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Road target detection algorithm for autonomous driving scenarios
based on improved YOLOVSs

HU Dandan, ZHANG Zhongting
(Robotics Institute, Civil Aviation University of China, Tianjin 300300, China)

Abstract: When vehicles, pedestrians, bicycles, and other targets are detected in complex road scenes, the existence of
multiscale targets and partial occlusions may easily cause missed and false detections. In this paper, a road target detec-
tion algorithm is proposed based on improved YOLOVSs, orienting to autonomous driving scenarios. First, depthwise
separable convolution is used to replace partial ordinary convolutions to reduce the number of parameters of the model
to improve the detection speed. An improved RFB-s based on receptive field block (RFB) is introduced into the feature
fusion network to enhance the effective receptive field area of the feature map, improving the network feature expres-
sion capability and the recognizability of the target features by imitating human visual perception. Finally, an adaptive
spatial feature fusion method is used to enhance the effect of PANet on multiscale feature fusion. The experimental res-
ults reveal that, on the PASCAL VOC dataset, compared with YOLOvVS5s, the mean value of the average detection preci-
sion of the proposed algorithm is improved by 1.71%, reaching 84.01%. Under the premise of meeting the real-time re-
quirement of autonomous driving vehicles, this algorithm has reduced false and missed detections in the target detection
to a certain extent, effectively improving the detection performance of the model in complex driving scenarios.

Keywords: YOLOvVSs; autonomous driving; target detection algorithm; depthwise separable convolution; receptive field

block; adaptive spatial feature fusion; PANet; multiscale feature fusion

BB =R ER IT NN BT ESH

WA FH: 2022-06-21. B 4% HH R H 3 2023-09-14. P B R 0 R 4 O R B BB R A B9 AT Bl DR
c : L= A AR Y 4% T g ;

R o P P 8 . TEREQ ARSI TR

BE1EE WS}, E-mail: ddhu@cauc.edu.cn. %*ﬂi{ =P u, ﬁﬁ@i%ﬁé %E %Hj‘ﬂeﬂ&' P:‘E/J

© (HRERSAR) SR MU 4



https://doi.org/10.11992/tis.202206034
mailto:ddhu@cauc.edu.cn

519 % B OB A

S 1 © 654 ¢

H AR R I 32 mT DUAT ke e A2 W S ry & 4, 2
IR EAT I 7 YRR

TR MU SRR BE 22 > s & J', ml LiAg
ROYRANE TN T3 BURFE 17 B AR A I B A7 7E 19
R RS BE A L 5 52 55 T LA Sz AL RE ) A5 46
B, EAHS T —8 g ERUR

H A 5L TR 5 22 > 1) B bRk i vk 2250 R
PiJ5: 1)R-CNN"?, Fast R-CNN ™' Faster R-CNN"!,
R-FCN'™ Mask R-CNN"™! 45 505 H bRk 34032, K
AR S A FH DX 38k £ 1€ (9 2% (region proposal network,
RPN) A= 5li—/>TT REAL & R R H A 45 BEAE, B
I FH A R 2 ) 4 B BRURRAIE 58 SO0 58 H b 174 7
A2 B B AR B . 2) ssp'! pssp!
FSsD™ . yoLo" . YOL09000""' YOLOv3"",
YyoLov4" YOoLOv5"" FI EfficientDet' " 25 4
H AR I B, 32 38 0o A AR 8 I 4% 1 HURRTIE
K= A H bR B AL E ARG S, R A I FE 1k R B
U R R, 2 — oy 28] iy 1) H B A D0 B9k, B R
R ARSI 3

O A — 2B 0F 58 T AR W 2 A I 8 vk 1 31 A
B2 B b e v 59 B bR AT R) B N, BRI
21 4 Faster R-CNN A& I 440 1 v 3| A S T L 28
P A (B 0 6T St Ak 2, 8 A B AR 15 2
o Wit T 3T I A RRE Al A O W, SEILRRTE
S, RS A R s X /N RUBE AT B9 G 1 BE
fiRom AU 41— Fh 2 R YOLOV3 1Y 14 37 5
H A I 58, 9 38 S 1T [ 20N B AR 10 SRR AE S
R, 0 0y Ml fige e /N ROBE H bR (49 4G 00 ] 85T, [] Bsf
SOBA 2 K H bR AR

A B WS H bR I 5 A T ) 2 3 i
5P EARKE I R E S T — e sy it R, (H
k> 22 RO 22 57 Sl P 0 H An A i) iR 4 S
T ATy 38 V) T B Y il () 8, b4k, 76 A 302
g b, H bR R I B R T A H AR AR v
B A o7 HL K B [0 4% 275 4 B R g, BIER
B[] i LA 4 v i SE R PR FERIPE . YOLOvSs
LY A G IR R R T R VO T A ) S A
2 RS A BE AT A7 FEAR R B el it 2 e DA vy 52
B 0] 0 E ARG I ) TE A 2R o DRI, T X 3R TA)
W, A SCLL YOLOvVSs B! g b 760 38 47 kg
B, B — o 3 T Rk a7 MY 1t 5 RN 22 RO RRAIE Al
{38 ¢ F 474 I 3 —— YOLOVS5s-RFB-s-ASFF.,

1 YOLOv5s-RFB-s-ASFF # | & 3 v
JAE A
YOLOVSs-RFB-s-ASFF 53 A6 il 3 A2 4 14 1
7R, 43 R S 2RI 25 W B R AE 42 0 3k I BB 4 4

a3 1) BN ZR B BOR: B0 4 AR AS R 43 R U1 25
FEA G AR AL, F ] YOLOvSs Y H 3 1 &
B aa Y e A BUR R ST A 3h 4 i 2 640 14
FEx640 R E MK/ MYNGAEARLHATIRE, %
AF] YOLOv5s-RFB-s-ASFEF #1] % £ v i 17 31|
Yk, 13 BB R YNGR AL . 2) AE B B, A
FHFE 35T P32 AHHL I TC 28 3 5 3 47 2R 48 &
16, {67 FH A5 3] (18 A5 AR ASL X 75 A I ) PRI A% 2R A 7
R IE

YOLOvVSs-

RFB-s-ASFF e |

LR

\

YOLOVSs-|
RFB-s-ASFH

TELMRB B

Bl 1 YOLOvV5s-RFB-s-ASFF & i% #3372
Fig.1 YOLOVS-sRFB-s-ASFF algorithm detection process

2 %3 YOLOvSs B B AR 0 77 3

AR SR H T IR a7 B 4 i R £ RO RRAE
T N Bl Y T B H bR G I 5 1 —— YOLOVSs-
RFB-s-ASFF, HZEHELLANIE] 2 fi, 4 585341

1) i A ity (Input) X %088 347 mosaic K4 34
S L I IR HE TR A 3 R R 4R T S T A
A

2) F+ W4 (Backbone) F %k H Focus %%
4, 5 B B Jed SR 4t A B 28 () 4 1 AL S R T
FRUEEAE MG 2 BOR [] 2 UK I REAE

3) SR ER S (Neck) HIHFAE 4 535 X 46 Fl g A2
B4 M4 4R Y PANet 4%, A SCHE Neck #4>
IR BE W] 43 85 46 UK 17 DR R I 09 4% 1) 118 =
B, DA g G B 5 i A IR A7 B L RFB-
s, IR A R SZ BT, 145 ) 45 T - H AR B ERAE
FEIRAE 7 Kot H AR RRAE (5 AT R 5 AE T30 )9 4%
A 3 7 R AE Bl 25 49 ASFF il A [a) L2
/N 2 R I P R R 2 R A1 B 0 67 B 2801
S, R A RS

4) FIH /> (Prediction): 325 & 7E A [A] FR fiF
b TN [ RCSE 9 B AR, AL TF 548 2k ok 2K
NMS M FAE 0 45 o 5 2% o 45 ek [ 0 HE 52 0
PR 25 Loy B AR BE 1R 22 Lo « H FR JE 0 452K R 2K
LaX 3 #04H. Horh LR A GloU™ " sRi ik i



© 655+ B, S5 TRt YOLOvSs [ THI 6] [ 30725 B 37 55 19 18 4% H A As il e o531

B R ARy
IC—-(AUB)|

GIoU=10U—T (1

' 15|DSC—BL |22 Concat |
} '

j 14| CsP2_1 |

E A
i 6 .|13| Concat |
D40 R340 R | ik I

: 12 |Upsample|

t s[Csp13

21| CSP2_1

22 [ DSC-BL |

| Concat |

20 1%? 20 143 |

::10

s Lo 7R 9 UM AE 15 ELSEHE B9 50T L 5 AR
THE ; B /R HIHE; CFRIRA. Bi/ ML FIHE, &
7 PN AE 5 S HE ) 46

—7>| Concat |—18>| CSP2_1 L

! 1 .
E : 16 |Upsample| 19 | DSC-BL | RFB-s |- Jﬂ,E_E’
. { B

| Conv |

25 % 28

w
—_

RFB-s }—»—;jl ASFF |-E»—1—>

26 29

Sl Conv |

H A i
11|DSCBL 24 [ CSP2_I F,m

&l Conv |

Tﬁuﬂl oy

Bl 2 YOLOv5s-RFB-s-ASFF & i% I 45 1E 52
Fig.2 YOLOvSs-RFB-s-ASFF algorithm network framework

21 REASTESENR

R A AR A 285 i, 4 v E bR A 0 S
P, A B T 3 B 4 BUR R 4R YOLOvSs 1Y
Neck #4r55 11, 15, 19 1 22 JZ #9338 & FUZ B
SR AL e o AW TR C AL A v I A
THFENAE .

R JE 1] 43 25 45 1 (depthwise separable convolu-
tion, DSC)"™ #4735 B 3 TR TT LA S A~ A5 3R
1)t R B 8 AR AE 48T 11 X g A RRAE 2R A T
230 TE AR A5 B AR PR E AR R A Ry
AEBLSR o 2) i HIRST KN 1x 1 B4 RO IR B 45
H ?3;:1”!5%529@%?E55’%53‘Lﬁ3_ M, TR E T
] A A, AT 4 B AR 4, AT A ZOR] FH A
ﬂﬁﬁﬁ“*ﬁl—] IEHHEJ:E’J%?EE{E SN

& A FEE B RST R {Dg, De, MY, MR i A G
R, B BUAZ /N Ry Dy x Dy, it REAE BT RS Sy
{Dr, Dr, N}, N A% 030 T8 R . VR B2 AT 43 i 5 AR
119 5 A Dx-Dx-M - Dg-De+ M- N - Dg - D, 3538 45
B R A Dy -Dx-M-N-Dg- D,

D-Dg-M-Dy-Dy+M-N-Dy-Dp _ 1 1

Dy-Dx-M-N-Dy- Dy Nt <l @
RS (2) T LLE W, WER B E WA
Il S G S AR Tty N NS WA S g = I = ]

}WF, D3 I, HIVREFH 3x3 s BUZIE, A I

T8 3 4 BT LA BEAE 80 f5 0 S MR, it T 32

TR, B T R, BRAR T AR
22 BT EFIEIRAELR

TEFAS AF Bl 9 2% b 5 | A Tz B e
HUHE Y RFB-s, LA [A] /N RS 1 45 B G REAIE
FIPEATHRRAF 2 I, F— 25 B2 T 9 2 (4 F5AF il 7 e
T3, XA T R U A S AT R e 2 S B
X 43

mE 3 P, Bz B RFB A 28058
14 87 BT, i % Inception W 46", i T 24y %

ik IS TG, 78200 L85 B HTA
[F) FRORE A i KA B 250 5 R, B R I R A

RS2 B XK, S SRR B BE ST o

o -+

1x1 Conv  3x3 Conv

.->

3x3 Conv 3X3 Conv

ol

5x5 Conv 3><3 COHV

3 REHERFERIURE
Fig.3 Schematic diagram of feature extraction of percep-
tual field module

w4 Fros, REFB N8
3o

sit EE W



519 % B OB A

S 1 656 ¢

ReL U 3 i %

|Concatenation+l x1 Conv|

3x3 Conv, | 3x3 Conv, | 3x3 Conv, | | Shorteut ‘
r=1 r=3 r=5
| 1x1 Conv | | 3x3 Conv | | 5x5 Conv
A
1 Conv 1x1Conv
~—_

4 RFB WM& &EHTE
Fig. 4 RFB network structure diagram

1) 25 3 ERZ

BT T —Fh 25 T Mg S5, 05 3403,
A ) DR /N 0 3 R, HRe AR 3 RORE 418 T4l
FHAR TR RSE RN BRI T 28 454

WA 4 R, 55 1 A0S0l 1< ARiE AR
3x3 2 AP IR RECH DA, 5 2 4 3
A D1 B B, 33 ARERS B L 3x3 28§ 45 1
(P 5k RECH 3) AL, 55 3 1 32 h 1x1 brife
LSS PREB IR, 33 BB (P K RE N
S)H . b, BB T ResNet 479 shorteut 45
4y, Jd i % Y 77 R R 2 M 4s 1 I g B A

2) 75 £ R

G REARESZTINA T — N H2
40 75K % (dilation rate), REME ¥ & AZ Y 5K
SR AE (19 RUBE RN, AT LUAE S 4008 A [R] 9 4% 2,
B R ARRAE P A7 RS2 BT, PRI RE A% 00 4 v o3 P
MG BIR R B TR B

WK 5 B, % F RFB ik i) RFB-s [ 4%,
FH 3x3 B2 AR BRI 5x5 MERZ, 1
1x3 F1 3x1 & B 3x3 MBER)Z, 7 348
Z, BEFRER RSN, b TR

|C0ncatenation+l x1 Convl

3x3 Conv,

A
3x3 Conv, |
r=5

=3

3x3 Conv, |
r=1

3x3 Conv, |
=3

|| Shortcut ‘

| 1x1 Conv || 1x3 Conv || 3x1 Conv |—| 3x3 Cony,
A '
| 1X1Coan/|/1<1 Conv |
———_

B 5 RFB-s MELEHTE
Fig. 5 RFB-s network structure diagram
23 ZREFIEBENME
T 1] I 20725 B PRS0 Y F ARG I , o Az 0 ) 2

Wi AT BATESE HARAE N 22 5%, H Hbrdk
PS5 25 IS BRI . o 4R R i 2K 0 1 O
SR QLR 7o | NER (A S R (T U S W 5 S
PR 1 5 T 3 i O 26 A5 A 6 AN [) RS 4R AiF A 5 )
FHBE J7, AT 48 58 I 4% ) R AIE 3K i

JF i YOLOvSs HE42 R H FPN+PAN 1y 4544,
W RRAE AR 4 A0 ) ROBE IS, SR B B R 1 O
O A A RUBE A RRAE R A7 Rl A, XA (] RUBE ARp A
) 1) R B AT, 255 oy T ol IO 8% U0 G A

#£ YOLOVSs HlA [ 38 N 25 (8] R AiF @il A L
il ASFFC 3 et 243 7 [ RUJE 43 iF 23 FBC 9 366 107 B4 6L
TS, LA R R R = 8 mh G, A 3
I uEBE M E MG R, RE A HMNE R
i i ASFF [ il A o A2 2 AT i o0 14, AT LAGE i b
HE WY S ] A% 35 R 2 > IR R A, HLA SE 7 5K
fajBp, TR R/ INEIL AL

TE YOLOvS5s F1 /i1 A ASFF, ASFF 254t &l 6
Fi7R, Stk 5 i) PANet 258 % 3 S Ta) RO ()
FRAEJZ A AE R Ly Ly A Ly, 253 @A 15580 3 4
ASFF JZ /3 51%f % ASFF-1. ASFF-2 #l ASFE-3,

=L J——d ASFE1 |=|YOLO head]

setig ||

ANG | ASFF-2 || YOLO head |

- L }_q ASFF-3 | H+{YOLO head|

Bl 6 ASFF %4
Fig. 6 ASFF structure

BRI S BR AT LAST P A

1) A [F) RUJE 8] ) 48 FE 46 T 55 A\ )2 Ly(l e
{1,2,3}) RIEFFEBR Ry X7, K HAB R FFAEZ L, (n#
1) BYRFAIE X IR 31 5 X0 — R I RUBE R/

Xf T RUBE /N T 25 78 RO RN R AIE T I, 5
SRR AT FoRAERRAE, (1T 1x1 19 54
RO R AR (&1 0 3 8 BUE 48 2 5 H bR 2 O R Y
T E L, SR R R A A R R I R AE BT A RS
KA,

Xf T RUBE R T 25 78 RUBE R/ REAE LN, 5
BEXZRHIE B AT R RAEERAE, I H] 3x3 By &
B OBy 2) 3EAT T R AR, 1 4 ik I8 8 Oy BRLTE
ROST Y 172, [F] s 378 2 0 AiE 1 1) 3 45 R RS R
AN o AR RMALZ (B KR 2) 40 3x3 Y& U2
GBS 2) 347 14 Lo T RAE, SEBURHIE I8 1Y
REER/NGE—

2) F N R AR Bl e 8 RO R 4



.« 657 » B, S5 TRt YOLOvSs [ THI 6] [ 30725 B 37 55 19 18 4% H A As il e o5 3 1

ME X X0 X hR AR R I RRAE L, W aE
AT PEEE, ARG Gad — BT 3 1 1%
LBZE, I-M I softmax B8 BCK iy 8 3% 4 [0,1]
Z I8, B A3 E) 3 2 RRAE B AY A 3 R A8 )AL
i\ Bl v, B FRRAE B R 5 6 R A AN EE S 5O
WA 3, SR J5 2R G I o6 2B A Jin i 7 X075 31 i
LR RRIE AL A 25 R

WX TR S n 2 1 R AE 1] 9 2 RUBE 31 58
DZFRAE WS TG, 07 B R AE [ 5, X6 1o 565 12 1)
RIS 45 SRR .

1 _ 11 ) 21 ! 31 )
yij_Xij Xaij+Xij Xﬂij+Xij XY (3)

Sy 3R AR Y E G A B s ol B

Vi € 10,00, R AT 33 (B4, S5 e 5512
P s 39 B BT A2 LT R 5L

! !
al+B,+,; = 1 @)
Hor, il By v o il E S
/ll
I e
a, = — 5
ij e*’"u +eﬁ;‘u +C/1[Y'/ ( )
A
e
!
s — 6
Bz et (6)
et
!
YiT oo (7

et et + e
e A 4 M, mxt xo x4 i
1x1 B E], R A, A FIA 58 2ok (45 2
B softmax pREUS B, . Bl Fy,, 4 Hoa ) B
0,17,

3 EBERE AT

3.1 XWINEREIESE

AT UEA SCHE ) YOLOvSs-RFB-s-
ASFF B 001468, 78 Pytorch FEZE T X Hoat 479l
2 558, Y 5:F 4 48 Python 3.8.0 #E4T 4w i3 1l
Mz, &b BEES A Intel(R) Core(TM) i7-10750H, i F
4 NVIDIA GTX 1650Ti, #:4F & % & Ubuntu
18.04, % ] 11.1 lUA HY CUDA, HEHLIL S JE N
Python-OpenCV 4.4.0. ¥ 1A% >] F %N 0.01, batch

size S 4.

7 PASCAL VOC H Frse I 23 JF B dfs 48 bk
175 325, % PASCAL VOC 2007 F1 PASCAL
VOC 2012 Il Zr B #4175 I, E 8 YOLOvSs-
RFB-s-ASFF # 8 (i)l 44 , I3 45 & PASCAL
VOC 2007 ML 4> . BIRETE LN ThRE
U T Rk B bR i L SEAE P47 B RN SR
B B b i HAR B AETT L4y 4 K2 vehicle,
household ., animal. person, 4143 J5 7 20 2 5Ky
Yk,

3.2 FEMIEER

J T KA SCHE H ) YOLOvVSs-RFB-s-ASFF H
B I3 v B M e R AT i 2R A BT, SR
mAP@O.5 FHA i 3 B AR A PEAN FR A

S XA R FE Y (mAP) S BR H BR A IS B
mAP@O.5 fCFRTE ToU BI{E N 0.5 B ()~F- 408G B 1
B RGN S 2 Oy g D A A% ARG I 1) PR AR o 45, Fz Bk
H bR 0 5 B o AG I 45 SR 0T DA R 4 e B OE 4]
TP . R 1EfFP . EL 171 BTN | {2 1 FIIFN

5 B % PR s I 46 K I 19 T A B A v ol 1E 28
ANECY LB, A TE] 2 R TN X4 4G 1) 1E 288 8K
PEERTA IERM HL B, A AN

Nrp
P= 100% 8
Nrp + Nep X ’ ®)

Nrp
= X 100% 9
Nrp + Ny ’ ©)

- SAKG BE P AT 50K B A Poa BT AR
Py = fol P(R)AR (10)

1 n
Poy = ;ZP (11)

Ao n o BOHE SR AL 5 28 BB, Pa R BRI 2R
SRS 1 S8 At R
33 XWHERSHW
3.3.1 BT

J T BAEA SCHE H ) YOLOvSs-RFB-s-ASFF
BB PERE, 43N GE T M 4% 1 mAP@O.5 FKS N
B2, AR EPERRFR AR AT L SR 1 R .

F1 AEEEEEIBERXTLE

Table1 Comparison of performance metrics of different algorithms

ECRES AT (BRFEARF) Eg N mAP @0.5/% KDL /(fs)
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Table 2 Ablation experiments
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Fig. 7 Visualization results comparison chart

51 S 7 B IR EE T, AELE PR 2SI 1
REREIN H AR o GRS 1 4L S2 80 X b 25 SR T L&
B T ARG I B X T LR I AR A H A
fHJE YOLOV3 Bk fEfE iRt M4, K —HH
0 10 ) A R A, R PG ) 6 A R R
., YOLOvV4 5 YOLOv5s-RFB-s-ASEF # k5 &
5T YOLOVSs,

552 SRR H AR A B FR 50 BAF A
FEE R . S 2 41 SEE X HL A5 SR T LA
YOLOv4 57k K I 25 3 v A7 78 — W EE 6 A U ki,
T H Al 3 i B 3 24 BE A% LE B KGN 11 A A E R
YOLOV5s-RFB-s-ASFF 5.7 [ 5 0K 2 5 YOLOV3
A4, H & T YOLOVSs, B TI5 B 1] 43 55 4 B
B, A SCR R 3R L YOLOW3 PR,

B3I MR H HARAA R .
55 3 ST g R T LUA Y, etk R a7 B A 5
B RFB-s 14 I AR SO L BE A% 1 KA 85U 3Z
Y, A0 T AR AN H bR, T AR SRR Y
LT TR AT

554 ST R ARSI E AR A ST R AR B 2R
FEEMG AT, RGP AT ERER %
5. YOLOvV3, YOLOv4 B A1 I i, HAG
MF] 5 ARSI H AR, YOLOvSs HG I 3 4 1%
K H bp HL S A7 A R A O, K Hoh — 4 (3 47
TR N EEFE 4R, AR SCAR R AT ARSI BT 1
6 N FRRLI Y F AT 4 H R

LEATE, A3 YOLOV3 . YOLOvV4, YOLOVSs
Bk, A SR ) YOLOVSs-RFB-s-ASFF 454 H
B U R A B U A A, U B R, i HL S
AP PRAIE

4 #HHKiE

DA T —F 5T YOLOvSs di ik iy 3 bRk
% ¥ —— YOLOv5s-RFB-s-ASFF &3, 7EH )
W BE R S T R B R AL . AR AT 4%
BB I 33 AR, fE—EFE b
WD TR S HCE 5 A R R 7 G i A

RFB-s, {ff [0 4 B 2 iU gl 3¢ 5 0 Jl 52 B9 o X B
5, DATAT AR ol B A IR 32 BB 0 A T, T 4 1
AR B R MRS B2 5 55T ASFF #4 i 2 ROEEAFE A
SRR I N R S B i R LU E I e 1
I/ H TR IR 2 R B AN A i g ) U A A R
KA .

2) S PRI Ee R WA SCT5 1 BE S A iy Ml fif R 2
FOBERFAE K F b 38 35 (4 A 00 PR, oS I 9 0k
SIS I 32 AR AR B T I UG S A A P AR, (ELAT s
R SEIHE R, A v ARG IR 55 T 5 5
s=ol N S Ry Rl R s S N 2 B (S B 75 o
MR RS, KRN H b B, $2ik YOLOVSSs-
RFB-s-ASFF 5351 H b 57 T H ARk i 19

AEJT o
£ % SRk

[1] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and se-
mantic segmentation[C]//Proceedings of the 2014 IEEE
Conference on Computer Vision and Pattern Recognition.
Columbus: ACM, 2014: 580-587.

[2] GIRSHICK R. Fast R-CNN[C]//2015 IEEE International
Conference on Computer Vision. Santiago: IEEE, 2015:
1440-1448.

[3] REN Shaoqing, HE Kaiming, GIRSHICK R, et al. Faster
R-CNN: towards real-time object detection with region
proposal networks[J]. IEEE transactions on pattern ana-
lysis and machine intelligence, 2017, 39(6): 1137-1149.

[4] DAI Jifeng, LI Yi, HE Kaiming, et al. R-FCN: object de-
tection via region-based fully convolutional networks[C]//
Proceedings of the 30th International Conference on
Neural Information Processing Systems. Barcelona:
ACM, 2016: 379-387.

[5] HE Kaiming, GKIOXARI G, DOLLAR P, et al. Mask R-
CNNJ[C]//2017 1IEEE International Conference on Com-
puter Vision. Venice: IEEE, 2017: 2980-2988.

[6] LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: single
shot MultiBox detector[C]//European Conference on

Computer Vision. Cham: Springer, 2016: 21-37.


http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031

F19% BOBE R & o M * 660
[7] FU Chengyang, LIU Wei, RANGA A, et al. DSSD: de- YOLOV3 detection algorithm of road scene object[J].
convolutional single shot detector[C]//Proceedings of the Journal of Jiangsu University (natural science edition),
IEEE Conference on Computer Vision and Pattern Recog- 2021, 42(6): 628-633,641.
nition. Hawaii: IEEE, 2017: 2881-2890. [17] REZATOFIGHI H, TSOI N, GWAK J, et al. Generalized
[8] LI Zuoxin, YANG Lu, ZHOU Fugiang. FSSD: feature fu- intersection over union: a metric and a loss for bounding
sion single shot multibox detector[EB/OL]. (2017-12— box regression[C]//2019 IEEE/CVF Conference on Com-
04)[2022-06—20]. http://arxiv.org/abs/1712.00960. puter Vision and Pattern Recognition. Long Beach: IEEE,
[9] REDMON J, DIVVALA S, GIRSHICK R, et al. You 2019: 658-666.
only look once: unified, real-time object detection[C]// [18] CHOLLET F. Xception: deep learning with depthwise
2016 IEEE Conference on Computer Vision and Pattern separable convolutions[C]//2017 IEEE Conference on
Recognition. Las Vegas: IEEE, 2016: 779-788. Computer Vision and Pattern Recognition. Honolulu:
[10] REDMON J, FARHADI A. YOLO9000: better, faster, IEEE, 2017: 1800-1807.
stronger[C]//2017 IEEE Conference on Computer Vision [19] LIU Songtao, HUANG Di, WANG Yunhong. Receptive
and Pattern Recognition. Honolulu: IEEE, 2017: 6517— field block net for accurate and fast object detection[C]//
6525. Computer Vision — ECCV 2018: 15th European Confer-
[11] REDMON J, FARHADI A. YOLOV3: an incremental im- ence. Munich: ACM, 2018: 404-419.
provement[EB/OL]. (2018-04-08)[2022-06-20]. [20] SZEGEDY C, LIU Wei, JIA Yangging, et al. Going deep-
http://arxiv.org/abs/1804.02767. er with convolutions[C]//2015 IEEE Conference on Com-
[12] BOCHKOVSKIY A, WANG C Y, LIAO H Y M. puter Vision and Pattern Recognition. Boston: IEEE,
YOLOV4: optimal speed and accuracy of object detec- 2015:1-9.
tion[J]. (2020-04-23)[2022-06-20]. https://arxiv.org/ 211 LIU Songtao, HUANG Di, WANG Yunhong. Learning
abs/2004.10934. spatial fusion for single-shot object detection[EB/OL].
[13] GLENN J. Ultralytics. YOLOVS[EB/OLY]. (2020-06-03) (2019-11-21)[2022-06-20]. http://arxiv.org/abs/1911.
[2021-04-15]. https://github.com/ultralytics/yolovs5. 09516.
[14] TAN Mingxing, PANG Ruoming, LE Q V. EfficientDet: EE 9T
scalable and efficient object detection[C]//2020 IEEE/ AP, BB, FEF R
CVF Conference on Computer Vision and Pattern Recog- BLAS N FRBLIR A | 2 4% AR K0 il
nition. Seattle: IEEE, 2020: 10778-10787. Fo HURAITEA] 30 R0, RAEA
[15] PRV, 2% S, B Tk, . 3R Faster R-CNN 0/ X 20 K B-mail: ddhu@eaue.
ROBEAT KGN [7]. HEHLTRE, 2020, 46(9): 226-232, edu.cn.
241.
CHEN Ze, YE Xueyi, QIAN Dingwei, et al. Small-scale
pedestrian detection based on improved faster R-CNN[J]. ‘ B‘K'ﬁﬁ’ it ij Sk, Iﬁﬁ}%ﬁ
Computer engineering, 2020, 46(9): 226-232,241. gzi%\;%i?ﬁﬁg;f}%iﬁi
(16] MR, T5E, EifE. —FFZUE YOLOV3 Wi H

PRAIN B2 [J]. VLI R 23 (H SRR ), 2021,
42(6): 628-633,641.
YU Qiang, WANG Kuan, WANG Hai. A multi-scale

4, AR (L BRI KA LA
VN = INRIN-X52:N-E I€i &)
TEFE H—4=% . E-mail: 1113276573@
qq.com,


http://arxiv.org/abs/1712.00960
http://arxiv.org/abs/1804.02767
https://arxiv.org/abs/2004.10934
https://arxiv.org/abs/2004.10934
https://github.com/ultralytics/yolov5
http://arxiv.org/abs/1911.09516
http://arxiv.org/abs/1911.09516

