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Abstract The proportion of traffic accidents caused by driver factors is high, therefore, it is of great significance to
study a recognition method for the correct identification of abnormal driving behavior by analyzing the driver activity
state. We propose a recognition method of abnormal driving behavior based on the covariance manifold and two
classification of multi-class LogitBoost classifier. First, we extract the basic features, such as texture, color and
gradient direction, to overcome the shortage of recognition of driving behavior based on a single feature. Then, we
use the covariance manifolds for the multi-feature fusion to eliminate the feature redundancy and reduce the impact
of image processing and recognition due to excessive differences in numerical values of different features. Finally,
the classification and identification are performed using a multi-class LogitBoost classifier based on two
classification. The experimental results show that compared with the traditional multi-class LogitBoost method, the
proposed method greatly improves the correct rate of multi-classification, and the correct recognition rate for

different targets can reach 81.08%.

Wim HE: 2018-04-23; 1EE HHA: 2018-05-14; RHABHI. 2018-05-29
HE&TB.:. 24EBAHE AR CYEKL250401)

“ E-mail: licijun@sia.cn

111503-1



55, 111503(2018)

ANSHBIFHRE

www.opticsjournal.net

Key words machine vision; abnormal driving behavior recognition; covariance matrices; Riemannian manifolds

OCIS codes 150.1135; 100.2960; 100.5010

1 5 El

MR R AE R et b, i 870 Y IE
% A2 30 5 2 e SRR R R Y . IRAT
il 2 B 33K S 4 A 0 S 5 DR o R ARE R A i 1 R
)5 2 Bk R AT Bk 05 B gk, DL R Son L 2
LB RS AR R,

KT 55 2 B AT R R I A 5T e R R IO g
A7 R Bl 0 75 =X AR B A3 SRy R 2 ) 2 0 R 4
o TA] 4 Y TR 7 TR 7 T % A2 e N B T i
I R U L X T B R AT M A RS I R 2
B 38 0 A S B0 AR AR 2 ) SR S A B AT
R AT RN 5 B vk o R o A% R B A R
I b R B b B B2 b A A ) B ek T B B
2 AT O B Bk A 0 AT BOIR AS SEAT A DN 43 A, T
FEVE SRR B0 01 S 0 25 Bl AT Ry I A6 RN 2 1)L AR
A I B A A T B A R R A A AR =K
PR AR K 8 B2 15 0 o FH 328 0 o 4 32 5 b
i . Bouttefroy %" 3 52 43 M 52 B 35 B AY 7= 4 4k
W REF RS SRR RBENLI 45 & 40 IR EL
It A DA, xoF DA G 22 ik S AR 1 S h A Bk AT O B
A BIFIR MR . Kimachi 25538 o 40 8 4 90 508
) G T 51 AR HE 22 3047 3k 1 23 ) R R A HeH 2
WHEAT S H A AT N . BEEE N D E X S 5
G B R AT 53 AT SE 0 X IR R R LR AR
NSE I AT PR A S R AR S AT R AR 43
B, Bt 7 HAT 22 3004240 R S B AT S RN RE D Y
RO B3 BN A2 0 S w0 OB | S R | R
Sk OB EGEH TN R R R T AR Z R
ek, Wt TERAER. ME2KRENMN RS
(GPS) it 173 4 TC 2k I 55 B (GPRS) 52 1) 5E o2 42
A H B A 50 & 38 i 4240 & FHL GPS $4i H 4%
WA A AT TR 0 R D0 25 ik 7 72 BRR 2 B F 5 A
R L, Eren 555 3 3 1 FH 4 g 4 i 1) 2
DL B, S5 6 0 3R T S B SR AN 55 i 1 2 B0k T4k
23474 . Mohamad 46" i 1 8 42 % GPS 1y 5E
BLSHL, S5 6 I A% IS 55 B B S B AT 5, 58
B/ DN TR~ 1 A S VR = 1 (R LI
Castignani 53 2o 8 2 A8 2¢ o 1 5 057 $00408 55 30
X A G IR S AL . Amin N0 38 o 8 E
L2 80, 45 6 o BE T E Y 6 2 80, L e ik T

GPS 48 7T fie 7= 25 /Y 1] W7 ok 1) 52 )

FILF T BB ALAR B AH O B2 AR X 5 5 28 B AT R kAT
PR Y T 1 R B T B AT A AR A S Y
AN T BTN B 57 A AT A A ik %o T A 5 1 J
PUIsc/IN 2 Y I 5 2 B AT S RO A I 7 v B
S I S I B B R 7 6 . AR R N A AR
22 235 ) FH G Ak BB A S0 2 i 53 25 3 £ 7 Sy Wi 4
17 1TSS E 90 R T8 B Be 0 22 b 1] 145 3 B T
TP 0 U R A A AR AT LS ) R
AT Ry 55 PR G T b 5L AR LA A Y B AR RS L TE
Ep R R S AT IR G LR R — R
PR

it FH 145 b 2 AR U B AR BF & — Fh i i
A3 AT 2 B DR AT IR A DT XS S H 2 B AT S AT
WE BN A 2 0 TR 5 i R BT SR S B AT
Rl R A8 5w A R . [FIEE, i R
e B IR 9 AR RN B3 7 Al 2 G A B DL 4 27 2] A 3R
TR ) 2 BB 5T 5 el AT . PR TR O
T VRS — e B S N TR Bk A R A
YN T 5% . A48 T I, A SCIE B2 3 5% 1) S5 2
AT AR A BTN 4, B TR 4R — 25 ] LS B OE
P S5 B AT A B BHUGR M AR IR A 52
XoF IO B4 A I R 4

A SCEE W — BB R T B Oy 2= W OB M
LogitBoost /A2 (1 22 28 S 1 2 B A7 R R vk,
TG R HRIZ Y S 3L B0 R A B ) A L AR AT
DA v R 35 1 B — A A TR 25 B AT o BN 5 AR T
M7 22 IR JF AT Z R E R G &5 ]
FTF R £ 28 LogitBoost 43 28 % % 5 8 2 W F7
R AT A3 SRR A SO DA Rl R AF 4 B
FRER G . 228 LogitBoost 73 2es F T /2K £
Oy SBAR DL RSB L LA D T A AR T .

2 FEARRRAE R HL

TR A TS E BERZ , BIUA AR AL ]
B — Bl RFAE AT FGR B X 1B B0 SR AL A B8 42 i
ARAT AT REAHAS B fi A6 A TR0 A0 L T 38 B 22 7o A1 0L
FEAE A S B Bl R AR R R AE RO B DX 3 S WL AiE
AR A S st AR RS . S e S R L
PATR 3 AR AR A D DA AT 541 B4 56 At 5 AiF o 2E 47
AL

111503-2



55, 111503(2018)

ANSHBIFHRE

www.opticsjournal.net

2.1 BB

B0 R AE 2 0 R IS )2 | e Sl 1) A1 O
fE . SEUf A4 185 02 RGB B %, &t —F =
R ER A JE R R Z B 6 RIsER,
o SR RTINS N L) R O G S i R L L
—EM AR AT MR I EI R AG R, &
ifi» B F RGB B e 25 1] () = 3 a4y 8 & 2
BFR L G ZB R EN T, & — M AR E 6
23 () 455 Y, PRt A PR 3 B Bl A A B
RGB ## 5 H Al R 623 [ L8 AH L, HSV B @
BRI 3 ARV LB M L — SOk R0 58 M A X AT
T3 A S B AT Ry R B EREAE L BT DL, T SRR
AT RGB ¥ (4 EIR 5 45 3] HSV %5 (8], Jf 38 i
H .SV Zr i iF 17 B0 SE Rl R AE i SR 1,
2.2 SR

gHEEEYRREEAGYNEREZ —. L
VO AN 1 Ji AR 0 B A B e AR AR R A
MRS TCI W) A B R TR RUBE 4 SO
BARLZ AR50 . K PERE R 4F 9 Gabor 1§
P AR SR B AT A PG 1 SRR

— R LT . 4k (2D) Gabor JE % 2% 14 FH &
PR g (s y ) VE I PR
e i P |
Ko, R 2 MR ERE .0, ERiFy
Bl 1) B RS R KL

X RUBE AT 440 T30S0 A AR 4, T DATE S AR A —
4 Gabor /N, XHEKE I (x,y) i Gabor /M Ab
BRJS AT DASRAS /1N 720 e 3R B0 S LR Y B Ry 25
FEA S AL 4 AN D5 AR B 4 4R Gabor SUHEAR
fiE ) 2
2.3 MRS

TR ML A7 A R A 2 3 207 BRI X
R FEAT ) A 2 TR EGAE 00 B 4 5 W B 1R
s R, AT LU 22 53 05 AR I 2 AF S T B T R
KA R b B B6 AR B B AT R AT A4S
B R 2 AR A 1 DI, — i, I A6 32 AT LG ok
W 22 50 4R 15 .

G(xsy)=dz(G.j) +dyG.j)

deG.j)=[IG+1,5)—1G—1,5)]/2

dyGa.j)=[IG.j+1)—1G,j—1)]/2:(2)

dy (i ,j)

dz i vj)
Ko I REMBGGERECN HSV H) . G.j) ABRE

g(x,y) =

¢ (x,y) =arctan

WIS R 2 g R AR
3 ETWI7EZ R R IERLS

38 2o AR Ty A B A BRI R AR SO R AR
FIER B FRAE 22 (0] A7 7E — 22 B9 AR Gk, SR 1 3L T 4b 1
EHz M EGRKES . RPN 22 08 X R4 17
il G B 8 Ak W] LA A4 BR R AR T AR [ B R AR AN
IR R 250 {H 22 55 0 K W] R % T4 38 A1 A S 19 52
P J7 22 4t 34 1 1T LU R AE R 4R R X T e R
S R 4 N AT R 1 3 P S [ S R AT A8 %
TCREAS AL BTl Sk W s2 e . R 3R U 7 24 R T,
A PR ARG P R AR R U Oy 22 3 iR L R
MR E W/ T R 2 R A TR R L O
B[R] SAS X T R SRAE SRR il 1 S5 i PR A
e w B AE .

AN T 2015 2 XA AN TR 6 G 28 1) G, DR I
K KR o3 F) il A 3 50 ) B L B & 9 REE X B8,
XF T BN FEE XU P 07 22 4 ik 118 0 AR 2 8
TRHERL G o 0SS, B AN A B DO I 1Y 0 26 A%
B E G T DK, th RZHU R E I E
L REE R,

3.1 WhAERRT

EUR B B I Z iR 7 9] 2 T 2006 4F i
Tuzel % 4 09— A8 A8 F AR 4825 H ARk
5 H b B T R B A R A A R RS,
ER 0 B 7 22 4638 2 — D RE 5 RAE ) R X A
AR RV RFAE 2 18] 5 2 (R B 0 22 40 FE T

&1 A—Ig RN WXH BEG IE2 NEG 1
TRICE] Y WX H X d AERRHEER F T LAZoR ol

F(x,y)=®,x,y), (3)
PR gL @ T DL AT R — b AR 4 0 455 IR S 4
R bR E B 5%, WK1 iR 7E F P iEBEEN
— MHEIE XU R RRR W R WY 7 2248+
Xy Al R A
Xr :sil 21 (i —pr) (i —pr) s (D
AP pr AR PRRE W S EE, (=}, AR
hd QA RER LS s IR NITA FRE AL
AN, R GO B 7 224l A 1 B RN B T AR
TEAEEL, 5 R MR/NTE G, PR R v 4 4 1 A B 1K 4
JERPERT. X BAG B AP 7 2158 F Xk X A4
RN BEARHIE I 7 25 AEXT 1 4 R FRAE ] A AH OC

AT LA 38 2 B 7 22 4 R F X BHR XA T

iR BA WL 1D RN IR R/ 56, RE

111503-3



55, 111503(2018)

ANSHBIZFHRE

www.opticsjournal.net

1 R X R 5w 6

Fig. 1 Region division sample
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Fig. 3 Effect of basic feature selection on recognition rate
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Method Accuracy /% Time comsuming /h
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Table 4 Recognition accuracy of different methods

Method Accuracy /%
SVC+ Bbox+PCA 0.407
Porposed method 0.811
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Table 5 Recognition accuracy of different

methods for the same targets

Method Accuracy /%
SVC+Bbox+PCA 0.750
Proposed method 0.983
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