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Abstract The current research on vehicle detection is mainly about machine learning,but it is still difficult to deal with
occlusion and false detection. In this paper, using deep learning methods to detect forward vehicles is more effective.
This paper firstly adopts the selective search method to obtain the candidate area of the sample image,and then uses the
improved FAST R-CNN training network to detect the forward vehicles on the road. The method has been tested in the
KITTTI vehicle public dataset. The experimental results show that the detection rate of this method is higher than that of
the direct test based on CNN. The problem of occlusion and error detection is largely solved. Moreover. the widely used
method extracts the circulated Harr-Like features,and then uses the Adaptive Boosting classifier algorithm. Compared

in TSD-MAX traffic scene dataset, the proposed method provides a higher performance. The results show that this
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method improves the accuracy and robustness of vehicle detection.

Keywords

1 3l

T 0 G T S AL S IR T N 22—, H R IR
S RNE AL R B AT T 0 255, AR NS TTS DL & TV BiF SR
U BT RT T S AR I BB T 2 5 0E N T B
WESE N GLKE BILAS 2% 5T o7 B B0 43R I i i o B T —
1) 3 R (H B ITAIE 2RI O 42 SR I AT TR I AT 2 ) A S B
P 15 0 0 2 2o L TR S R 5 R R S TS L 3 4
TR AEAE K T R Y (] R, X E — B R RN T 3
Ao 0 AR T g DG P BE I HLR R BE X T SE A SVM B £
o 26 It LY Za L F T HILRR 1) 2 2 O vk o 2 SR 0 RE I O TR
AE T L REZE 3 22 2 BEOR ™, BR 2 ) B R $ 7 B AR
AT AR AT T BN AR . A e R 2 2T I O A R
Do) 4% SF 2 B2 49 F A AR B AT G AR B AR v AR A7 56
M BFFE 7 1=

R TP B ), AR SCHR T — R 3 T Y FAST
R-CNN [} ¥, Fl 3% 3% 1 38 &R (Selective Search) J7 ¥ 3k

il

A7 H R A SRR 3 & TR AF ST 1 (91420202 . NSFC61271370) ¥E [,
SEEER(1992—) & B4R, EEHFSE 7 ) B AR AL B, E-mail : 1247678671 @ qq. com;

E-mail : xxtbaohong@buu. edu. cn,

Forward vehicle detection,Sample image,Convolutional neural network(CNN) , Accurate rate

A5 A A ] A5 199 A% 30 DX, £ o IX 3 Al s 5 A A R AR — R
ABI W 404724 3 . BURE e 4 TR 6 FURl 2 I 4% 3 45
FIVRBE B BUFAE , R U5 36 F i 19 Fast R-CNN F 45 X $2 B
I8 % R X I3 S )2 A b A BURRAE L B SR S R AR A A
B A [A] 9 42 38 132 0 3, VT SRR AR A 43 28 LA R TRT 09 31 530 A 00 A1
AR . gt Z BRI iR A3 8 B U SR AL E 2
B A e I A B, ] %R U 7E KTTTI 4 4 Al TSD-
MAX 3¢l 3 5 808 i ATk, S s R R\, 50 A
V) S ARG I v R G TR O vk 1 M RE AR B T R R
VA ARG 00 ] A48 41 T T 9 A A i 3 00 fe o L B

2 BIEATE

ARSI P B8 H R AE 32 IBORD 43 28 28 HE I 2R 43
FE . B RR AR 4R B J7 5 A - Haar-like 4% fiE . HOG $5 1 .
SIFT FRAE . B 5 B 5%, % H W3 228 A Adaptive Boos-
ting SVM 128 [ 4% 45 . 3 FHLE 2% 3 19 05 i, SCEk (3 4
Haar-Like $1iE Il AdaBoost 8 N FH T 4 1iF $12 B A 3 2% 2%

BhC1958 =), HUR , T BERF I U5 0 o R AL B,



180 AN A A =

2018 4F

P 7O R I 7R A, SCk (6 142 8 T — Fp 3E F LBP 4R 1F (1
Haar-Like $E4 ) & B 4 I 557 . 3 Fp Oy 2548 JRUR) & — oo A
S CLBP) J 58 B % 09 5 38 20 BLFRAF 5 88 )5 4 R Al Adaboost
Ay A HEAT VN R L /IR 43 14 R AiF DA R B30 38 412 J) 358 80 3 R AT
Al BE B H R s B R A Adaboost 4328 8% EAT 43 25 91 BE B 4R
fE, SCERZE I A AR B AR B TR KA, AR
A3 BES VB b AG W A4 . TR A R SEU B A R R B
B 1) H 7 EURRAE (HOGOAE A T BRI 45 & 32 #F 1 &
HLCSVMD UITZRAr 2588 SE8L T BUR v TR AW, h T
TG R 0 R A B LR Hough 78 46 B4R K6 I 14 7 9 42
AL & HARM X, S04 2 B STk BRI A B K 4 B R
A2 % R U3 R T bR A e R X S OR
[l B PR LA R A & Bt . e IE SR IR M IR B R
96.52% R IHI A 3. 59 % ALFE A A2 A7 I TN 2 L8
R E . SCHRCS I it T £ 4k Haar-like $:1F LU J2 % 3 Ada-
boost Bk , 2k ST 4325 2% 19 YN 25, DTG 52 0 W] 5 19 2 4
R, 23 ] A Al X358 1 43 5 4 A Y 2 lane-edge i 5
SLH AR R, 5 G SR BL T A R A AR A 4R
AR I ) A M N ROR . FE TR 2 S W ik L SOk 1 4R
i 45 TR 22 ) 45 5L 26 2 00 T H AR 7 AR B B AU L 15
B 38 A ZE R0 D0 0 3 Bk 25 0 2 ABURD ok R b Y 1B L 3R
HT EdgeCNN R HESE . 756 i Edge box 5 P i BUE H
H G T X L AR B R o i IE L R AR 22 I A5 H
T ARG A 2 T 5 A L IR I R P K R AR A
F| Edge box 14k HUHE DX I . P26 1918 DX 3800 A B IR BE 2% )
W 2% R AT A 0 . SEEG 3R B L A% O IR T 2 A B v T LA
Jk I B R W E . SCEk[10] 5615 B ik X B4R
R 45 (RPND , P 1 52 4 [RIG S BURRAE 55 860 0 199 4%, S afE 47 T
05 ZEAAR I . SCRRCLT D4R T 38 0 R A A e I 46, S 0
B g — 25 Rl 7E RN LA R 46 R R BUA [R] R BE R AIE 5T
B 2% S U, 4R M0 G ARSI T 3k e At A2 8 T ik A A U
SE5E. SCERC12JBGH T B AU & M 32 T 5 — 2 B IR
A B 28 I 4% MS-CNIN, L3 5 43 i 28 30 19X 486 A ) ) 4%
VAT R4 AT 3R, S5 SR i e g I 4R
FHHAENFEMIT Ry m A TR KM, MS-CNN K 2%
BRI ik 15 Wi RP, SCERC13JRI M T Fast R-CNN, 7£
Yk VGGL6 M4} iZ 1738 % b RCNN 425 T 9 5.

ARSCEE 2 AT R AR OC TAE 58 3 WiEdn A
BT RTI4TN T SIS R A AT s
J5 s REE RSO T T R A R,

3 RHMTATE

A SCHRE Y — Bl ) T R AT 3 IX B FAST R-CNN
7 AR D 7 3k 5 3% 0 vk R AT AT B X el ] LR S v
W R A8 K, B R E R TR R kR
B T 7 2 A0 RS U0 PTG A 1 = T 35 DX L T A R 22 Y
25 1 I i A S i 6 DX S A B 5 BERORE A 38 2ok TR B A AR b
22 2% i 1 45 FRUZ A 2 S 3R B B BRUARAE s SR 5 A
Y Y Fast RCNN R4, 5 RO it Ak J2 BS 1L FR 1F 5 e )5
VR AR S A B 4 3% B2 )2 8 o T SR R AE 24T 2 2t S
T AE AL AR (E . Zad 2 R 3 AU 25, 55 15 BB A U 2R AT 1Y

A SHO E R BT, 1% 057 W 7 KITTI 445 28 3L 30
£ BiEAT TR, 5 2T Fast R-CNN W 26 5 42 46 U 19 25
SOV ST E . T HL, 5 832 A ) B2 B Harr-Like
FFIEJF B Adaptive Boosting 4338 &% (9 55 50 A L L % 07
BAE TSD-MAX 22 3 3 5t B4 P Wl v i PE e A BT 42 5
SR T X T RAR T AR DU 0 v R
3.1 BIAEHKRNMEERRE

ASCTT 5 A B B DR B B Ak o B . I R By
B, 6 WYIZRJE B 0 s 2 800 I 4% 5 0 A PR AR
Y, 45 SR T 4 50k D0 AE T 5 0 3R B B e oK R A A 42
R A R AR B AR I A5 . R L BRI R R A
W6 AR D ARB GRAEAS 5 2) 1 38 DI 2R 50808  ff H selec-
tive search J7 4 U A6 18 DX 38, ) 1 7 4 5 A D
BENG - B (B E5E IO BB I LW,
30 R FH WO 1 2 T DX 1 4 R ol 22 I 2% 91 A5 31 A4S IS
TRBERHIE s O 1l ] TmageNet B85535 9 2% 11 | 2545 FR o 22 0
ZRRIR, H BB AR S A SCYI 2R Y ) R 2 50RL R 5 5) 1
A MG AN 2 4 T T ThR FE A 45 28 il LA & Selective Search
T 7 A A B DX B A A A 5 e IR Y R AT 2 R 1
S o B 485 S v 3 455 5 0 00 7 30 5 24 08 7R 3 L A e AR A
6 1) I 2 000 A A X A 0 e e 0 B R A0 3K A B A
IR

L1 TR 2 ARG Y Bl A AE 4 g A R

3.2 & HmEaE

XF KITTI Al TSD-MAX #5442 (14 Y 2 Af AR 47 45 22 - A
FERIC WA AR Y A bR L B R AR T RE Y A bR H
P={x1.y1:22+y2} -
3.3 Selective Search 77 i%

i e —miE AR EH o B ER XL, RR N R=
(Ry Ry s+ R, b AR AN XI5 1 A AR X 38 G 22 AH 4R 1Y
B8O B AR B L A5 B — A 2% BORE B0 BE S I (R — A X I 2
[i] R — A~ X5 55 A AR 408 X35 22 ] 9 AR BLBE 7T 3% S S MR B4
o AR R RRE R X R R A X, 8 X A XA
— B ER AR N n—1 ARG EL FR SRR E T
BT XI5 e A AR X8R S A LR il R T
BOLVELZ W KIS H P 1, 8 B 5 A X R
B IR R — A A, B B AT T — 1 R, KA H
R T 1,
3.4 FARNGERMNBLSHNE

I VRS2 6 8 VR BB 2 2] Caffe HE 20 981 11 25 A6 0 2 H0 A B
> B T ImageNet 03545 T BN 2Rk AL 40000 IR 45 54
3.5 B#EHY Fast R-CNN B 45 #9509l 25 1 72

ASCHE S % B 84T T AL B AR A B4 X IR L R A I
Y TmageNet FCHE A 0 15 31 1) 0 28 455 70 1) by Ak A< SC ) 8% 458 71



5% 6A M

YL, L TR R R FAST R-CNN AT J7 48 556 46 0 1F 5% 181

i Rol 2 Z AT T A 2 . X I ZhAe A A7 ARV 2k, 159 3 224
KA AL Hod i A HE Bounding Box [0l )3 T 46 ) 4= 4% B
b BB TE J5 097 1 A6 BR 7 8. Softmax |l IHH TR MK H
B B9 CEERR 2SN SO MR THA . A SCT7 % 0 B 2% 45 44 4n
2 fiR .

B2 2 ARl 22 00 255 1A 25 4 &

3.6 ROIt{LE

Selective Search 77 v £ BB (1 45 1 X35 1 R /N #4824 [+
1, fE2 Rol WAL JZ 7T LU X i A B 4 — > Rol X4 B i
[#] 22 2 BE B 4R AE S DL BRAIE & 22 5 B A X 38 A 31 25 B % 1E R
A7,

AR S g A AN RE AR G A B o A 40 8 X3 ) A
B ] DU B 5 A A TGO R Y — 4R SR X 3 (Rols) o
Hp AEmiE R A R 4 Rols MM X an 3k 1 Frdl. &%
DA — N A 8, A RO R X Ik 4 A AR A b
Gy 50) M HE MY E (hsw) B PUIEH (w500 hsw) E X
Rol Jil £ 2 41 FH $5 A3ty A 445 AT 1 A5 2550 1) J 8 DX 33K P 14 R AT
i B A HXW B9 8 23 8] 70 B /N R AE o ], o H
W 2 S ST T AR AR E 1) Rol )2,

1R AR D A R 5 50

el /% 7R
EXiES 25 S¥ARMEEREL0.5, 1] RBAE
&% 75 H5HHES MR AMAL. 1,0.5) # # k4

TEU Gt FE s SC— AN BEHLES B T B (SGD) /N
(mini batches) , B H N ™ ER AR R 4~ Rols #4 il . 43¢
il R=128, N=2, g At m A 2 4~ B1RF 84 B
A 64 4 Rols, TEJ I f£ 4% it B & id Rol WAk J2 0, 4T %2
EAE G5 =X (D B .

c NN . . JdL
LS Sli=it ] 3
9 Vrj

dx;
Hofr, [« 1R M58 22 7 ROI 2 I a5 #56 B, 75 ) 7 12 5% 2%
F AT AT R RZ RO B M e KAE . a0 2 ) 22
HERZ RS ER LB R o,

3.7 %= Bounding Box [E] /3

P45 A A 2 D &R RS ROT X8 43 254
R P= Cpo» 1) 3 2) BF X EEAS ROT K3 AR 5 1 4t 2 44K »
= ) (O<RESD R Z ISR 2K B PS5,

RBEXT T 250 &7 FEE A kRE T — 4 groundtruth A&
bre" =t st) oty o2l MBUNE 2= (2, 52,5855t —HH
W b A AT T 3k L AR R AN

L (t,t7)= 2 smoothy, (t; —t;" ) (2)
i€ Curorh )
0.5X", [XI<1
Hrp, smooth,, (X) = - e
|X|—0.5, otherwise

3.8 FEHEMTE

ASC WM HE ) Fast R-CNN M 2% 38 i Softmax 43 25 Hl
Bounding Box Bl B G p X W H A S8, HT
Softmax 73+ 5 {F 55 Al Bounding Box [ 3 (1) fc JZ 5 %0 #r 1
ZEATF 0.001~0. 01 Z 1) 1 &5 391 43 A W) hR AL

CHE Y Fast R-CNN 2% 4 G0 5¢ 52, K 0 AR 24 T35 17
T 18] 1% 38 (BB R AR TS T30 ) o o0 408 K R AR RN 1 5
HEAR Y R A 2B AE 19 5 R AE D Ao 78 DGy R 8 R 7
2000 2277,

4 LWEERFMSN

2% 30 52 86 5K A BT A & 02 DELL precision ¥ 2% > T.
fEul 3 /E RSN Ubuntul6. 04 V&, 4 FE ¥ 5i y Python, 4
#£J9 32GB,GPU g NVIDIA GeForce 1080Ti(11G), fF 45
TR B R R T V8 42 3838 K2R N TR e 5 AL AT 9% 9T 42 114 1
2016 TSD-MAX 2838 37 5 B9 e . S5 3 v, of B s 4R 58 = 2
) E 8] B ML 2 S I 25 56 SAF 4 R0 3 4 5 7E DI 2R 50 UE 4 v b
80 Yo M Ul B ¥G 4 . BIAT Y 20 Yo VB MR AEBUE 4 . K E &
TE A4 K030 4 T Bk B9 Fast R-CNIN 9 45 465 780 (4 1) 25 36 3iF LA
K, 53 7E DELL W B 2% o TAE s b 58 i, A S0 1y
TR 2EIMELR Calfe AT, 3 o B0R 5250 5 0 J5 I 3K B
AR, KRB HFEFHEN AL FRAEE B ECEH
)L W BRI KRR ERERRESFEN
R IE 3 N,

83 3k EH TSD-MAX 3843 42 4 42 1
REA MG OR F V6 %2 4238 K2 TSD-MAX %83 3 5 #
e e B 4 T LA H WA,

() JZER 58 BUH EE A 1 44
N B A4 1 L

Ch) 75 74 000 T8 i 13 0088 0 2 03 ) 1 0L

Co) FE 28 U TU MY FBE 1) A0 O 50 () 7308 B 0 7 7 90 1 3 o B0 1 8L
B 4 TSD-MAX 1) 2550 K g RE A
TSD-MAX 223 3 50 5040 P 59 VI Gk 4 i 42 9 45+
%= 2 pral,



16z i HL R % 2018 4
# 2 FEAR%GE
>
WEE  LRA  ARA 2 % X
L ¥ 20000 48000 (17 RIS, 9 T VR i 2 PO R ey
K E 2000 5000

PEA AR AN (3) L3 () R

B TP

DR*TP+FP+FN (8
_FP

FPR—T7P+FP €5

Hodr, TP Ry BY A 60 07 2230 09 TE A4S 580 FP Sy B A Wi 26 49
F R EE FIN Sy T W08t b i 20 47 10 O A B, iR
Ky B FP g BT A R 20 69 50 7 880 5 IE R A A
TP Z 2% ;WK S8 FN N A3 E W8 H 5 IERE A
TP 2%, SLRXFIbgs Rangk 3 Mk 4 iy,

F 3 KUTTT U4 1 46 00 45 SR QB0 25 R ok 1 430 0k b 2 Sk
Wk Bt /s F 47 £ 0 £ DR/ %
LSVM-MDPM-SVM-'*) 10 44,18
Faster-RCNNH?/ 2 71.12
SDP+ RPN 0.4 78. 38
MS-CNNH2 0.4 76.71
AT 2 87.90
4 TSD-MAX 2838 37 5 AU 22 9 4 ) 45 5
CRH 2016 451 8 g 42 R R Bk %)
A 20
V3 Kl & DR i # % FPR
X k(5] #* 86. 41 11. 20
Xk [17]77 &% 84.70 40. 83
KX F % 84.10 1. 60

Wt 4 W LUK B, SRR 52 JE $2 B Harr-Like $#AE,
SR )5 18 Adaptive Boosting 432K &% ¥E 47 1l 77 4= 5 46 ) iﬁk
(17 J3 2 ot 22 3% AN e 19 Adaboost B3 #E 4T £ 3 A
SR T 7 i AR 0 A WG B TS SO R L B IR RIS T
AT . A SCT5 i U AR b R AR R A Y SO B
HAEHBEEX

ﬁiﬁ%ﬁ’ﬂi%éﬁ%ﬂu P 5 iR

Pl 5 A0 e TSD-MAX Sl 37 580 22 b ) sl 25 21
BERIE A SCHA X R 5 42 P 4R R R X

P B #E Y Fast R-CNN B 70 i 17 11 25, e 449 8] 2 4 B br
RIS A 27 R AR KRR LA e T AL S8 9 A DL 2 2T 19
J5 95 AE 24 AR R T AR Y A IR 2 AR AR S v 9 )
Zead I R B VI R 9 Fast R-CNN R 2% 3] Jr R
L i s o S L G A AR R 0% S A 1 A T A
o BRI, 30T B ik AT RORE AR JEA T 42 BURRAIE o T 301 AF AR fi
JﬁEﬁkﬁ@%ﬁxﬁ%ﬁuﬁﬁzﬂ’ﬁﬁﬁ%H\J‘ T A3 T AS: T 2 Y
RHE T o A R 3 [ 0 o ok 5 LB 2 11 1 a0 ) R

(2]

[3]

[4]

(5]

(6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

2016.

TANG Y,ZHANG C Z,GU R S, et al. Vehicle detection and
recognition for intelligent traffic surveillance system[]]. Multi-
media Tools & Applications,2017,76(4) :5817-5832.

AL, PR IR TR R 2 2 R OHAE AR RAT S U B
)], Efﬂlilr%‘lgirﬂﬁ;+¢&,2014,19<2):175—184.
UIJLINGS J R R,SANDE K E A,GEVERS T, et al. Selective
Search for Object Recognition[ J]. International Journal of Com-
puter Vision,2013,104(2):154-171.

ZHANG F F,BAO H,WANG D. A Revised Multi-lane Vehicle
Detection Model with Adaptive Boosting Algorithm[ ]J]. Journal
of Residuals Science & Technology,2016,13(8):1-6.

QIU QJ,LIU Y,CAI D W. Vehicle detection based on LBP fea-
tures of the Haar-like Characteristics[ C] // Intelligent Control
and Automation. IEEE,2015:1225-1227.

KA R EI ARG, BT HoG 7 AE AL AR 5 o i1y 1 #
A ], LR SN L 2013,22(7) :104-107.

ZHANG Y Z,SUN P F,LIJ F,et al. Real-time vehicle detection
in highway based on improved Adaboost and image segmenta-
tion[ C] / IEEE International Conference on Cyber Technology
in Automation, Control, and Intelligent Systems. IEEE, 2015
2006-2011.

R X KR, 2R IR BT Fast R-CNN [ 4 45 H #5 46 1
(I hEER I #H,2017,22(5) :671-677.

REN S Q.HE K M,GIRSHICK R,et al. Faster R-CNN:To-
wards Real-Time Object Detection with Region Proposal Net-
works[]]. IEEE Transactions on Pattern Analysis & Machine
Intelligence,2017,39(6) :1137.

KONOPLICH G V,PUTIN E, FILCHENKOV A A. Applica-
tion of deep learning to the problem of vehicle detection in UAV
images[ C] // IEEE International Conference on Soft Computing
and Measurements. 2016 :4-6.

CAiZ W,FAN Q F,FERIS R S, et al. A Unified Multi-scale
Deep Convolutional Neural Network for Fast Object Detection
[M] // Computer Vision-ECCV 2016. Springer International
Publishing,2016.

GIRSHICK R,DONAHUE J,DARRELL T,et al. Rich feature
hierarchies for accurate object detection and semantic segmenta-
tion[ C]// CVPR. 2014,

GEIGER A,WOJEK C,SAARBRUCKEN M,et al. Joint 3d es-
timation of objects and scene layout[ C]J // NIPS, 2011. 2011
1467-1475.

FAN Y,CHOI W G,LIN Y Q. Exploit all the layers: Fast and
accurate cnn object detector with scale dependent pooling and
cascaded rejection classifiers[ C]// Computer Vision and Pattern
Recognition. IEEE,2016:2129-2137.

DOLL'AR P,WOJEK C,SCHIELE B, et al. Pedestrian Detec-
tion: An Evaluation of the State of the Art[]J]. IEEE Transac-
tions on Pattern Analysis & Machine Intelligence,2012,34(4) ;
743-761.

XU EWEHE 10 2 8 4F. 5L T M0 A9 Adaboost 5035 A1 W 2%
BRI 7 R LT 1. A th BB RS 2 4R CH AR B2 1D L 2013,
41(s1):379-382.





