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Abstract; In order to improve the vehicle face recognition accuracy in traffic videos under various
illumination conditions, a vehicle face recognition algorithm based on improved nonnegative
matrix factorization (NMF) was proposed. The vehicle face image and license plate information
were acquired after image preprocessing. The original feature of vehicle face image was extracted
adaptively based on the special illumination condition. For the importance variation of different
pixels in vehicle face image, a feature dimension reduction based on weighted and sparse NMF
(WSNMF) was established. The vehicle legality can be defined by determining the similarity of
features and the consistency of license plates. The experimental results showed that the proposed
algorithm has better recognition performance, and genuine acceptance rate ( GAR) and false
rejection rate ( FRR) can reach 0.987 5 and 0.04, respectively, and meet the real-time
requirements.

Key words: vehicle face recognition; video processing; license plate recognition; nonnegative
matrix factorization; sparse representation

GBIl B) 4 e AT AL R AT 9 R A2
NI, B PL3h 4= 80 e 536 %2 < 1
A IR B B 1 R, N A PR AR AR
CANRE 2 2K, R, Bt — AR BE AU S A6
7k BAT L

UTAFESR , — 2o 3 [ 58 42 R ) A 3 20

KB 2018 - 12 -04

VAR PS5 T T AT 5 . — 7 T Ay B — (R R AR AR
PRBCS PN B AR A JEARFHED
SHERFIES O AR 5) — Ty T R TR A 2T 1 T
TS AR O U T IR
BOR. BRI, — B8R AR ER T 42 B 5 B AR B
AR B e B, BB 5 2O N =%

E€WA: HRAKBFEERITH (61503274,61701101) ; FZK &SP A TR (2017YFB1300900,2017YFB1301103) ;
W BT R R H (17 -87 -0 - 00,18 =013 =0 - 15) .
EEE T AR 1975 - ), B, L TATEN RICRFI B4 RAEUR (1960 - ), B, 10T K&EN, RIEKFEZ, L4

S,



%10 &

B AR KT BRIk i 4B M5 R 60 SR ) ok 1377

e, K2 O A FIEIFARIEATHE , M4 SCRE-E XX
(B TS FH T4 I X IR X6 4 S e 2y
[, narsd o B 4 -0 30— 20 A o BRI
JRCR S A BEAS TR U0 42 1 O . H AT, 78 H AR
RN T L R AR TR S A s
LRI A3 AT b S A A B R AR
s e 3

DL AR SE BRI R 4 I i B ol ) P
JCER A RE R AL, AR I B = A (O T 43
it I BEPEMR AR ok U, TR DR ke =y B SOAR
MERE AR, R, BT T — o't R i S R A,
TR T e Gt B4 T — b T AR R £ AR
[ 43 it ( weighted and sparse nonnegative matrix
factorization, WSNMF) [ 4= 5 15 51 5 3. SE 50 56
R, TR 5 T LASRAS B0 0 AR I R A8CR X 1
LA R A AN AR RO W Rk LR AR
W 1 R,

1 HEEiRiEE
Fig. 1 Algorithm flow chart
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