 3 Al AR B, BRI s e AR
TR P 380 T W ] — TR B S TR, A8 — N TR B 5 R
s NRFIE A 26— s A BURSCAH — 4 D,
D, x CHEIAFRERI( D, A AFHEE R
23 stride A 1, B8R S, x S, x C x N BIERRE
Bt D, X Dy x N BYRAEEI( D, R R
BRSF) A D, = D, MGG BRI 3
Amount(g) N :

Amount(g) =8, xS, x C x N x D,

X

t

x Dy (1)

REET] 73 B AR 5 Amount(ds) 4
Amount(ds) =S, x S, x D, XD,
NxD,. xD, (2)
M2AWER s B RAE R G REZ
o
Amount(ds) _ L
Amount(g) N

+ C x

ut

nput

1
te
Sk
2% b B 224x224x64 BYERE ], 28558 3x3 1
LT 224x224 %128 FUFFAE I, AR 4 P & B35
2 A 0. 118 9, Al & i flt IR B ] 43 25 5 FH
VB R T L G BRI 1/9 £ i BE R
R T

(3)



-4 HRHLE AR S LR

%30 &

E M4 ) — IR AT o B B AR S5 A 3
P

IR 1x LB
[ttt 1t | |m;é—w|
| iisor s | iisor s
| Retumim | Relums |

B3 —mRETHBEM
FT P25 A K 224x224x3x1 1 G5 | 72 ™)
KRS 1 PR BTG RS 26 N5
2 A AR W4 2k AR A RS 7 X7 x
512x1,
1 ZTFTREHEHK

RV LR/ ERL i AT

Convl/s2/pl 3x3x3x32 224x224x3x1
Conv2_1(dw)/sl/pl 3x3x1x32(dw) 112x112x32x1
Conv2_1(sep)/sl/p0 1x1x32x64 (sep) 112x112x32x1
Conv2_2(dw)/sl/pl 3x3x1x64(dw) 112x112x64x1
Conv2_2(sep)/sl/p0 1x1x32x64 (sep) 112x112x64x1
Conv2_3(dw)/s2/pl 3x3x1x64(dw) 112x112x64x1
Conv2_3(sep)/sl/p0  1x1x64x128(sep) 56x56x64x1
Conv3_1(dw)/sl/pl  3x3x1x128(dw) 56x56x128x1

Conv3_1(sep)/sl/p0

1x1x128%x128 (sep)

56x56x128x1

Conv3_2(dw)/s2/pl 3x3x1x128(dw) 56x56x128x1
Conv3_2(sep)/sl/p0  1x1x128x256(sep) 28x28x128x1
Conv4_1(dw)/sl/pl 3x3x1x256(dw) 28x28%x256x%1
Conv4_1(sep)/sl/p0  1x1x256x256(sep) 28x28x256x1
Conv4_2(dw)/s2/pl 3x3x1x256(dw) 28x28x256x1
Conv4_2(sep)/sl/p0  1x1x256x512(sep) 14x14x256x1

Conv5 (dw)/sl/pl 3x3x1x512(dw) 14x14x512x1

Conv5 (sep)/sl/p0 Ix1x512%x512(sep) 14x14x512x1
Conv5_6(dw)/s2/pl 3x3x1x512 14x14x512x1

2.3 KiNERIET

REDBE et — A~ 3 AU 45, 43 R = 4~ K A
I ML M2 FT M3 43 51 4l 32+ 9 46 Convd 1,
Conv5_5 Fll Conv5_6 JZ 1Y 3 AAS[a] X BE4SAE I, % i
1Y stride iy 8 (16 F1 32, F43 551 %X = AN RUBE A R#AE K]
PEATTRI , A48 ARG 3 2 A0 ARG AE (AR [,
2.3.1 3 REHMER

F TR Conv4_1 . Conv5_5 Fl Conv5_6 4
TR R ST 43 5110 28 x28 %256 14 x14%x512 Hl 7x
7x512, Ho IR Z2 Az B A/ RN B AR, =2
14 B2 B A R A I R B A, AN T RUST A e A1 &1 AT

PLAR R 2 RO A R E LA

M2 Fl M3 A I AR B AT 2 42 DA 3 T I 246 H R B
SRR, T M1 K BLER AL S T Conv4_1 F1 Convs_5
JZ BRI, B JeXT Conv4_1 A1 ConvS_5S J2 1Y %y Hi %
FH 11 B A% | FE4EA5 5] 28x28x 128 Fll 14x14x128 ]
SRR, IXF Convs S SR B bR bR R
SR 28x28x128 AYFFAE ], P-4 PR N 4R AIE [ SR FHXT
JCE AN I AT RFAE @A, Bl A5 19 51 28 x28 x
128 FUAFIER], 2838 — > 3x3x128x128 AR FH L A
MI KA SRE MR 3222 B A= T ML K
AT IE U

25 b, 3 R AR TR RS B ARRAE AT LG 1A [+
KA EbR, 4 fros, J& 2 M1 I S n] 2L
B AR IR /N H AR RS REAE TR 2 A M2 A DU
3o iR E AN EE PN S

. alo O

B4 % REHFEENKSE
2.3.2 HemAEd

M1 M2 Fil M3 K A i) 25 K4 AL, DXO0TE T4
A FREAE B R /NASTR], X5 1 19 stride 43 5]y 8,16 Al
32, [AlIF M1 (A% A RRIE B SE 20 128, 1 M2 F M3 4B
JE 512, R HLE R AN 5 BT 7 B A I AL e #4
A0 NG A B RAEAR P14 THE AR 13 9 s i, 58
— Z %38 FHE (anchor) , 38 1 0] 13 A% 5 20328 i1 i L 48
VT FLSZ ) NG HE . 2Bl Faster—RCNN H1 ) RPN 8L 48
i AR 103 B 50 5 L — &R B anchor, 75 B> K6
DN SRR P AT — 1 3 sl o 8 3 00 XU B 7 SCH
AR YR ) g H A A o7 B R EEASTR Y KA
anchor , &4~ anchor ¥ i — A~ R, A1/ A9 RPN H K
A~ anchor LA AN[A] A B8t , SCH T AT () anchor £ 98
LA A 1, DR R A A8 R 9 22 RS R 5 (i — A4
TEEIR RN W x H IR AR 23158 W x H x K>
Ka oA 1, REEANFAY anchor

W 5 Fros , B A AR B X f A RRE 23 91 i 4T
PIRNGF, — P28 1Y 3x3 B, 55 —Fh 2 Context
Model ; $: #5 K5 3253 1) 3x3 % FLUFI Context Model #E47
channel 4E/ I IBHE B G WA 1x1 FETUZE I THE



55 4 3] U

W25 —Fhi i 9 ) 22 ROBEAFIE A I T 1%

.5,

AIYAR TN W/S x H/S x 4K A EH AR AT

R A 5028, s R e YT B R E S H/S x 2K a2k
O B S RGO T A, ittt W/S x
3%3 1X1 W/SXH/SX (4XK)
= = WXHXCL WXHX 2XCO[~ 5~ o
—»{ﬁ ..... é‘l —»llj/ """" :—> MK
> Concat 11
»| Context —):T/ ''''' :—> UNISFES
WXHXC Model WXHXC1 WXHX (2XC1) — — —
W/SXH/SX (2XK)
HS Hn Bk

5 " Context Model f9 EARZE S Ui 6 T 7,
T two—stage Rl H 3 2338 P AR X B 7 1
FEFH E T ER, SCHPAY Context Model 1 13 fj (1
GIRZ KRB X ARSI ETXFER, T
anchor & AR A7 43 A0 1l A i, e A 3l
FHEE R A B FRAZ R AT LS BB two —stage Hal H 1Y
P RAEEHE) J5 2, Context Model & JH 5x5 il 7x7

(A B, SCRE AT ARSIt 1 J2 1 Jee sz B [ el 3
TR R B AR R R TR ) S5k
i IR S A AR M R IR B T, R IS 3x3 1Y
TEIE AR = A 3x3 M UE P A AR 55 A 77 Mk I
ALK 18 1 T2 R B 258l Context Model
T A S FCkh CL, ML M2 T M3 S CL 451k
128,256 F1256,

3X3XCl/2

3X3XC1/2

—7-7—

3X3XCl/2

A2
G DD

Concat

Y

3X3XCl/2

B 6 Context Model

3 9l %
e FH Bl AR BE T B3 RO 22 0 1) 5 = 2 I 2%
BRI A 2 0 2% 3 2ok 3 A AR R R S R 22 RUBE g A Ik A
I B LA 2 5k 78 e 5 22 3 A B ST /Y Toss
R T AR 3 AR BB XA R Y ROBE BEA TR, 7
YRR B i Sy AN BB HR 43 B 4R 28 RUBE 3 LAY anchorr,
W d5/NRUBERY anchor 431045 M RS | rb 4 KBS f 43
Begs M2 B e R R 73 e 45 M3 A [m] i Ky
J& THZAS DN ASE B RO () A 9 4 2 A [l 48 2 (A 7
AR . 53424 HAL 2 —> anchor 5 H 5 A 2
(1] B TOU ( T PN AE F1 LS AE (9 B B 45 AR ) KT 0.5 B,
A W% anchor 5 B MG X IEAT X e, Bir DA 1) 4%
AT BN XIS PE ALY anchor
3.1 KR

PR R T = (4) ron, Hobo1 S AR 4 2%
loss , f# FHARUEAY Z2 T log 1Y) loss, k MR 1) K 5]
M, ,JFH A, FRE XTE M, A anchor 25, TE M,
FES i A anchor FIGH N B 52 A X3 A9 AR 25 4 9l 2 7
H p, Ml g, . anchor H ff IE #F A 5 2092 AR IX 5 14
IOU #id 0.5, AkEA 5 H S A X 8 A 10U /b T
0.5, N, JiH M, 114 anchor I~ %1, &5 5 3|43 2%
loss M4,

J = z L,zlc(Pi’gi) +

v N, i3

A2

1
— > (g, =1)L(b,t1) (4)
k ]Vk[eA

1 7 71 FLAE [T H ) loss, (8107123 Ta] 2 i FAE 14
HEFE I log 25 8] B AR AN AR M (1) A8 ¥ (i 1, °F
1 loss, FESEULZS I, b, RN BIIHERIE , ¢, TR
FLE N XS, 1 () FRon T8 R, F T BRI EE
loss HAF AR 10 2851 4 true B9 anchor #F 1715, [A] B

Ny=X (g, =1)
ied,

3.2 EXEHFIZHE(OHEM)

FH T SEBRE B0 1E R AR Y 4 | R I % g A
MAEHIEFT OHEM " | B Fi f A vp 15 B S A X
A TOU fie KA FEAR 5 IEFEA v 5 31052 G X 8
10U f/N(KF 0.5) M FEA 4 — A/t 2 3647 1)1
Y AR T RARAGE SR Z LA X B E 25%
RN IEREAS
4 ZHEROH
SCH R ) A B 7E FDDB ( face data set and
benchmark ) 34 4 I #4797 , FDDB %k 48 4 & 174k
N SS9 1 e e P A R TR 0 4 22—, ik B
PRAEHIA 2 845 TR AT N Y 1 P9 Pl IR, A L



<6 - HRHLE AR S LR

%30 &

BT 5171 iR ARG . SRR AE R A R4 DL
MW PR PR A A AR R 2R,
WA LS 0 3 5%, BRI A e 32 0 | S AU B8 0
42—, FDDB & i P i 28 AU iy QA I 3T 43, 43 5]
ST BT BCRIE S 8, AR5 — R PFAr T, R 2
KA A AR FEHE 2 8] 19 TOU J& 5 #81d 0.5, 126 —Fb
PFA3 T O 1 8 U] 2 6 I AE 1A T AE 22 (8] 9 TOU R

FRGF , SCrb R I B R T B RO B O ik AT O
mo ET7 NSRS Y R ) DP2MFD ™ |
FaceNess'”'! | CCF, CascadeCNN"' | Acf'™' | VI & ¥ fy
X g S, Hirh CCF Ry 9 16 0 2 4, {1 1 J& Haar -
like FEIRHFAE . rbfll Ak 5 308 (BOE 2R 9158, 9L Ak
PRgRm HAEZOR . af LUE H, SO 4 i Bk L+ 5
SR A EAE KRR IAH] 93.52%

1.0
—— T
ag:} —92_—;2— N ) 2
T
08
o7
- 06 T
& "
5 Y
£ o5 L e
8 er/
3 o
= 04 /,e‘
03 ;/d
02 owrs[0.935216) —— |
DP2MFD{0.913143) ——
FaceNess{0.903115) —8—
01 CCF{0.850021) —— |
. CascadeCNMN{0 856701) —&—
AdDiscROC(0.852446) —v—
VJ{0.60936) —o—
(1]
L1} 100 200 300 400 500 700 800 900 1000
False positives

# 7 FDDB #(3%4E ROC # £

541z B2 8 343 9 %F AFW (annotated faces in
the wile) .FDDB #1 WiderFace %4 5 10 %1 2> 2018 5
AR AN 8 fizn .l LLE 3, I8 v i A
WA AR AN ) RUBE AN R AN R 2B 403 AN ] 5 HE A 1
B AR R EL S o R A A AR =

N\

B8 Hiktmzg
e W EE S B A TN e AL 8 Bk

AR A B9 640 x480 14 18114, 7E Intel (R) Core
(TM) i5-7500 CPU @ 3.40 GHzx2 1) CPU Ab3 |11y
K R g IR 5] 2 FPS, BUARTE CPU IR B KT,
B 7E 58 1Y NVIDA GeForce GTX 1050Ti 4g . |-
AT (ARSI 52 32 35 3] 40 FPS, X 15 25 F VR ] 70 15 4
TR SELAEL 3 Aol 3 300 5 R O3 M o — A TR BE A5 FEURI 1
LB Wi B JF B RS TR RO B RRAE 1 %
AEENEIR & 75, LR V% AL E T8 GPU 7]
AR B SR A A, mT o F 58 bRz 5t

5 HRiE

T B AN R SR R B ] A3 B s B
AR W TR [ Il D T SR N A7, e
B SEONAE N 25. 4 M [FPEE 1 9 26 v ) AR ] ]
JEE AR IE P b 380 A (] g A 0 A ke S AN [R) RLBE N I
RSN 5 e A1, 2 e bR A i 3 2, TR 1 x 1 B AR
B, it — 25l B 288, O HLI 45 7T L i AR [R]
KNBIEMG . 53 HMZ A 483 52 B Single - Stage
LI A6 T I LR 3 04 3 s BT L T caffe TR 2
STHEAR BAK RAF AT A YE . B Jm IR BEEAE A TFA
i 50 P b ARSI R BRAR S HLAE GPU - A e i ek
T JE SRR AN ZANE TiZ R4 7E CPU B



5541 R MGSE . — PR RN 22 R RRAE A A 7 s -7
i B AN AR S Sk 4 2 TR R T N A e B Bk (1] ERZ WHER, T % TZIE5% CNN 5 =554
9 SR B TE CPU G I R 3, BT 328 1 0 I 5 5 41 11 BURKIAB IR 1], #OLIRAE, 2019 ,40(5) :17-22.
W [u]%ﬁ%%%ﬁi%%zWF%%%&W%H%%A%E

MLT]. T EEZREIE = ,2019,24(2) :203-214.
P ] [13] uit, x5 8 5. REETCRMBIRE T2 M 4% A
: RGN 9L [ 3] FHSEMLE FARSE,2019,36(2) :593-597.
[1] ROWLEY H A,BALUJA S,KANADE T. Neural network—

(4]

(8]

based face detection[ J|. IEEE Transactions on Pattern Anal-
ysis & Machine Intelligence, 1998 ,20(1) :23-38.

ROWLEY H A,BALUJA S,KANADE T. Rotation invariant
neural network —based face detection [ C ]//Proceedings of
1998 IEEE computer society conference on computer vision
and pattern recognition (Cat. No. 98CB36231 ). Santa Bar-
bara,CA;IEEE, 1998 :963.

VIOLA P,JONES M. Rapid object detection using a boosted
cascade of simple features [ C ]//Proceedings of the 2001
IEEE computer society conference on computer vision and
pattern recognition. Kauai, HI, USA ;. IEEE, 2001 ;I-511-1-
518.

PP, JT5E R A . — PR T Ut LBP FRRAEAY AR
R 5k (7] AR BHAR ,2018(2) :1-4.

# M5, KRR, BlE YCbCr Ik (R A1 5 B 19 Adaboost
BRI T, M R EEE TR 22244, 2018,23(2) .
91-96.

XK, K R T AR AN 5 B Sl B T i
[T BN AR S & 2 ,2019,29(9) :35-39.
FELZENSZWALB P, MCALLESTER D, RAMANAN D.
Adiscriminatively trained, multiscale, deformable part model
[ C]//2008 1IEEE conference on computer vision and pattern
recognition. Anchorage , AK; IEEE,2008 ;1-8.

NI, B, A, 55, RIS IR SR (1], 3t
BAHLENE,2016,43(2) :1-8.

LI H,LIN Z,SHEN X, et al. A convolutional neural network
cascade for face detection| C]//2015 IEEE conference on
computer vision and pattern recognition ( CVPR). Boston,
MA . IEEE,2015 :5325-5334.

ZHANG K,ZHANG Z,LI Z,et al. Joint face detection and
alignment using multitask cascaded convolutional networks
[J]. IEEE Signal Processing Letters,2016,23 (10) ;1499 -
1503.

[15]

[18]

[20]

[21]

[22]

NAJIBI M, SAMANGOUEI P,CHELLAPPA R, et al. SSH:
single stage headless face detector[ C]//International confer-
ence on computer vision. Venice : IEEE 2017 :4885-4894.
HOWARD A G,ZHU M, CHEN B, et al. MobileNets : effi-
cient convolutional neural networks for mobile vision appli-
cations[ J]. The Computing Research Repository,2017 (4 ) :
1-9.

REN S,HE K,GIRSHICK R, et al. Faster R—-C-NN ; towards
real - time object detection with region proposal networks
[J]. IEEE Transactions on Pattern Analysis and Machine In-
telligence ,2017,39(6) :1137-1149.

CHOLLET F. Xception :deep learning with depthwise separa-
ble convolutions [ C ]//Computer vision & pattern recogni-
tion. Hawaii: IEEE,2017 . 1800-1807.

SZEGEDY C,LIU W,JIA Y, et al. Going deeper with con-
volutions|[ C ]//Computer vision & pattern recognition. Bos-
ton;IEEE,2015 :1-9.

SHRIVASTAVA A,GUPTA A, GIRSHICK R. Training re-
gion—based object detectors with online hard example mining
[ C]//Computer vision & pattern recognition. Las Vegas:
IEEE 2016 :761-769.

CHEN J,RANJAN R,KUMAR A, et al. An end—to—end sys-
tem for unconstrained face verification with deep convolu-
tional neural networks[ C]//2015 IEEE international confer-
ence on computer vision workshop (ICCVW ). Santiago:
IEEE 2015 :360-368.

YANG S,LUO P,LOY C C,et al. From facial parts respon-
ses to face detection; a deep learning approach [ C]//2015
IEEE international conference on computer vision (ICCV).
Santiago: IEEE 2015 :3676-3684.

YANG B, YAN J,LEI Z,et al. Aggregate channel features
for multi-view face detection[ C]//IEEE international joint

conference on biometrics. Clearwater, FL . IEEE ,2014 .1-8.



