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BB )R A EAETRON B AT A RAE, A RAER H A BRI AR ST B AN B m R R E R AN, 5 TR0
B ARAR I 77 sk AR L, 3% 4 B ATAG I o7 ik A AL 3R ik B e A AR 42 3 2 4K20 000 K AR UL R ¥ A R A
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Convolutional Neural Network Applied on Fast Vehicle Objects Detection

CHEN Hong-Cai'?, CHENG Yu'?, ZHANG Chang-You’

'(Hebei Academy of Sciences Institute of Applied Mathematics, Shijiazhuang 050081, China)
(Hebei Authentication Technology Engineering Research Center, Shijiazhuang 050081, China)
*(State Key Laboratory of Computing Science, Institute of Software, The Chinese Academy of Sciences, Beijing 100190, China)

Abstract: With the rapid growth of the number of motor vehicles in China, inevitably there would appear a series of severe problems
concerning safety and traffics. At the same time, the video image files are increasing at an explosive speed, which has brought a lot of
trouble to the public security monitoring, criminal investigation and the case detection. It is important to research an efficient and accurate
vehicle detection algorithm. This paper proposes a new deep convolution neural networks frame for vehicle detection and coarse grained
recognition based YOLO method. Multilayer perceptron convolution layers are added in the new network structure framework to enhance
nonlinear ability of feature mapping. This framework deletes fully connected layers and predicts the bounding boxes using anchor boxes.
The new framework improves recall rates of object detection and effectively reduces computational complexity. Experimental results
show that the improved method has an average accuracy of 94.7% for vehicle detection under iteration 20000 times. Compared with other
detection methods, the processing speed and accuracy of the new method have been improved.

Key words: vehicle detection; convolution neural networks; multilayer perceptrons; coarse-grained; vehicle recognition
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BEE TR E N EE H S EEK 7ET — R AT E R A A0 e LA B 2 TR . R
ML OB EaKT S MR AR AR R S H R R I, A T B AT G S S N K2 A
AT 5 SRR 1T A ¥R 5 2k R AR ok TAR K WP, JUH B M 1 2 0 42 ARtk 2 42
0 e H R G X AT R T30 7 A R 52 ) AT AR DG AEUR: H BT AH DG E AR A I TR 2R 4 I Ak R R M i 6 0k
AR R, BT DL BTt — e v 28T A A 10 2 A W 7 vk SR

T AR TR B 2% ) B TR TR R e, 5 4% 4 MR 41 50 200 R P A 8 BBV AN () o8 B A 428 D) 8¢ T 7 1l e 4 30 K
BN 15 I8 R b A AR A AR, AT v (18 R P N 3 A A SR A ) ) — TR B R A R e £ Y 4%
(convolutional neural networks, & #K CNN)MS LRI Z: T 14 M Z 0L W 2% 454, O AE BRI 18350
) D8 A A5 T R 25 2R ABA T A o 4 IR 4% AU e 2 I 4 8 g ) A A R P 1 R TS 2
2RI E FRARG 10 4 70 4 e R O30 9 D BB B0 1) AL IS 6 S« BRI 4 78 B0 A5 M i T A8 44 L AT v 5 L
A 7. SCHR[6]HH A F A5 AR AR 22 9 286 Y 2547 N RRAE F 47 AR b D7 0 D6 R L A8 T AR 24 0 7 R L 1 e
5 B8 UV FH 6 0R F8E 25 S JE AR VR 5 4o 22 I 4 A5 200 it e 53 2 PR 58 N IR0 25 R ARG ) AT T IR AT
GO AR A TF R4 B3R T B Ar Ik RE VP A0 1 DT WUt 7 — Bl ol ik 2 B o 48 I 4% (1) B2 1% B v LA
NIy e PR PP RS D A8 38 A 2, I FLAR 25t ORAIE T A i 4D T 22 A 56

AR FH I B A TR ok 0 X 5% B AR ) 3 ZE 0 L A A 0k, 55 4% G A AR o 28 T 4% &5 R AH L B U AR 3428
— 70 I 24 25 K b 5 N B A A Ak 37 2 R R R () B G A T AR R A 1 SR B8 5 5 T
SRR H 2 JZ B AL AR JE 80 T R AR S 0 A e M AL B RE 075 58 = B BR RIS AN rh i A 5 2 A
&UHE (anchor box) TR H B )12 FEHE, 76 B B 52 % B2 1) [R] ) 4 vy B s 0 ) 43 [ 6.

ASCE 1A G320 LG B AR I 7 5 58 2 TN TR A R I A SO R T AR AR A 2 I 4 (1 2R 5 b A D
Je ILZE AURRE JEE R J5 vk B0 3 700 0] A (1 5 45 R A 48 I 485 1) ZE 2 A N0 7 920 I 36 Wk, 5 %o S 6 &5 AT )
M 55 4 795845 A S0 FH A SR A 57 T EAT WA R

1 BHENERAZENE

J U B ) E BRI At 4 8 — Tk R, B A G IR BRI 9T 45 RS H bR I B AR AR
19 H A Uy 32— A FH I 30 1 1 AE B By R A AR — S (1 B — 2 I R I 30 R X B 48 vk I IR) 5
MR AR O TUAR LS, T LW v R AR S = 38 I, B i 22

RS TR B 2 ST E ARSI B2 U KA A A P S, — I L R 3 X 35 (region proposal) [ 5%, T
— 2R AT M B AR N T7:.2014 AE, SCER[9TEE H T4 CNN 45 &k X 377 Aok BT B dnde i, vt 7
R-CNN HE 48, HH AR 02 2 i A ASr A 0 D 2 P45 A8 FH 300 458 1P 40 2 002 A e 438 S DX 3l i 328 HE s 4T 4 A S8 HE
BN B RN IR N F] CNN R 2% 50, AT S8 B AIE 1) $2 ;A FH 32 4% 17 32 HL (support vector machine, filj #x
SVM)X £ B (W R AR HEAT 43 28, BAIST I PR 77 0eF I HE 1R K /N RIS 3R AT I 48 R-CNN HE R R L3548 T A 7 22
N L3k BV A D EE R — R B i 3B 4T 18 2015 4F,Girshick %} T Fast-R-CNN &3EU0 &% T
R-CNN M 45 25 8 70K B A BUE 2 G BEUR 7 — /N ik X 30t 4k J2 9112 Y oot 19 22 41 45 400 2K o 5085 4k Js ok
[ 2K R 40, ] BF, 76 CNIN PR 5ol 72 rp o, 2 T R (] ) 384, 55 R-CNIN A B, 70 0 ke 8 RS 8 B 8 3K
42 T+ Ren 25 A2 T Faster-R-CNN SyAM 3% 8030 v 4 H —Fh % 171 (0 #1 4  4% RPN(region proposal
network, 7 RPN)SRIZEUEEAE, A T R-CNN HEZL A (136 B30 2R 78 AN 52 0 0% 1 X 30T 5 1) i 42 L (6 AR
WU R R A 4 o

R4 Faster-R-CNN Sk A0 BIH B2 LG 2 07 75 AT T AR K IRI4& T (AT SR J0 i3 A2 SE I 1k 11 75 3k 2016 4F, 3¢
BR[12132 T — B F 005 i H ARSI STV, AR YOLO 5. YOLO HYA AT AR 2 — A B AR A 28 j 2%, 15 38 31
CNN AR Z A TE T 3847 1 I, P 48 3l v LATHOI H 22 AN 3200 47 e 00 E A 16 28 00, 70 2 1E 35 30 BRI T o 1) 1)
o A R R 0 T2 W R i R TS U 8 T YOLO 1 34 1 9% JRI o B A I 5, 4 R T He B 3 5T
&, YOLO HASHT 7x7 19 W 101 U3, A 43 bR AS B RS e 52 007, L9 [0 36 AN ik 3k X 3 1) Dy ¥2: Liw %5 APHE T
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Pl T [RUE SENE () SSD AL ISR SSD U514 T YOLO J7 ik o i [n] YA JEAEURI Faster R-CNN FIBL ], £ 1]
PR 1) 2 ROBE X S AT [ T AR B L H AR EAT 70 AN B AE, BEORFF T YOLO ki FEAR 1)
Rk, L ORAIE T % 1 SIEI RS #E 2.

2 ETF YOLO V2 By ZE4 B RN /& 3%

YOLO V2 J5 i 4E YOLO J5 i3k b Ad I — 28 4 R0 3 b 1 3Gk, 3 0 Y A A i A 3l 5 11 [ 42
ORGSR T HLAS DU B HE SSD R 2 5 ~10 £

AR SO 24 H AR T 1A% YOLO V2 5035 6 0 10 BSR40 2 M 4% GoogleNet FEE BIVE ly 24y
WY 2% = REUAE 48 H A A T A 5 19 ANERUZ . 5 AN KMEILZ . 1/ Avgpool ZH1 1 4™ Softmax 2.
2.1 HMEZERANERR

TEAETZ BATIR A 3x3 145 UL, H HLAR S SCHR[15 18 g 0 2 o g I 2 AR JUAE B It I 48 2 M R 2 )2
J&SNHLE FUZ (multilayer perceptrons convolution, fij #X Mlpconv), & 1 J&—/ Mlpconv JZ 4574 7 & B 76 B it W)
2 A A JR 3 AL HEAT T3 11 ISR E T 3x3 W R 2 18], 1 R IR 4R 1iE, X 1] UG B2 RS
AR Ja) 30 U 52 WY e e B B — AN Y 1) 22 2 I 4%

Fig.1 Mlpconv layer
K1 ZREEIGRE

AR CNN 2, J) Sk 52 BT 1) 32 S A AN — AN B0 2 R e 2 I 8 G o S 2 s () P s
Jiw = max(a)[xi’/., 0) €8
TEZE SR IAE B b 36 0 22 2 I AL T2 5 0 AN Jm 3 26 52 07 1) 22 Je AT 18 3L, 71 5 Milpeonv 2K
REAE LT i A Q) k.
fi,lj,kl = max(a),ilTxi’j + b,f1 ,0)
' (2)
ﬁ,nj,k,, = max(a),ffﬁ"’;l +b, ,0)
3 T HE AR R (AR I 56 ), A SC B GoogleNet #E8Y / i 5 — NG 72, 76 W 4% 45 44 S5 THUET 3 I 3 4> 3x3
& RUZ, I AR GRUZ I I —A 1x1 (1582, 58 AN ORI B bR A i 50
2.2 HE#EMTEHAE
ZEREGCR A AT O, s R T A T HA 2 B0 IR 5550 55 M 75 52 00 18 0 A5 R 48 ) 4 08 2 S N 5K
P 10 o3 A A R AR AR A T BRI R OGS PRI S A A AR T AR AR b ] ON 9 i B S 1K (batch
normalization, W #X BN)ALEE. BN £ 4E 1) 20 IR & AE REAN G AU AL Ab B 2 5 380G of B0V F 22w, o 45 ) i H 20
i FRSE A A B 0,75 25 4 B pr 1), WA R GYFTw 3T MRAJEE d 48R x=xD,.. xD) br vtk
B AN AT B0 ) U — A 38 4 2 5K AR 2 43 AT 11 B0 A 3 0 ABL 28 42 4 A B0, B AR S 20 3R K
H T ARV R IK 68 1, R 30526 SCHR[16] 19 /725, 5 I N PR AN AT 2 2] S 400 s IO R R IA e, T e B m 1)
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i AT LR IR A 0 (4).
X —E[x] 3)
o Var[x*]
Y0 = 030 4 g 4
i B2 2 (4) A0 R0 SOTT DL 48 BT [ 06 SR 2 SRS
2.3 AT B iR FRIE

YOLO S M i 4 1% 32 )5 M0 BEAT H by SRR IO, 10 FLYE 7x7 1 POk LA 3K RE 25 R 2 10 3 W)
LR 2 F bR L A/IN IR 28 o 3t RS A7 AN HE B A SCH 22 4Aer ) 5 54 8- Faster R-CNN 5 37 (R A R AL
K YOLO AL v (1) A B2 22 2 4wt 30 FH 00 F00000 2600 1 B 1 120 SREAEE, G P 2 T 70 45 VRFAE Pl L B AT 1
B RAE REA LTI 9 FhAN[R] R /NA EE 5] 13 SHE. 5 iR YOLO STUAREAS B TuAs X F 2 il SHEAR L B
D7 22 B v HARASIN 0 4 1 4 el 0 A6 9 5% 0 2 B SR AT AN T 2 DR IR B8 S B T LUR G OR B L b
(19 2 W A7 S i 226 P PR /A A s 0 Js ) A A B TT R X IO, T L 000 0] v 5 A 4 T AR
B AR T 1) 8L, ST (T 42 2]

Q=== [k anchor boxes

2k scores ‘ ‘ 4k coordinates

cls layer \ ’ reg layer "
256-d .
intermediatelayer __--—"|

Y RN
w\g‘::;j’:‘

s/ idkipng Window

conv feature map

Fig.2 Anchors predict bounding boxes of object
B2 T H bR i S HE

AR SCZEAH B AR ARSI T 92 P S TS DU E bR SRR LR R R

(1) %4 YOLO M4 35 J A ith Ak 2 BRAIE S H 10 265 B AL PR AT S v 1 43 % 2%

(2) 4 25 K R SN 3 PR R W N 416x416.

(3) BBUZ FRFERFER T B8 32, M 13 NGB LR (1) 416x416 B He 2153 13x13 1I4EBURFER.

(4) FE TIN50 TR A AN 2 TR A7 T AR, 7R 6 et [ B 00000 A 28 R0 A AL TR YOLO AN B G H% 471
DTN G AEAS BTG R () 2 A3 FHE 737 TR0 A8 . AR S5 1k v AR K 25 50 B 0 5 4 A BTG R 1 4 17
I S T 4 S S B A pe A v

3 X I
3.1 MR INE

AILAE AMAX R4 45 LbAT SEE0 AR SE 38 BR800 R :CPU 24 Intel(R)ES-2650 @2.60GHz,GPU 4 Tesla
K40m, & 433115 25 Ubuntul4.04 1 CUDA7.5.

ZE A I AR BT A R T A0 R VBRI s AR B R I AR R B BN . BREIAR T |’
AT, HATZE. BEICZE AT 7 A5, 528 BRI AR Z0 0 500 7k~1 000 Tk ANEE, B4t 5520 7k I 26
AR R AR 3L 5 500 5K BIE, Bk UG IR 43 HR 3 KNk 2048 15 5% 1536 14 3.
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3.2 FHBRENER SR
AT P T G B 28 0 4 SR S B KRS B Sk e IR, Dropout %K/, 27 5]
A5 T L, S50 DK 20 A 5 e 26 075 8 SR R R P UK ) A R UK AR 7 2 F AR A I A 49 1EAT DK
T 19 2% G5 A6 RO 5 B IR B SR AN A5 B0 N, 56 1 %€ Dropout 228 0.5, 3R I 545 UM 28 100 2% 35 AR I
XPRLIERE RO SE M. 1 45 T R RCR B 5 41585
Table 1 Comparative experiment results of different iteration times

R 1 AFEARRHCI R0 R

SR IER K EL Dropout % HER (%)
1 5000 0.5 80.3
2 10 000 0.5 86.0
3 15 000 0.5 914
4 20 000 0.5 95.7
5 25 000 0.5 92.5

T 1 AT LG HLIE AR B E 20 000 AR I (1 285 SR ZE 47 T ak AR KB 15 000 Bk 25 000 (#6345 1.
G54 S A5 R TS 0 R IEAR R B A 4 A 19 45 U R ASTE 4, T IE AR IR B 22, 4 A5 48 A 19 4% A5 78 W 4 e
F U RS, XA S SEOT A 0 3 B, R 2 3R AS IR 1 ZE 5 B 45, 3P, I 3(a)~ P 3(d) 20 il M 4%
FERLIEAR 15 000 K+ 20 000 YK+ 25 000 AT 20 000 AR WU 26 S8 e, Ho v 1 3(a) IR T e, i ) 3(e) BB T
R A I AST AR 24 H ARSI 45 5, A SCAE SE B I G R I 43 AR Bk E 2 20 000.

(a) &AL 15 000 YRR B (b) AL 20 000 K HCH &

(c) %A 25 000 KACH K (d) %A% 20 000 AR K

Fig.3 Detection results of different iteration times

B3 ANFAIEACRECT R4 R

Dropout Jz i Hinton 25 N H I A E] T CNN 4544 b 2L I A B 4% G 20 R A o 2ot R o A et ol
WG R I A S 508 2 1 W G AR A I BB Y R0 FR 75 ) 7 A i 0 G I A I 2 ) . a4
FOAR R BOAAS B 1 L 43 5K F R[] Dropout 2RI ZrAG I 1) 52X, 9256 &5 3 L% 2.

M 2 AT LU 148 H Dropout )2 5  ME6 R A 8 KIR T, 3 H. Dropout #4 0.5, MEf 2R 15 i, 75 52 b 4= 4 ol
HK M Dropout #4075, 08 4 1% 2 50T AT R I 98 SR AR A 50 48 1) 22 05, 4 - Wl ke 23 5k ISR D &5 SR
K 4 FioR, B 4(a)F1E 4(b) 433 1 Dropout 22 0.5 Fil 0.75 525645 51,
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Table 2 Comparative experiment results of different Dropout ratios

% 2 K[ Dropout 5256 45 Sixt b

% Dropout % HARH HER (%)
1 0 20 000 91.2
2 0.5 20 000 95.7
3 0.75 20 000 94.1

(a) 0.5dropout F &g 4L (b) 0.75dropout 34 &

Fig.4 Detection results of different Dropout ratios
4 ANJF] Dropout A I 45 1
R AR YN 2 — BN ] Ja, AT e 2157 20 502 15 0 1 RS B IE AN RRUE A1 M 28 454 . Bdlm R ANAZ 1)
T OL R, BUE M2 S5 Dropout 4 0.5, AR/ Ay 64,51 7 SRAHE H ARHEAT I, 0] LEAN [ 27 2] R [ 3
0L 5 45 T 220 %0 T1e=3 Al le—5 HUE UL B AT DA B B A% 50 &0 1e—3 ROR B4 DA 1T 7 S B I 2
RERE AL BE A 2N le-3.

Learning rate =le-3
Learning rate =le-5

0 0.5 1.0 15 2.0 2.5 30 35 4.0
Iter x10*

Fig.5 Avg Loss of different learning ratios
5 ANFZ S FTR Y Avg Loss

Lty LA RSO0 &5 A SO0 A U B2 2 $i B A Dropout %0 0.75, I ZRIEALIXEL 20 000 7k, HI46 1L
A 1e-3.
3.3 AR BHENAERBERR S

AR SRR S PR A R A D 7 9 AN L R 5 A A A T L B 9 0 A 3 S v R LR E AR AT R )
R 3 N 6 4yt T A8 HARARL S TR 15 0. A T v e 8 A0 A YA b S 7 1 40 F AR S B R KM R T HL
AT AU BB N A A A A BERRE . AT NS H R
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| [ VN -

Fig.6 Coarse-Grained classification of traffic objects
K6 2zl HARRDRLE )
T B RE T A B 28 4% 1 A H A R 5 R B ROR BRATINR T 4 KA HARCR . B 1t

L ALZE).2E 3 BT S S S 6 o AR A U A R L VM T DA A TR 1 9K P
Y315 B 0 6 1

Table 3 Detection results of different vehicle object detection algorithms
R3O H bR SR AR
(R DARES (%) (%) (%) T AL % (%) P B UER (%) R U I 1) (ms)

R-CNN 86.6 87.0 84.2 81.0 84.7 344.73
Faster R-CNN 90.1 88.9 87.0 85.2 87.8 244.73
YOLO 81.4 82.6 79.3 77.8 80.3 58.73
SSD300 95.2 94.4 93.6 91.3 93.6 60.72
Ours 96.7 95% 94.9 92.1 94.7 50.00

N 3 T LA H R SO A 40 E A R 00 S50 T S R I ME B R IA B T 94.7%, B T H Al LR SR H AR
SRR A I N ) b A S IR s YOLO BB /) 1 5K i MR 48 3% 50ms, 1] SSD300 i 75 %
60ms,R-CNN FlHjin g 5 v ) 75 25 i 200s.

4 B £
ASCH FEAN A T W LI I T BN 2 I 26 1) F PR 0 S35, 00 A 1 AR T R I A s AR e A2 DRI

H RS R0 J7 i5——Y OLO SEFE Al FBETE T — Pl 15 B 28 90 2% 10 2 0 1 b A 00 AEE 248 0 P 00 A 287 o4 2%
SR MBS RS AL AT — S AR AR5 M b B I T 2 RIS R, R T R R e R
FE 58 R L L BN T A A S P A e Ak Ak B BE 8 e B R T A0 A R S A A R 0 T T H AR
HOH SRR T H ARSI £ [0 5 G £ 28 90 20t kS22 5 LN B L S VAL AR B E B v T H AR A i v
A o r SR T A H AR AR R ) S HOC . S 6 4 R AR L AR SO H A AR H AR SR TS 1R A
Ak B A B 34 R or DI HE T 2 AR T LA LA T ik

ARSI AL NI GPU R EBEAT A, 7 AR LR rp S P, 32 1 BB b PR S8 4 T ok JRAT TR 3 —
AHIITRHLE GPU R0 H AR AL X Z W2 GPU KI5 2R AT A BEAR .
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