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Abstract: In order to solve the issue of poor real — time performance, poverty generalization ability, missed
detection and inaccurate location of running vehicle detection on currently main roads in various weather and
various scenarios, the regional convolutional neural network ( Faster R — CNN) algorithm based on TensorFlow
framework of deep learning is studied. By introducing the VGG16 neural network model, optimizing the ROI
Pooling Layer, and adopting method of joint training , an improved algorithm model is obtained. The UA_ CAR
database is used for model training to carry out vehicle detection in the course of driving. Compared with the
Faster R — CNN before optimization, the test results show that the MAP is increased by 7. 3 percentage points,
the accuracy rate is increased by 7.4 percentage points, and the detection time is 0. 085s. The network im-
proved adaptability to multiple environments and scenarios.
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Lienhart 45§ tH iR 22 40 A H: AT A TS0 A=A, 7 G 00 8 e MR e i SR A5 A1, 1
JaFRZ; SCHE [9-12] #IMWEshE 00280k, M SRR RO XA RHEE T 028, HfR e
PSR R R, (BAF R BRI RS R | KBRS TOA . MR R 2 . R ; Gir
shick 55" $2H R - CNN 553k , RINEEREMEAE R (selective search, SS) ' BEIRUSGERCHR, iR
SRR, HEE S BHRER K, R SPPnet' ™ BB XF R — CNN #F47 ek, #F—2 42
Fast R - CNN''/S0gk | i o S H B i), ELIERM MR X3 3o 426 A IF 1) R0 R A ;. Ren 26170 S 20 5
A region proposal networks ( RPN) %%, #ETi#2H Faster R — CNN 8.3k, MORAE KA ] ; Redmon
SFUER AL T A ARG YOLO S0, R EE R, (EL5) B LR ;S5 5K Redmon 4517 34
YOLOv2 5k, BB, MRS, HE M HERFILT Faster R — CNN,

X Z RSG5 ETET MRSt | Wl i), A SCEX R B P
245 Faster R — CNN BEMFSUERNZ [, $2 0 —FPopr i il i

1 Faster R - CNN EER ML
1.1 Faster R - CNN &%

Faster R = CNN ( faster region — based convolutional neural networks) #.3%5] A RPN 2% 21 H Frfs
TEDXIRAE , M2 SR R L= ] R B BURRAE . Faster R — CNN G iob e R AE SRR . o 0 [X A 1 5
HFRERIH 59328, LRBTERRA ML IR AIZEE G20, ST 48 A HErf R 5 R

VRSEHTLE ZF T4 BUR BT 24 AR SRR T, /5 7T RPN 451 ROL pooling 992
RPN PIZEf I 3 x 3 1Y 3 0 718 R e B EA T 3l A0 m = Ay 3 AR 3 Al (1:1,
1:2, 2:1) BT 9 MEEIXIHE (anchor HE) , Hi 1 x 1 (YEFUZ T4 anchor HERY AL A ik i S H
PRZERIMESRE . ROL pooling JRZREFIFHFHE K Sk X BAE, 74 [ K/ 7 x 7 19 ROL FH#AE, #iZk
MERR AT KA 74328 5 1A, i P ARSE DX SHE H 98 A2 i3 SOt o F AR i ) IS S5 4 it
1.2 EEfl

h TSR RPERE, AU A T LA T =

_; S N N

Z =
T=mmite CREEILE ) . }E§ : All anchor boxes Ulﬂil Ug E
. 1) %Eﬂ%?ﬁﬁ%ﬁ\ﬂ/ﬂ#%{ElShared Fonvolut- T ig _L KT | %z é i
ionval 1ayer E%I/\ VGG16 M é% *%EE, 4%‘%@:{)%“4 Image gl % ! Region translation network| e -§ i
S5EYVRE13Z, HIGEEL relu TTRE 134>, g | R % 5
D) B X B ], R R R e R
SE(P,Q) U 1046 2t AL £ B0HE JEE PR 4y | T
P x Q Wk, WIS s 22 A oA F A Ak b B 2 R P 2% | «— BIEES
Fk. MEALIRE, WG4 3 R 3 A Prediction] | Tully conneeted fayers
HCBIZELA I anchor fiE, 5 454~ WK 45 AR FRARAN B1 FXHEREER
H P x 0 x9 A~ anchor HE . YIZd#am . HEkL Fig.1 Flowchart of algorithm

KEES s nta], MERSKIE R o oRAE 256 A anchor HE, T IIZRM LS, H1 3 x3 BRZ SN 1 x1
GRREH I BCOP MZ, T00 anchor HERY AL . 4R7H . ZEMIMEAE, XTI anchor HEHE AT [HIIA & 1E B3
=R/N W r. =x, +pw,,r, = wae"“‘,r), =y, +pyha,r,Z = h,e, Hep, (p. sPysPw ,pi) AT anchor HE
RS54, («,,y, w0, ,h,) N anchor HERJH O 5 | T A br, B e M e 450 B 0 [l U 4 I 4t
WHE , i FHAER B IMH] ( non — maximum suppression, NMS) 52 k1200 52 BUA5 43 =5 749 2000 4[] 19
EIEEEUAE

3) [EE EEAE IE B HERFE . FH crop_and_resize J5 754G ROI Pooling Layer 2, R4 EIG K/
X A (8] U6 TF R BHE A —fb A 3, 38 2k R B PR AR AR K/ MR 14 x 14, SR AT AL )2 317 B
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Aeqb3E ) iy [128,7,7,512] B, HTREaEEZENR A HBilkidl4E, fully connected layer
fdi ] dropout PREL, A SCHFFEFLELY 5o AT B ARG N R) A, I ) UA_CAR $dla 4k, BEJT A TF B 4L,
Ak J5ic Sk vFaster R = CNN,

2 Mgl

ARSCRE A INZRT7 30, X 28 24T s B A Uk, b B D v 2 i s BRI P 7 ik, DI RAEe
A AT, PR PRBCELHESE M A I 28 PR BE . AR SCIR R PRI 70 AR R 5 [ A R 2B, 26t ok A
DR AS 26 B — SR JA AN I 2 (9 22 0 26, B s L e ) = X Lo (e ) /My,

L, (c,,¢)) ==¢"lg(e,) , HA. i N5 i 4 anchor HESLIEME ; ¢, A PILEAFN T ; ¢ S H L HErbR
255 M, AVNGHERAEL, TEXECER MLk 256, FEFIN 4R 128

BEAN, AR DX 387 B8 I 245 [l )1 453 2K R 13 000 R 265 ] 059 483 2 PB4 el i, SClik [17]
A/N,, R R BE SO — A B, A 1M, J5=0, .
. . 0.5¢,if|¢| < 1
L(ts.t) = L (s.,s; )/M,. L. (s ,s; ) = smooth,
Clsih) sz mg( o5 )M g( ) 0ot |t] = 0.5, otherwise

Horpy s, HEN W SR, s, S BEIAER R S%icE, 2% 30k [17], B2k 5RE
*ﬁ%*ﬁhﬂ, 15 25 A K R R L( {P; 535} ) = Zpi* ng<3i’si* >/Mcla + Z Lcla(pi’pi* >/Mcla o

3 FEXBRERERSH
3.1 XWFE

ALK IIAE ubuntul 6. 04 RGEEFT, ALHEE N Intel (R) Core i7 - 7700 CPU @ 3. 60GHz x 8,
R ATEHIK GeForce GTX1080, 44w FeiE 75 M python 3.5, fdiFH TensorFlow R B 2% S HEZR A 7)1 2%
3.2 HiREEAbIE

ACE R REET DETRAC £ 4R, mBUREY & B RE 2, B 2 ¥% N 960 x 540 &
K., M DETRAC ¥afErPREAR, HE ., B LMW RE R, $REM 6203 5KKE A5 VOC_2007 %k
PEAE IR VOC_UA B03i4E , 26 820 5K & F I UA_CAR $t#i4E , {8111 Labellmg & b 3= 118 424
HEATHRTE . UA_CAR ZHE4E 0 MR AL | VIZREIESE | IR MEIEE WA F4, UIZRIRIELE 5 UA
_CAR BURER 70% , IZE SINGRAEER 70% ., VOC_UA BURE AR UA_CAR SR, M
BSR4 e O B SR G580 I 8 R RE A TN

A E R RE IR ZRT IR 0, 5 B HAMERN R ARSI (10U) KF%T 0.5, WREREIE
BIEHBHEE Ry I FRHE, ST 2EHIARZEE 1; 2 10U AT 0.1 5 0.5 Z[a), PR R 46 E dEiHE 2 R 15
BHE, HARSRARAZE . HFRE ST RHEZ AN 128, HAMENEAE T 32, 4 P SHE,
3.3 EWERSMH
3.3.1 HALBME

W28 AfFH VOC_UA B RN 2R XF 11 sk 7 A7k, P38k K b £ 138 6.54 4>
“car” . X NMS B{E 5 HArBEH TGS, FHRENSEH, HEEREPES IS, Pk
i) SRR R] (g 1 PR o

IR Fr . A NMS AR ES K, Joka i & KEE/NAE, [R5 45 g A )
A A BRI E R, W5t 2SR AN FLIER M TONHE, 51 & TR, 20U R4
HEFRGIE, 4 NMS BE K T4 7 0.5 HHWEE/NT 0.7 i, ZREKRZLZ; 4 NMS H{E/NT 0.4
HEMBEEKRT 0.7 i, WWAMEZEH; 2 NMS BI{EST 0.4 HBARBRESET 0.7 i, KRR
o BOFEIGERIZE T, ¥ NMS BI{EHIE N 0.4, HAREEENO0.7,
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F 1 HEEXRNRM
Tab.1 The effect of threshold on detection

NS B H AR B A R ] /s B /s
NMS threshold Object threshold Average number of predictions Average detection time Fastest detection time

0.3 0.6 5.545 0.186 0.087

0.3 0.7 5.545 0.187 0.085

0.3 0.8 5.455 0.239 0.085

0.3 0.9 5.455 0.193 0.086

0.4 0.7 5.545 0.186 0.085

0.5 0.6 5.545 0.187 0.086

0.6 0.6 5.545 0.186 0.084

3.3.2 A AR AL R AR

FUARHE 575 SHEGC RO BUFYIZRHE 4 VOC_2007 $iiE4E . VOC_UA $diidl | UA_CAR $di4E
PIGAEED | BT AR, ARG, ] UA_CAR 0¥ 82 1l 2t 5 350 0 i 22 125 &8 98. 7% , MAP
B AIiA 90. 8, HHMME/D, SEEE RN 2 Fis

x2 AEHEEISGER I 0

Tab.2 Impact of different dataset training models on testing

FAEITES ] Y1 ZRAEA B KGRI (MAP) TR 2 % Ry salllliny Ve

Dataset Number of regression training boxes Mean average precision Average prediction accuracy Average detection time
VOC_2007 128 66.9 84.8 0.186
VOC_UA 128 67.3 84.8 0.186
VOC_UA 256 64.9 83.4 0.419
UA_CAR 128 90.8 95.9 0.192
UA_CAR 256 90.8 98.7 0. 186

3.3.3  fUfbRi)s Hedk

FUESEAR AL G vFaster R — CNN AR, (AR XSRS FE 1794 . PLfERT Faster R — CNN F
PIRGRERIME H9 83,5, AT 69 ms, fEALJG vFaster R — CNN SE-HKG BE I 4 90. 8, #EAT 85 ms, AL
J VR B OLAC T B & 1 7.3 AN A e, WESE VAR A RE (W2 B13) , FE T EA TR A
D, OCACHT B SR S IMAS LR, A A SRS B T5 75 vFaster R — NN, S IBCE IR A
GARE, HUTIEMERR, 7E— @R bk 7RG K. B AHER SRR, (HRE 28 250
B, SBOTRERREER, s e s,

car detections with picar | box) >= Qulesms

a) MRALHITIR R 28l b) oAb 5 i R A A il
Bus station on sunny days before optimization Bus station on sunny days after optimization

2 fiikaiEBREEMRK
Fig.2 Performance test before and later optimization on sunny days
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o) PEAG TR R A ALk d) LA FI R A AT
Bus station on rainy days before optimization Bus station on rainy days after optimization

B3 MHrrEmRRNR
Fig.3 Performance test before and after optimization on rainy days

3.3.4 R[FSE

#E—#5 R -~ CNN, SPPnet, Fast R — CNN 288 AT 440G I MERG 2R | B IRRE X, g5 5
K4 iR, B R - CNN SEVE ANt SO I SO FH B0 i/ b Rl B | MERf R 5 A Il
RGBT, T SE A 2R3 50 5B £ T EA TR A0 SEmb Al . A SOOI 553 5 H
A 2 A ARG IS ARG B S (R A T LU, S5 ANFR 3 TR
1.00

= R % Precision #3 TEEER MAP
0.90 [ — I Recall Tab.3 MAP of different algorithms
0.80 f B3 Algorithm PRSI MAP
oeh ] YOLO 83.2
0.60 | SSD 85.8

R-CNN SPPnet Fast R-CNN Faster R—~CNN vFaster R—-CNN
B4 EHESZEELRE
Fig.4 Comparison of accuracy and recall rate

vFaster R — CNN 90.8

4 HERIE

KA SCHAL 7 EE TR WA O, 8036 T 23 5 5 2 KA T 2 B, Tk, 4
SRR, RS T R AL B ER B 0T 5 X F A B ARSI ZE Y, A% vFaster R — CNN
BB TR (MAP) (R AL 36 T A BFSE 52507 & ook I i ] 0. 085, 7 223k
98.7% . PRt B b T BARR G —, W3S AR I B KA, R, e85 R
BRI, KA R ERRIR S R A, X K OT RS 9 4% FRE O A b 3,
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