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Abstract

Facial recognition technology has received extensive attention and massively developed in recent
years. Facial recognizing with a traditional feature extractor, such as Local Binary Pattern (LBP),
leads to a strong demand for massive training data. The size of the training model is easily affected
by the amount of data, which prolongs the computing time of the face recognition system and affects
its efficiency. A three-stage tandem face detector and a face recognition method based on the Nearest
Feature Line (NFL) are proposed. Feature maps (FM) generated by the Convolutional Neural Net-
work (CNN) is used as the input data for the tandem classifier (Adaboost). Through the analysis of
experimental results, the proposed method can build a fast face detector with fewer weak classifiers.
In face recognition, a recent feature space transformation is proposed. This method uses
point-to-point, point-to-line, and point-to-surface vectors as the basis for covariance calculations.
The matrix has a better feature space, that is, this feature space is more general and representative
than the feature space obtained from the traditional point-to-point feature space. The method was
applied in the actual detection, and its adaptability and accuracy are better.
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1. Hl

BEEDER D, AN ANRTF ARG CEW &, WFIH PDA. tHEHL, BIIAERERETFHL. &
REFR. FReIREE . WSRATA R TERESE, AR L= 5 & RS, FHXTHAS N B R 5E
R 2 A MOk B B B ISAIETE S B2 A U0E E— B EM SR, Mk, FIHEZ AL
fath, HBBG A=K, 5ARUEAFRAE. AVRHERE. DURCGEAT SAGI0E, UE{FI0UE A B AT #55
B UE— Hag A Bl N 57 BB E W 208 R AME 50 55 10 i gk, Bk EH SR IGIER H 1. 49
RSO H W A 8GR A ARG 7 S0RA . MLAIR A S, AW E 32 B A B A5 v —
IRMEFR BB ANEMRIRERIN, BRI A VDRRAE 4 R A B %5000, A NI TR0 e FH T 22 R A0,
M AEE, MRS, 2EAEHE, HAEAT ZHRAH PraasE. AR5 R AE ¢ f it F e
THENUL L b— BN S 3 TRORE T, T B AU AR i) 2. B CHE T2 FHIRE &M
JiEREAT NI BRI 5 300, DO &, H AT Adaboost &) 72 T &4t . —RAETF R NI
KRG, BT IEfZE LA, MR —MREZENHERZE. B LR Adaboost £ & A Kk
MFEEE, WR A B> RIS KA BT, WA RGNS R LR R Mg E
Adaboost A AT 2, I8 2 UK sEAG NS, AR5 LB — AN 55 4 ST 0T 1 ey N\ EHfs 1 4>
KAy, BRI mEMIT A, HMEE B AR RmEs B migdfEd, mAr
BFEAR NS — NS EZE R M, AR AR RS R G DUBU 55 40 S35 R A B H 0CR
pli (VB SN R E S ettt 1 1 B2 8 = R DAV 0 01

LR M £ (Convolutional Neural Networks, CNN) & A G 1R 531 75 T 5 i — 2818 FE 2% 2 71 [ 2]
[3] [4] [5]e ¥ARFEZ:2)J7VER) BRI R v FHOREHAE RN SR, AT 2 B0 I ZRE i B0 AR A A
FRAEE I NI ZRAE o X PP IEA TR EE BRI RIA RIS R 2R 0 22 S (bL e R L 23 TR RS . ARl 55 fa g

il
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(RRF B AR, T2 BT LA ZRECHE Hh 2 B e AT VR B 2% 20 5 16 1) 2 RO e A 7 248 FH AR R i 2k
PRI LS, T Hoax S 45 v 75 Z A& R AR b, AT A2 AL B R 8 Wl AR AR b I8,
— e 5 AR NS R I K N IS B 2 O A TF, ATl SR IZE CNN BSERL . [ T 2% 3] HARAE,
P22 D) 288 340 ] DARE 4, FE T4 )1 ko0 28 25 BUAS FH E B2 20 J7 7% - CNIN B A A 2 i 3 i il IR 1K R 45
o s GAEAT H e R e iR .

TENGREFE R, AR SCR A 7 CNN B2 AR [FRHIE LS (Feature Map) sk 4 N A U 28 (0 4 N [6] [7].
T M SESG 45 AT 50, BT H B 7 VR RE R D 10 95 2 28 2 Bt — MR I FE AR I AR 38 . 7EN
FRE VR 5 TR, T2 3l E NG R ) A AR 5 AR A 2 T 2 4k 9 A T [ SR PR N TR 1Rl o R 3 . DR DL R SR A
B ke s m . o, FEARIRANRAE T, $et T =B B IRBImAR, 55— B SR /N
O NIREEAT AR AT A, BOR ARSI A Z T X3, #3578 55 — I B ol 58 — B B A s A5 X
5 AN LA AR, DUBIR] A AN 52 6 48 A8 A 52 e 1 X3 BR 32 s iR a2, i 26 =B B U 49 331K 5
o BATRAE S e, Bn, K 5 AN AR EE S DUy a5 B s 2R EE R e i EARFAE 2 1)
RSy, ARSCRARH T ERRAE A (R, BRI A R R AR B A RUBIER AR S AR
PRSI 1) B AR LA e HOrh S A, PR R LR e R B B B AR R A B, RIVARRAE 7 ) A
Gt 13 B 5 T SRAS BARFAE 25 (AL FE 5 B3 o R AR RS B — it S AR .

2. PEMrE B R RS 2%

BT R GF BN ZRFE AT AT BE AL IR H SR N A U 285 i A I AR, (LR I S A 858 rhovt — A RIHg
DO YIRS RS2 AR Z R SR W B AR, S B AR TC A AR SR A A v i, T AN B R AE B s
b ) R IUEA & P AT AR 1 (X 2R A EEGR H BRR o B AR AR, it AR 1R 0 =2 dee A7 Bk A 1) A=
WO TTEZ — o NREG TR R BFE L A R, ER . JIAFRMARERE. K1 4HT
KECE LR, RV 2 S P S PR R AT AR EE, SRR Se 58 B 32 ) 1) Mk 75 Tt K o B AR 4K
FIRZ I A [8] [9] [10] [11].
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Figure 1. Natural facial image of typical interference
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Figure 2. Process of convolutional neural networks

2. CNN %243

MNEARAI R A LR O R A T BRI, MG 7RG T N L RRAE (b i A SO A &)
EHLER 5 ST BR (B 3= a3 0 #r . etE 5 o3 B S RE i B A o N LR THE L RIS oo AN ]
AL AG BRI RAAE SR AR R AE R, X AE AR 25 (A 50 U B A0t S0 S X B AR A SR AL IR 2 R D0, L dn e
RS AN FIAERE B 5705 RERIXT A REFA BTV BERIO AN A YIRS PRI 5 15 . Bt 1|], A8 i NS
W T 0 O AP 5L T B BN N 48 (CNN) IR FE 52 ) 5 % o IRFE 2 2 7 i R AR B2 e ATl FAE
KRB AR AT ISR, T 27 2 B RAE X SR (1 S FEARRAE . 4 B el K &= B A N C ik
W FEE FTCEE B R R NI BE 2, X S SR AL & T B STt SR (R S PR AL A . A X e 5 )
ZrIGEET CNN I AR vE C &SI T A% m AR B, R AT RE 05 22 B MG e i (RS 1iE
NI REA I 8 DI 2ot A2 P (8 FE 0 ARG BT S B0 1 B st AR e o Ak, IR BE 28 ST IRAE T 5
MURRL B 77 THT A W75 5 AR 7E g N JRE 1R Sk 2 iR R BRI SA) CNIN B3 T phe v 22 JL BT SR B AT
%%, Hehn HARRI ARG L SRR R RS T R TEEE[12] [13] [14] [15] [16].
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1) AKAI . AR gs T FHREG R NGALE, A AR, whk B ik AR i FHE
PIAsAR . W 3(a) BT

2) AR5 AR 55 1) B AR A A — 20 A7 T B A [ e A7 B 1 2 2% R4 iR BT AR R . 3
AN AR I T EAE A — M SRS R T — N RARE A, TEMT R 2 4EXSF b, Ry S48
EESH ARO[ 3(b)FIE () Tk T H—HS% i ARER. B8
F4 1 3D X 5 HIRAE RE S TR Ak, B NI P 228 34 U 8 380 1 T8I [ T

3) NRAE. ENKRIEN B, N EHR IR 3 (8 S e 4 sl 55 s Bl 0500 RS AE 1) &, X B R
MR (template) . FRAEIENL R, [ —A AR A NG HS BLZ MR 2 AL RFAE 1] &

4) NKGUURC. £ NG VTR athrh, WA 22 b AT LB, AR B — AU 25, %50 8
TP R TR — A AR A Re .

(a) N JEGI &% 3R B 1) 1 FAE (b)F(C)Xs 55 I NGNS % R

Figure 3. Face recognition and alignment
3. ABIRBIFIXSFF

AR CNN AT LLYIZR H — AN R A%, (2 i T B M 3R A A T R DA & X DA 2 S,
AR EMURKERNSEAE KR LM, DUE T BRI B . 11 17 LA B B 20
71, Viola P(2014) 2 H! 1 2 43\ id i (Cascade Classifier), & Hi%4 AdaBoost kil 25 H il 2 AN i 2
FRFTH R A, BT SR U I R B ARG XA 2, Wil 4 B, MRS T
REAE B NN A7 B PRI HAS I 5 P AN [R) /NI AR, FE4 T #5248 (Integral Image) ke pRos v 54 A2
/NP (Haar-Like)FrfE1I{E . S2R Cascade Classifier GEHUE HA RS I 2K, 1H'e 75 A 2RI A 34
BE 2 KR IR A B R AEH0TT A s K o BRI WULJ(2018) 32 HE 1 5 — AN B bkt 45 40 126 B 550923 (Forward
Feature Selection, FFS)SKfif ¢ FiR i) @, HIZ5-4 T CNN AERBUAS451E 5 Cascade Classifier HiE 4> 2
(I 5) Ak s, $&H T DL 18] 22 % (Coarse to-Fine) WAl NGRS, JFLL FFS MEMIZREE, DLES
N PRSI0 0 R 5 A 4 2R S N kit 1], H RS2t B 6 BT

Train all weak classifiers |O(NMTlogN)| Train all weak classifiers |O(NMlogN)
¢ ——
T Add the feature with T Add the feature to
minimum weighted error |O(T) minimize error of the O(NMT)
to the ensemble current ensemble
T
' 4
Adjust threshold of the Adjust threshold of the
Ensemble to meet the |O(N) ensemble to meet the  |O(N)
learning goal Learning goal
(a) Adaboost (b) FFS

Figure 4. The comparison of Adaboost and FFS
[&] 4. Adaboost I FFS EE#
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Figure 5. Cascade classifier cascade classifier
[& 5. Cascade classifier 5Bt 4y 3558
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FEBINRFEMLS FMs ¥/ Coarse-Level Cascade Classifier fifi N, PAF] T AN R G ik i3 B e
Rl 2 TSR FH DLUR S N N B> J5RE JISE SR Fine-Level 2)2Ras i )o iid g, & BHBEERE
% (Clustering Algorithm)# 5 5] T B il 45 5 H- M Br b S B s /b NI, DAAS B fa B 45 2R .
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Figure 6. System architecture
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ASCHR — NRAR R G S8 WS 7 Fros, o H KR A BERROGE SR S APl R . £
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Figure 7. Three stage face recognition framework proposed
7. RE=MEE ARIR A5

3.2. mIEFHEREFHE

FEARSCH, B0 =B BN TR R 5l B2 v o B S 0 2 [ R 4 B — NI B, s ) e s g AR
ST B I REAIE 2% [F) 45 (Nearest Feature Line, NFL)Z»28#5 B FH B 2 () #e 4. BT NFL &AL LRI 7L
oI B 23 8RR T 4% 45 1 el 4T 1 (Nlearest Neeighbor, NN), 2R T, & 8k 5 A 75 Bk & (10 B xof it
), PRIEASCTERI NFL AR & L 22 4 () e 2 v, 48 NFL A0 AR RE P AE 2 ) 4 b, LR L sy
DA F A ) NN, BRI A BEAZ A NFL AR AUORBE ok, SCREBEAT LT IR 8] BRI NN R L XS e T
KRB RGUAAR A ] 8 R

Training R PCA Dimension _| Nearest Feature Space _| Prototype
Dataset " Reduction Transform | Embedding Transform "| Proojection
Testing N PCA B NFS _| Prototype
Samples "I Projection Projection Matching

Figure 8. Flow chart of nearest feature line transformation
8. RILHFHE B #HRIZE

A EFHET AR S NFL 708 50R, T N R0 25 540 b R4 AIE 22 (R B ik b AT o, R
F NFL A Laplacian Matrix 553 (550G, $ 1 — 250 R B A B ARRAIE 8 () A 40 280, i 9 oR g I
71 B I S B2 P B 2 A R s 4 i B 1 B 5 aUHEAT AL 22 (R #5488 1% 48 Laplacian Matrix
Projection fEHEATHFIEZS (A FEHINY , e Mok BRI 8 F A 8 B ) R el R TR 1, AR T RS2 K NFL Y
SR Laplacian Matrix 5, SR 2 DA B AR M RUBER 1 ELER BT R 1) B 2H RO A B 5 i
b B A4 TR T AR Laplacian Matrix 37, PR IANORT DUREFEASLE B A5 (R R 40 R 5 B OR B SE AT
B R REAAE SR 2 (B IR AR R R IR B o AR (AR I Rt AR v, Wik — P FR ] i 2
R BN e BT B 2 v 24 2 A £ 0 B DA R BT R AL 2 (R e O B, RN R DA AU mT DA S
AN SIS BN R R, TOAE 2> RSB Boh, R SRR IZAFAE 2 18] op DA GE R NN 7332647 LEx BT
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Figure 9. Strategy nearest feature line

[ 9. HHEZ E)4E R IR

EVE M E R T, BEE N MEAR S, B eERE R A 2 B — R e R A Sy, , T A E
REHE 2% [R) PR B8 T 52 SUA ||yi —fP(y, )|| o o R p ANEEARFIT R AE A Rl (B p = 2 B, R
NER), T EP(y,) Wy, FEARHE T8 8] B A IRy, R 3T CF L ANECR AT DAEAT #5251
R BRFAE 23 8] B0 BT W B 1) 2 R AT LA SR vh B0 R % (Scatter Matrix), AT Scatter Matrix
(7720, FrZz N NFS Embedding, #:3 7] LAEENE B Rl H bRk 0 R

F= XS (- ()w ()]
F=X (-1 () W ()

ForBCEAE wP (y, ) T BAR SRR iR BIRHIE T 25 (7] B35 L2 R IIESS IR, 1 Rt s AT,

MM 0 MIFRRAK ZFEANE . H 1 LR A 1 a5 AR L I HRE s BT B [ & AR N LA S 7
75 i 2 RoRFTA 1 s 5 AR RIS s BT R Il & 7 DUS AN 249 P =18, 3 1 BRI Xk
P4 A (Locally Linear Embedding) 1) H #r g 5K, =l 2 BN X 38 R B 552 (LPP) 1) H bR i X RFTEERIR,

B WP (y, ) FTHE— LA—A N by Ne FUFEFER R, BI04 P =2 1), y, ATDERE ) = (N -1)(N -2)/2
AN E BRI I, AR X, X, X, X, 5 X X, —AHER, X, X, , XX, 5 X, X AErE. 55
DL P=2 [ g 4 B RS AE 4% ) 43 DL Laplacian il 308 Rs . B S B0 12 (v, ) TR R ALY, 5y,

€]

I SRR N
frr?,n(yi)= ym+tm,n(yn_ym) (2)
/H\:EP tm,n :(yn - Ym)-r (yn - ym)/(ym - Yn)T (ym - yn) Hizmzn °ﬁzﬁ)\}\z£ Y ¥n @J"ﬁ‘ Yi %ﬁiﬂu%%ﬁu?
Vi = X0 (%) = Yi —tanYi +toa¥n 3)

1-t,, =t » AMCL FFE Pkt K AN RAEZ N H AR 8 2 (1) AT AR
z[z(yi—fnf,n(yi))wﬁl(yi)j =WTXLX W @)
Hrp:
2) 3 1 m=#n

W (%) = {0 otherwise ®
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=3t M#EN#i

M, = sz: " (6)
0

otherwise

ity = (X =X ) (X =X )/ (X =X, ) (X = X, ) B My =10 5307, 44 FRRERE Fo S) R
K ATEE, Hrf g — A n 2R S EIH K M RIE AL B 8T 7, Gl — oA M, |, ARE X,
FIBATRAEL X, X, imn=1- N, izmzn, KRR Hbm =t HY M =1, HitHREEL
Fo AT AR AT

>3- £20 (%)) W (v) =WTXLX W @

A Laplacian Matrix #75 i #l| Feature Space J&, i n] LAk — 2545 2 & X )5 £ 1) Scatter Matrix, Jf
13 B B J BRI 25 (AR e O, T ASASEHR ) B R R — A — Mt i =, ki@ X Be s Laplacian Matrix
DA LLE Hhfg B BCEAE M DL WA A EE A AR B RRI RO B A, AR ZR . s BT DA K R 3145 (]
PR RIL, A ihie, A R — M@, thilstEesk i Laplacian Matrix L LLE # M
PAK W ALEAE, T A B AT AR B S BRI R B s B s B DL R s B S ] e &, O
HE— 203K H A XS B Scatter Matrix o

AR SCHE HH IRRFAE 2% 18] S 4602 ] ] I A AN RO O AR Al A A8k A SR AR s, LB
TEHRR R NFL N Laplacian Matrix Sl , GR—ANMREE S R 3oL, TIIghad fEd, RIS
B i HL T W O 2R A R B3R Y WithinClass Scatter L A Between-Class Scatter I 3K 555 5
B, IR B — 40 B BT AR B AR 25 (8], AT DAZEARZE 25 [A] R A R IS8 T Lo &, 1 #2850 1
FEARTMREE 1R 2 0] 4R AME B DA S AR DG 2R, DR b — AR A1 2 ()2 AH 240 A F R IEAT 3 R
ST, BeAh, B NFL 7E2028 ERAR sl N B ARRAE 2 MR N Ghid #R f5 . THREIE S 1A R 7 BLNIN 772
HEAT LERT BRI AR A G R RE /0, PIRIE T4 NFL ZEREAT XTI i 75 22 ) I ]

4, SLIGEER
LESTIRS 4> ST B 1 AT N TR s Ak BT, 35T 4 AT e, 6 1.

Table 1. Detect of FFS, Adaboost algorithm, and three stages
2 1. FFS. Adaboost B ARIELHAI=MER LBER ARQNEE MIT Efie

Bk RIS EER AR AL FRIESL
Forward Feature Selection (FFS) 90.25% 99 3932
Adaboost 91.23% 86 3132
EXIEINra o7 94.17% 82 2042

Figure 10. Face detection results and test results
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