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Detection of Urban Trucks Based on Improved Faster RCNN

REN Jie, LI Gang, ZHAO Yan-Jiao, YAO Qiong-Xin, TIAN Pei-Chen
(School of Information Engineering, Chang’an University, Xi’an 710064, China)

Abstract: Trucks cannot be accurately identified when they do not follow the prescribed time and route on urban roads by
avoiding cameras and other means. In view of this, an urban road truck detection method based orf improved Faster
RCNN is proposed. Features are extracted by performing convolution and popling operations on the vehicle images
passed into the backbone network. The feature pyramid network (FPN) is adde(i‘,to improve the accuracy of multi-scale
target detection. At the same time, the K-means clustering algorithmiis applied to the dataset to obtain new anchor boxes.
Region proposal network (RPN) is utilized to generate proposal bokes and complete-IoU (ClIoU) loss function is used for
replacing the smoothL1 loss function of the original algorithm to improve the accuracy of vehicle detection. The
experimental results show that the improved F aster RCNN increases the average precision (AP) for truck detection by
7.2% and the recall by 6.1%, The imf)roved method reduces the possibility of missed detection and has a good detection
effect in different scenarios.

Key words: Faster RCNN; complete-IoU (CloU); feature pyramid network (FPN); region proposal network (RPN);

network truck detection
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F TR BT AT SE T ELAE BE B P55 Sk A0 B B R TN
HiT 7 A e 4 A R B 2, AT FT e T B AR AR I Ot
ZEHE TS, S MR A ORI B R EAT N
MBI T A IE AR, g T R R, R — R
| T8 PR AT 30 2 4 ) . AR, FETHRHLEAR AN T
RERIHESN N, HARR AT B PROE K e, 78 %> ik
HRREME 1S B 78 0 B . H i, e U 6 A 22 188 4 ek
HHAS A0 T N, 2R R I 5 R AT DR i b A
PRBEAREE, AR TIE S T ZEAMERER, AT
A R CR A B B BN By 2 4

2014 21, ARkl 32 2 DAL G 1) B A e il 5
VEREATREFC, L ln 2005 4F Dalal 25 A 52 H 6 77 )
15 % B 7 B (histogram of oriented gradient, HOG) .k,
TX AR B 22508 Jay 0 TR DR o o o B 4 i 227 1)
(1) 55 B oy A Rl H A 8 HOG FRAE 5 SCHe ) 2= AL
(support vector machines, SVM_)%%%?E‘J SR AR
DB LA Eﬁfﬂ‘]ﬁ?)ﬂ“ . 2008 4 Felzenszwalb
2 NPV Y DPM (deformable parts model) 532, %t T
ZERFRTIN () 22 A0 A 0] 8, SR 22 4144 (component)
T3 TR ) AR o) B, G R FH 2 T RS54 (pic-
torial structure) [FIERLFIEY J5 7k, BARIX Le BL IR A7 TR
R AN iy, AR B K, R TT &5 1) R/, HR ) ok
B TR 21 1) HARR I SRR B 1 S f) A,

THEN UL [ PR R A 1556 T IR BE 5 ) 1 B A
R W B2 L G U PR AT B R T AR g
e S @R G| S T AR 2 5 3 1 ORVE, W ZE ke 5 R
JE 5 ST 2 G RO AL 2RI 78— KT 7 ). 2412 TR

FE 22 ST H bRl 535 32 224 one-stage 5411 YOLO. |

(you only look once). SSD (single shot multibox
detector)!! #1 RetinaNet!! &%, PA K two-stagg RANM
Fast RCNN'', Faster RCNN"VA1 Mask RCNN'™ % %
9 X ITE T twolstage 51k B A6 1E #5146 H A% oh A2 Al
AR IS G WUHE, B 5 AT FAE [R1 ) B A 432K one-
stage ELIZAE A% thdE4T H AR 2 LA 732K, A IE T A%
FAEX — IR, 2 & one-stage ¥E 3% I (B 5 45,
TER AR L two-stage (4 — @ L8, XL LMK
KT EZN SR, AR TR AL 1 AT IR

Faster RCNN J& G EME R —ME T BRI
W4 2% () F bR A A Y, 724 P A% 48 1Y) Faster RCNN £3
DN B 220 ] BEAFAE LA T Bl (1) R - 7 AN I 47 3,
A% Sk (L B [ 8 AR, Fr AFEAS I A, 5 223t

172 RIERN, AL 41 Faster RCNN ST/ HFR i
Tor WA FEAE 72 . (2) A [R) DX 3 A2 388 FL AT M 4% 1) 43 2 [X
K. 3) BHAFEH smoothL1 1E N K AEL, HESL
IV AERS I 4R bR 2 ToU, & 2 AAFEE R, 4
ZA BRI AE Loss AH RS, 4 4 0 AE N B S 2R 59
7B 2 A ToU W] RE Z R HBEK.

AL LA Faster RCNN F A A LA, i BLR LA
ok (1) B4FAE & 7B 4% (feature pyramid networks,
HMWERmMﬁom%éW%%ﬁﬁmM%%%&
ES NN RS T IEE 0N 8 e e TR
means % JH N HEER A i SHE L5 (3) BRBTIE R
HARBABCA smoothL1s SCHk [10] 4t CloU $ik B %,
ASCAE I CloU 159 #i A5 5 B L, 7T A RUR T Loss
ST ST i DA R A 55 L SIG A 1) B S R T, AT 2R
R MRS A PE A B — P i .

2 Faster RCNN £ 77 7%

DL Fast RCNN FAAZEAi 0 b XA 2% (region
proposal network, RPN) {5 % AE $& U B 1§ Faster
RCNN #8. Hort, RPN # /X T Fast RCNN K H 7]
R R (selective search) J7 TR 7= A2 2 AE. HdE
oA N B = THRRE N 48 159 BIRFAE 2, — 50 FR1E 2 2E
A RPN, 55— #8732\ ROI Pooling Jz. RPN X} H b5 4]
P2 R BUHE R 2245 4 8 A RO Pooling 2, ROT
Pooling Jz 4§ FT AHFIEE AT DX kit A6 1 B 45— R
< B 4T B 5 PIREAT 45 KT AL SR ] I O,
R BIB A FTTOIRERN H AR5, S0k 2t P ] 1.

A2
RPN
YN TR " ROl Pock
i $R HHEH "f“%
e

\

R | 9%

Kl 1 Faster RCNN LA 45 #)

2.1 EFHFHERENLE

BRI N L (CNN) S& LEHLAS 2% 2] FEURFE 3%
12, BE MR BRI 4 RS AR, A — 5 i, HAUE L=t
WD T UGS HY. AR T GBI, 1R
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AL HEF Faster RCNN £ %, 12 ] ResNet-50-FPN
SKAEELAE AL, P DU e B V8 2K i /1, I 25 5 IR I
W2, T2 RUBE B AR IS DU RS B
2.2 RPN XML&

RPN W42 — NG ML, HEZIRE: —
ST XA BTSN Sy R X A R4 A A DX 3 BUAEE.

J 4 R S\ B RFAE SR I 45, o f J — 2 RRAE
% 1) RPN 4%, 3z FH I 20 & DR AE I B 3EAT I
B, W BN E KN 353, RN E O, R —
SRR IR R, B B LA A 9 AN ST HE. it —
AN 3x3 WA RHE B AT A0 3, ARG 20T 1x1 1

B, AT AT 2K, A EI ARG, AR

VAT 5. RPN 28 256 A T 55 6 B R 2R fie SR AiE,
A2 Ix1 S BUR S IRIAE 4 4 i Bhr 24,
HEAT [FH. 5 A E A F ] (NMS) ik g
W62 AX A, VSR AHE 5 B SOHE ) 2 B T AL,
WERZIF (JoU) %1 0.7, £ ToU KT 0.7 WXk
FEFEAT VIR, HAr, IoU=0Overlap/Union, RPN I IoU 4%
B 2 Fros.

Classifier

.
Rol Pooling
E Overlap
S VI
Proposals .
[ 3R 2 5 X 458 Feature Union
maps =

K12 RPN fil JoU 44

§
»

3 i 5 ) Faster RCNN
3.1 4FHESFIEMLE

T AT 22 ROERT I, v DL ik A — ANREE 4
FIEF 4 (FPN) LB TR0 338 B RURS B, SR8 T 8
P UE S FPN | B ) E 2 B T~ 42 LA
5 P9 TR) PR AR 1) B 4H A T, ] 3 B,

L 1) b2 R A 3 3 1 P i N BRI B2 ) 5%
T IE AL FR R, B T 2K S R Y R R
AE B HEAT FoREE, ARG B RRIE S B 1A B B RHE
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BEAT AR, A BURI RS S — A e 7 B, RS HUA
[ RO FRRFALE.

> Predict

8 RRE G T R
3 = ;

3.2 %ﬁ)ﬁ*@ K-means B3¢

150 1] Faster RCNN 4 S HEER N A 3 Fl v i b
(1:1, 1:2,2:1) A1 3 Fl R (128, 256, 512)", AT LAfS H 4
— MBI R 9 AN R, 1X LE AR AR Y vOC2007
AR KIS E. T EIREA R, B B
ZH00] B2 3 EURL RS FE R B, TR ) 6% ZE I HE RS
HEFSLBR H Ax i 22 5 KRG O, 508 H K-means 525
vk, T A S M AE TR = L. o K-means & —
iy T JE M B 2 S SR, DUBE B AR AR, IR PEAS )
ot S b 1 B bR A BT ) B R R B S50 ARSOR
X L b e G R A SR 3E 4T K-means 52K, &34 =
T, BN SHBERIRGS 8
3.3 CloUR%&&EH | g "

Faster RC‘NN 3512 PR %L (loss function) H1 4 245
%@éﬁlﬂl@Uﬂ?ﬁ%@%ﬁlﬂﬁ%ﬁﬁéﬁﬁi““, =t (1):

1 * 1 * *
L(piot) = 5= D Letpio P+ Az — D pi Lneg(tst}) (1)
cls =5 reg

Horb, i g e g 5 p B E 73 R A RE 2R, i I AE
NIEFEARRE, pry 1, SRR, prohy 0; 6 T4 SHAR
() 4 DNSEALKR, 1A S FHER 4 NS HRAT.
Leas(pi, ) R os X 73 1T 5, BRI KK, A3
=k (2):
Las(pi,p;) = =loglpip; + (1 =p)(1=p)]  (2)
Lreg (1, £) RN FAE RN, 2300 7F
Lieg(t;,17) = smoothL1(t; — t) 3)
H smoothL1 AFANTF:

0.5x2, |x] < 1

smoothL1(x) = { x| - 0.5, HAt: “4)
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SE s 7 1B (BB AE PR FR AR A ToU, 448 ] smoothL1
VE BI85 bR Kl iy, 22 AN DUHE W] e HS B0 K /N AH (]
HJ Loss, 1B IoU FAEIR RER. N T R — 1, A&
A CloU (complete-IoU)!' " kAR # smoothL1 1E N
1 FHE [ A4 25 B AL CloU THEE FE U R

H I IoU Loss R~ A:

Liou = 1 —IoU +R(B, B%") (5)

Horp, BTUAE, B NI SEAE, R(B, BS) A TRINAE AT H
SIHE R 75 51 T00.

T CloU & T Til:
2 '
(b,0%)
Retou = 2 ot (6)
>N I:F‘ 9
4 8t w\*
V= ;(arctan T arctan Z) @)

a= m (8)

Wl 4 Fros, Horb b R1bs! 3 7 T AE A 2 SEAE 1 R

O 55, pRINRR IGRE 2, o A2 78 i T ARE RN B SIAE (1) 5 /s

FETE BT A ZRBE . o 3R~ Ali LU S 40, v R os TiIAE
R SEHE I B8 b 1 —FhE,

N

/

p
<L

c

B4 CloU HitH

CloU $i K R R - Y
2 gt
b, b8
Lerou = 1—]0U+p(—2)+av 9)

c

KX T smoothL1 1EAH 2K iR £, CloU W] LA H 2
L I HE R S HE 2 [0 7 R B e /M. o S B A
HFHEA S K EEMIIE L, CloU f Ul AE n] LA
PR EH, I Hab 2% 58 730 FHE PR L, 5145 B Arks
DA PRy RS B2 3 — 4 .

4 SZIGA AT
41 SEWNIERE
SEI6 B FH 3R 55 C B A CPU: i7-9 700, GPU:

GTX1660TI, .17 6 GB, i&17 {7 64 GB, CUDA 10.0,
CUDNN 7.4.1, 52583455 Torch 1.2.0.
4.2 HiRE

SLBG A KITTI #E 4 7, b a8 /NA %, T
WAL B4 AT NG, T 5600 5k F. 6 Eis Sk
170, FOERRAATE R E M B, KITTI 2 SR 2R 7
HEER A 1242x375, FRAE S Br s #2815 O, 45 73 e
9 700%500. 960x740 HEAT I 25, FH1E HHE 5 s o
500 FkSLFrd Serh AR T ARG PR R IR, DA
ST 032 Al . ERHHE A 90% AVIIZR4E, 10%
Wik o )
43 SEIRERE S

‘i‘cﬂ)ﬂ HIER (recall) FIF-EIHE T (average precision,
AP SFe PG it JE B 5. Hoh, TP (true positive) N
TR A 1E B IEFEAS [ $0, FP (false positive) TR Ny
IERAREAR BB, FN (false negative) N FUl b 61 i
IEFEARRIZECE, TN (true negative) TN Sy 41 (1) FAUFEA
I E .

TP
recall= ———— (10)
TP+FN
TP
[sion = ——— 11
precision TP+ FP (11)
+pateet
AP:pl P2 Pn (12)

n
(1) BRISGRRTERIEE
AT B AR AL)R () ROR, 3 5 3% et R
A AT IR AR, 27 > R BN 1E-4; i A TE
I E N (0.3,0.7, 1, 1.5), LI 45 R0k 1 fiow.

R SCHE S PR RS SR (%)

for W 77 v FEf R AP50
Faster RCNN 83.47 85.36
P (¥ Faster RCNN 89.59 92.61

1 Mg RER, todtJ5 1 Faster RCNN FE8 7E
TR [F A APSO febr - #AE T4 4t Faster RCNN.
Ho H bR A B RAETFZ) 6.1%, APS0 27+ 721 7.2%. 24
HEJE AR BE A A B T T B 2R H bR A I RS B, A
FEAIS T IR IR 7 AR

(2) Wb S ES

Ryt — D VEAN B it A 2, LA Faster RCNN
TR R FERH AT T B o256, P 045 R R, WS INRRE
L TIEMLEXT APS0 5 A [H 25 HIFE T 2.7% F1 4.2%;
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SO 2 BN APSO 5 B 25y i $E 2 2.5% AN
3.5%. KPR O 7 RN M Re T — e B . T
RSB 45 AN 2 FiR.

K2 IHRSEIRES R (%)

UES ORI WARFS EECIES APS0
A ResNet50+smoothL1 83.47 85.36
B ResNet50-FPN+smoothL1 87.67 88.06
C ResNet50+CIoU 87.02 87.93
D ResNet50-FPN+CIoU 89.59 92.61
(3) Z M ALNT L

YT I B AR AR A 32 29304 one-stage FH two-
stage W57 1A, ¥ SSD. YOLO. Ji Faster RCNN LA
M ot J5 ) Faster RCNN F) 25 e B0 52 30 17 U1 45

N7 < N R B N £ 1 b SN M5 O

BEATXT L, S A5 R 3 fs.

>
K3 SRR IS5 R
For 7 1% HEZE @%)  AP50 (%) A (ms)
SSD Wb 7768 78.55 82
YOLOv4 80.2 83.0 75
Faster RCNN 83.47 85.36 191
Mgk U Faster RCNN 89.59 92.61 196

YOLO I ZR SR MIAE — 4> g R 46 i AT, 3
A B BHE AR, J N B AR IR, 2000 1T 4t
REFS 2 H AR AL B AT IR 2. X — 315 YOLO
R LEARNE RE B2 m] LUBIMZ AT, FE R I3 L F o
P B AR #. SSD 44 Faster RCNN LA £, 51N
TS B2 U 30 SR, (HBCH AL U R X — 2B 3R, A
5 SSD FAke Il T AR SR . 253t J& () Faster RCNN

PR 3 W] LA, AR AR, R IS B |

B AR, AR b, A7 T 7
. oA SOV B SR A, T 4 et
TP RN, M SRt e AT A AT

(4) TSN RHTBE R

WS S D 53 00 PR R B 1
SRR, SESRINE S B, 7T LA it )
76 FTLBR SR 2, SO R0y, ARG, 1
AL T A B (RO, S50 AW, it
T HR TR R D B 5 0 6 2, 6 B 0
o LA B R R A £

5 ZEiE

T IR T B ) B AL DA PE A vy TSR ) A,
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A5 RN ST Bk M A A AT I 25, A8 159 2503 S5 1 Faster
RCNN TG 7E A [9] 22380 72 751 K BB T T o
TR 2R AT WU A5 SR A A5 21 2 25 AR Ak DRI D AR SO AR A ot
SR, RIS AN, G SRR — R R A ) AR
=ik
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;
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