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Research on Obstacle Detection Algorithm of Blind Path
Based on Deep Learning

DUAN Zhongxing, WANG Jian, DING Qinghui, WEN Qian
(College of Information and Control Engineering, Xi’an University of Architecture and Technology,
Xi'an 710055, China)

Abstract: In view of the high complexity of blind road scene when blind people travel, the existing target detection algorithm is
difficult to extract the features of long — distance obstacles and strip obstacles, resulting in missed detection and other problems.
Asymmetric convolution module (ACB) was added for bar obstacle detection to strengthen feature extraction in vertical and horizontal
directions. A hybrid pooling module was constructed. Strip pooling was introduced into the network and pyramidal pooling was inte-
grated into a hybrid pooling module (MPM) to enhance the detection effect of the network on the long and non—long obstacles. At
the end of the network, the fusion mode of features is changed, and the multiplication form of low—level features and advanced fea-
tures is used to strengthen blind obstacle recognition in complex scenes. The experimental results show that, compared with YOLO

V4, the improved algorithm has improved in multiple evaluation indexes in the blind obstacle data set. In the actual scene test, the de-

tection accuracy of long—distance obstacles and strip obstacles is improved obviously.

Keywords: image processing; blind lane obstacle detection; asymmetric convolution; mixing pooling; characteristics of the fusion

0 5|5

WE H S EE i ARERBGRE 1 731 7, HpERA
g B 23,500, MRBRE AN TEAE b 59 S, AT B R AT 2
ANET 2R 1) 8, HH A3 % R R R e, B
MlahEF AR 25 RN, 8% “MiE7, FefdbEg
FWXE, HRARME SHEERS 4%, 300
BEAREHRATAAE L SRR, SR P E 3 B ) AR AT F)
TR AR & WLAT. REAERTHSRRE,

LA, WAE AL PR B R B B R, BB B &M
2 R ARF M BE AT P 4G )y 35 . Girshick %48 H R — CNN
R 3 3 3k ) R 4 Rl 8 0 4% 4 B E AR R AE A S
A RIS B, R—CNN #8215, 4 £ 2% 5t
H MR R 5T S04k, 32 8RR A B AR R 5k DR = .

R EHE:2021 -04-07; {EEBH:2021 -05- 14,
ELWMB :BHEARB2EES(51678470) ,
TEER AN B4

SIAMER B E BT HE. S ETRIES TN EIE

(1969 =), 55 I AR NN S b L 208 19 o A 0, 2 AR
[ A A ik S (). S AL G S . 2021.29(12) (27 - 82.

£ 3 4§ SPP — Net'?, Fast R — CNN"/, Faster R —
CNNU ARG B 3, 0 28580 3k e 100 ) 39 o A 00 463 ) ) 3 2

PRI o R A S N B ST AT M XA L, AR A AT H
RS, TERERG R I b JC AR T N 3. H 1A B A R ) S5

S SR 1 7 ) B R R B OE AL . Redmon
ST DR O Y BARAR T YOLO |k, HEEEER

$%H%¢ﬁWEHMW%%ﬂ%WW LA EfER. M
P95 I Bt b G 0 B 9 A 0 PR H — B BT T
ERS Tt T“ﬁﬁﬁi??XTEﬂﬁ?qjd\ﬁ”Ei*rﬂﬁ#?ﬁE%zﬂi TN E
AF. Liv S0 SSD Jrik . W4 51 ASEIRAE BEAT B 154
Rl 32 T L5 TR H AR IR BE . Redmon™ B 5 1
4 SSD AR YOLO V2 5igk, e s & 4 Wl i 42
Tho ABEXS T H AR AL 52 BUBE J1 B A 153 204 20 k. ik

AEA I -5 AL A5 T 1 PR BIE 5

BB M www. jsjclykz. com



.« 28 - P A 5 45

529 &

WX T B ARFFAE R BURE 77, YOLO V3™ LK YOLO
VAR AR . 0 45 0 0 Bk 2 5 M 4R R /N LA 4k
HURFIESR BUCRE 77, DA S5 BURT BE 09 48 7. BECE H Ak i 55
b AT BN R Y oAUl L A X D UM E R N RS 5 i
AFASTR) J7 T A B atE , 2 Mg 6 AR X YOLO9000 #5#1 $2 H 2
i, EE XA E R SR T RE S Z BRI, £
HEAR AR EE X B bR R IR A 0 1] B YOLO V2 5 1
BRI S e AR R BUE A i B AR AR B R R A A
(1) 4 == 375 St £ 1 B ) S R AT ok R R T £ ) K RS . 5
BEHUERK YOLO V3 R AE 48 IR0 46 75 5 25 R 6 A, {7
R I 32 M ) % < AR R 4 ) B vk R AT DA 4R e X
e EARROREI . PMESET R K— means— threshold 7%,
VAN K — means 5k % 5 28 o0 ) 06 A7 B U R
BRBR AR AR B X TR rh /N B R (AR 3R A XD A
YOLO V3 W&t )2 347 LR A, ¥ & 2 Rk 5102 5
E HEAT FRAE @l AR 15 X B A H AR 0907 B A S . RN A
XF Tiny YOLOV3 HFnds I gl i, B 2 25 K5 HER
Bran A, R R T A B A AR 4 4% G 6 AR B
DO 245 ASSRURS J8 . 1 T A e 0 I 4% ok B 5 A 1 SRk
2 WA R A B X R AIE Y 2 B B B BE T R . (R
%)2 5 = )2 W FRRAE AT 2Rl 7 > 1 i xF /) 78 s 55 9 %) ez i
i, MEEREGYURETRER, ERMEELZ, Uik
WEHE (5 Eb R SR S AR R UL 1) B B R DU ARk A S B A )
FEAEX NI RF  R . mBE B . 4508 B i 4 1R 19 T
R URAGSE ), EFXT LA R ), AR SO TR B 2R ) )7
X B B AR R T WO . R I AR S TR 2% 4Rk
1) AT E RS R o R AT A BT, T R T B Ak D)
BT W 1R FR AR AR B 50 Inl 8, 34 B X R B BB B
(ACBY'™, AE 3 15 7 0] 5 7K 57 Jy i) 58 Ak 7 AE 42 B, B $2 HC
S B REAE B I 20 7 T 6 BURRAE T, ST S8 W Ak DL R i
PR WA MR AE N3 2) 5] AKIE WAL B E, T
B b = AFE L SERELN T, HIRBK K
SAER AT BERG B RO 4 5 55 Ak B0HE D R A i ik
BEEe (MPMD; 3) P78 F5fE @b & 7 s 8 o SRR IR 05
SUAE B SRR AE 1) 5 2R i e B 2 b 5 F H E BE A
YR )
1 HEREBRUEXRRWK
1.1 4SEIRENEH

W26 5 AE SR B ZE A AN 18 1 B oR . 1 CSPDarknet53,
MPM 3yt fb A He . PANet™ 21 i, CSPDarknet53 1 4 & F
FRAE 42 B 2%, |1 Darknet53 FI CSP Ja i 38 X B Bt 241 1.
Darknet53 F%H 5 MR 2ZEHAG A, CSP a8 X o Br iE 9%
H5R CNN MR AE R BCRE 77, 7652 5 A Y [F) i 07 415 o 1 44
FEAR T A . MPM iR At Ak e, B Pyramid pooling
5 Strip Pooling ZH B, 3= BEAE I 3G 0K 9 25 I 52 BF 39 59
SIRAF AN AL BOR . PANet 3l 43 @ 10 1 A9 5472 189 58 4 %

J2 A A B U Y R B P A S YRR R A R R AR 2 18]
A5 S AR 3 9 B R AR JE IR

PR S 11 D 45 PR AR T B U B T R R I
op, KR AL S G I AR B MPM IR At A BB . 78
FRAE R 07 XL BUE R SE concat fili A 8 F . K & GURRAE 19
VB SCAE A BIAIR ZRr E 35 558 00 /N H AR U008 B

_____________________

{ CSPDarknet53 | MPM

-l - BH-0-1- )

608 X608 19X19 X255
X3

ﬂ ﬂ {CONV X 3 = CONV X 3
i i ' CONV X 5
N 38X 38X255
Upsampling
Downsampling
“‘}-@'@ 1)
CONV CONV X5 CONV X 5
Upsampling Downsampling 76X 76 X255
X
PANet CONV  CONVX5

1 FRAE$ I

1.2 FEXHREMRER (ACB)

N 0 245 1 552 B R X R AR R ) S H E R
/0N b BBk 9 A S 1) G 0 AR AR, 7 0 2% D s AR T S
fik b 3 AR B s BB B L 38 50k AE P 1ROK P 5 R 5 R b
AR AR I . 8 T B A A I R X T H AR B S
IR R UL, 7 KR B IC N B, N R AR X AR
BB A R AR AR S PR HUS 5 1505 & U 4R
IR AE AR ST AR 0. 42 TH 19 4 08 2% ] I Bk 40 1 A 00
JE . R AR A dam A e 5 ) 11 T A R

Conv(ACB) )

Conv ) (

K2 HBRLEH

WE 2 FiR, BAEXFHER (ACB) iR 2] M 45 5% 25
Hurpr, SX0E bR B RE(F BT, S H
T 46 B L U FRAE 1R B TR G .

B3 ARWMT, MF—MR5NHXW, @EHH DK
B, BEHY C WRHEEENWA, | F e R 3%
RERE. M € R FIRHA, O € R 3R RHE

BB M www. jsjclykz. com



Bopd, &5 T IR o 1Y OE B AR O B R BT 5 < 29 -

12 M
RRE 0]
. . HEE 3x3 conv gazang
1 M ‘ EEEEEE
ik
%‘” . smmeme |,
O 3X1 conv ::::::
— . EERESS

3 BHUFEHE

B, StTFXNZHE G AERAZ, XN 4 AE w5
BH -

O(:.:,J) = EMﬁ *F(:{):,k [@D)
K=1

Hrpr. » BTHEHET M, BEM WS L EEWR
RAPRUXV BEIEIE . F2L 8 FY RS e A EIE R RS N
HXW W EE . (8RS B AT & e B 3 x5
SRR A BIbR e TR o i, A3 it B e, A
HF

I+KD 1% K? = I« (K" @ K?) ()

Horprs IR—NHRE, & MY RREEHERST WA
2D %, @ JEFE R R AL B R A, AR G 3 X AR A B B
(ACB) 4815, RET HAr KT 5M®E T W EWFHIE, 75
W 5 RUG BRAEX N B R ES I, LR &
HPRFHIEAS B0 5, $2 = I 2% X 4508 B 18- 490 H b 19 Kz 0
R
1.3 RB&M4 (MPM)

SFERMALIE N T IR T R AR SZ B BB B B Rk
ZWRY YL, AR AEE JIHLE] (self —attention) 3
VEEEER, W] LA S S (dilated convolu-
tiom) " B & FIE AL, H X JLFP O AR R AR T ST
MR, AXGXB LN, EXrEFES RS, &5E
WAL T 45 TE B bR f AR - A BAR . B X T ) R
ASCERRGIARK S A B, BRAT DL & K 45 A ) 4
fETE S5 B[R A sk 5 T 05 O T8 Ak i 51 AR 75 B 5 B
M ARG R . B &I ik L& F 807 bR
WERRSCR A2, Hikikit T —MiRE &R (mix
pooling moudle), FHZEMINE 4 s,

Feature Map Output

( High-level feature map j

4 FREREE

K5 s iR G i b, &5k S B ik
BEGAL R o A e AT, X F—M AN H X
W RRIE R . KA A 0

L1 .

yi = WOs:,Z;WIZ ,J (3)
[i] P 2 E b AL A 20K

L1 o

V= H(‘;“ﬂ’] 4

Horpr: oo ARFMALTE L, Kt AL J5 B4R AE BT AT 5
B YA YRR AR T HE AT N AT . PR A A S
A A MRS 38 o B 4 B AR AR AT S BRI H
o DO R PR R AR W A LA R B ) A Y A

TG Z
MPM
@ 2DCconv —» %
% % % 2DCconv %
(a) 2DCconv —» [ —»
HXW
% 2DCconv  ——» %
+%
@ 1DCconv = %
2DC
® % HX1 [E==CE %
HXW % 1DCconv ——» %

1XW

1.4 HEREAR

B R FRAE G 7 % — B concat, concat S i 4738 1A
P&, PAREE R INE RS — g B A s, H
/& concat #ESFHOIT R A, MANHRIEAE £ &K
SEER, MAERAFEMIEXERE, FHibAg A
—RIERAE A T, IR 6 R . AR SCHRRE BbA T 2
B ARGURRIE S FOR ARG 1 = AR AE AT 32 L R AT . R B
1EM N rat A B LS B4 SR AT AT 0 —fhAb 3,
SR AR E & A E 2 iE XE R, MM +5iE
HN BAR P ARRRAE (S IR RAE . IR MG X FEEH

UNER /LN R ORI
%Nl (i, )~

%(L W)l

K6 FRALELG

Feature Map

l(%xm

K6 AR ERE & O, AN,
v = flasxm) (5)
v FORFHERL G R, f RRFEREIE I, o RORIRGER
fE s o FARRMPFFAE, N1 2R ARG AL 45 — 3 18 X W AR

High-level
feature map
Unsample

BB M www. jsjclykz. com



30 - AL i 5 4

B, N2 FoR B A& — @B s g 8. AR, 2
5o W R K/, GEE B, SOR S BRI T
WA, MGG S RS, R RS ISR AR X
IR AR i B O A W 15 = VA RO S | R (= S
2 XWEZERSH

B & B Inter 17 9700K AbHE %%, 1 4 NVIDIA
2080T1 W 5 IR JE 2% 2 #E 22 R F pytorch — 1.6.0, LI}
Nvidia A% CUDA1L0. 1 f#§ GPU 58 F & L K% CUDNN &
23 GPU hns %
2.1 HERBYHIESE

HAl, HTHEERMGERMELE R, ATREXIN
HIEEMEmERNEZ, BMMA £ N as
T4 T B AT AR R A SR T S BR T BT
WE, SMEEEEHANRERY . Wi ETEXEEE
B EZ AT RERE R, AN KIS EE L
W BERY®R L, TERE., ], MENE | BILE.
TA ZF. BFSEPREYEREH, HPhRE. A1T%E.
BERL AT AR S LR R L AR K. X F L
EEOL . ARSCRAASHE R, HRERFET R TR 37
AT B T 5 A R R BT AT B A R 3 5 Y B A
PEG . MR B oy W . — o AAR TR K0 B
R E G, 2R GREAEY RE
. BERFHIRE DL B R L . Wik

Glou

7 HIE AT RR AR

K (a) Fn GloU |2kt #E, (b) /R Objectness Il 45 i
i, (o) FIn Recall YIZRiT ., (D Fon F1LUIZGS R, (o
2R Classification Y1 ZRiE R, (D FR mAP Il Zkid 7.

Dy B AT R A SCLHE YOLO V4 MZ8 I PERE . A0
FAST—RCNN, Faster— RCNN, MASK—RCNN, YOLO
V3. YOLO V4 W 45 g5 47 25 4 % b i 1 58 S B e 25
R WAESHE YOLOVA MZHRE. sk 1 fn .,

X YOLO V4 5 B ) 46 w4~ 58 81 19 4 95 A5 )1 2k
AT DA W, SR I R AR AR & GIOU 2k 0. 73,
Objectness 2y 0.421, Classification 24 0.007, Recall
0.975, MAP 4 0.976, F1 }0.909, 5 YOLO V4 A7
B B R AT ECE S X N S AR 4 R TH T 0.036, 0.01,

e yOlovA—EidE
— yolov4

RS A—H U ETEREN  *°
FFESY E G, BA YR —,
SRR R R AR R AL R S A R B AR R
B3kt 3 380 5k, E REAH O BIESE .
Xof BEAR 3647 5008 1 5 7 vk Y e A 4
it 7 460 3K,
2.2 EESTEUSW

AR ISIE B YOLO V4 & 45 ()

Objectness Recall

4.0 T T T 1.0 T T
3.5
3.0

@ 2.5

3 —

5 e

o 2.0F 131

2 &

=

S

o = =
o (=] o
T T T

¥
d
/ |

BB 45 YOLO Vi fER A 95K, 05—
MR ALK B T VOC B g B % et
g S X B A 4 3 1

F1

n " n 0.2 n L n
200 0 50 100 150 200 0 50 100 150 200

o

Y5, IRtk N 64, ZEWL K 0.000 5, 1o
BRI R UCH 200, 0 4525 5T 5
107, 100 epochs J5¥# % & 10", 150
epochs J5 Ny 107,

T XA AT B A BT, X T
o 7 % 0 0 1 e T R, R R A
838 I H GIOU., Objectness, Classi-
fication, Recall, mAP, F1 1N &¥F
ragdr. Wk 8 PR, 0.2

0 50 100

B 8 435 Fm YOLO V4 #7155 p epochs

P50 28 R 25 A FE AR I R 7 1) ©

I 5 = A R I 25 46 AR R AT X EE

epochs epochs
(b) ()
Classification map@0. 5
1.8 T T T 1.0 T
1.6 B
1.4 i
1.2 4
(-]
S
= 1.0 1 *
g g
s g
= g
@
<
S
0.2 s L s
200 0 50 100 150 200 0 50 100 150 200
epochs epochs

(e) ()

K8 JNgrfstr

BB M www. jsjclykz. com



5 12 39

Bofi 6. 4. 0B TURUER: ) (0 I GRS v 5 . 51

0. 000 183, 0.007, 0.003, 0.005,
1 ABUIAE T I8 A RO 4 I R A AR

e 14 75 3t — 2 1 50 e T 00 AR S AR A5 L T LU S AR SO
TR £3 77 L ADE T concat fil 6 Ok BEKE B 85 9 H Ao £ B R B

Y ¥ = P =y =y
GloU | Objectness | Classification | Recall| mAP | F1 HHIE . YOLO V4 [ 28 %F Bl 4% A LL K HL 3l 4 2 H AR £
FmR, BRI BON . TiASCR %18 T YOLO V4 W4 Ui
CNN 1.19 1.08 0.036 7 0.683] 0.66 |0.688 %Eﬁ;a
) e -
Faster R— 2 FRAESRECA L
1.10 1.01 0.030 1 0.766] 0.77 10.774
CNN Feature fusion YOLO V4 Article method
Mask R—
1.04 0.97 0.028 3 0.784] 0.79 |0.798
CNN
YOLO
1.15 1.04 0.0315 0.738]0.754]0.766
V3
YOLO
0.774 0.431 0.009 11 0.968(0.969|0. 904
V4
Wt YOLO ‘
Vi 0.73 | 0.421 0.007  |0.975]0.976|0. 909 B 9 % YOLO V4 5t YOLO V4 iR, (a).

S8 3 L YOLOVA f %% 5 FAST—RCNN, Fas-
ter—RCNN, MASK—RCNN, YOLO V3., YOLO V4 X%
i1 GIOU #8543 BT & 8L, Btk YOLO V4 R4 % T H 9280
FEIAE 1) g P 2 dpe e DRl A 30 b A TR o 1 LA X
B, BT BRSSP AR A i T RGP T T K
T 3 T A b Al AR R R S B A A SR . S B I 4 PR A A R
% By IOU X 8; X kb Objectness #§ #% & ¥, o i#
YOLOV4 W5t F Hx I0U XI5 114 £ 35 % % 1 4 FAST —
RCNN, Faster — RCNN, MASK — RCNN, YOLO V3,
YOLO V4 R f 51 2 58 /N, IEB it YOLOVA [ %%
AL A L AR X, 25 R R TR O T SR AE 1Y
T, B FASCHIRA AL B ACB 58 24 & BUR X
FEMG 10U X IRE §2 B0 RS 40 FE B . $2 ICENE b 40 80ke
fEfH B s %Lt Classification #8450 %1, ik YOLO V4 K%
Xt F o2 gt A e A gl i T FAST —RCNN, Faster —
RCNN, MASK—RCNN, YOLO V3, YOLO V4 W%, 1]
DAMERA A S8 B A5 4 R B IR AT X 4. A9 3% T AR X AR R
FEHT 4 BUZ S ICRE ) A i, DL KR AE G O 2K 2 4y
AEXT & SRR AE AN T8 G 20t s @30 X Recall, mAP, F1 Jt
3AMEAR M O] 1, Bk YOLOVA W45 % T 4 (& 200 (1)
IEFE A B &R FAST — RCNN, Faster — RCNN,
MASK—RCNN, YOLO V3, YOLO V4 R# 4T 8k, A
Xof B 20N B PR A HUAE F1A — 8 BB T, BE T M 4
T TR A 25 00 B A W 5k A A A Y o R R R R
XFF mAP LA & B SR E bR AT AT A, AR ST IE IR A
AR . 22 ROBE 0 R AE il A 7 2K 8 3R X FR B BRI 4%
BARHBITRFR, ZEAAGLSIHMATLMHE R, %
AT G T R B bR W R KR B0 EE Ty, DT B T
o) 2% e A (R ARG RG B G METR 3R, IR T B0t I 4 A o

£ 2 43R YOLO V4 52 SCRMIE SR IO 1% T8 B
TR o 3 K R X R A B A TR AE B IR 4%
VBRSO AE 1 15 B S AR AE A Al A . A AH

(al). (a2) /R YOLO V4 BRI R, (b . (bD),
(b2) F/RHGHE YOLO V4 R RIS LR

- R

(a) (al) (a2)

(b) (b1) (b2)
B9 R b

HIE 9 AT s Jd 2 51 A E X FR 5 BB e, s 1 X
W 490+ 5 DX R A R BRCRE g . 0 A 0 255 X A Ak B i
Wy R4 250 Bt - R LA 00 £ ok o ] I A A e ) R 00K E
TR WAL B D 75 G5 B DL B IR R AL A5 B0 B H AR
FE T, A AR R Y b5 T SCHE— 22 R AR DA R
TR A R AR AR R . ik YOLO VA SRR T YOLO
V4 5L RE R G A 2508 LA K/ BB ARG I R . 4R T T
PO 25 A5 TR X i i 0 ) G A B2 . X T AT A0 R AR A UL LA
B AR B AN I S 00 A H bt R AR A A A M ARG )
Ko HeEt YOLO V4 #ERIFE T 36 b 3 P Rl o 42 i 1 o0 4508
W 00 ) RS E 7 o [ I R X AR A AR L R TR A it A B e
S T AR 200 B AT W )RR AE S S . 0 3 B R A 1 AR
MR WA 2 TT .
3 #RiE

ARSCERXE T F AR RS I 5 3 7 A I I B R T A

BB M www. jsjclykz. com



¢« 32 .

AL i 5 4

529 &

55T 18 B g A 0 A7 6 IR AR R A (P, FE YOLO V4 FERISE
filh o s TR AR 53 E T n ERRIEEST .
HETR At Ab S i 5 R A @l A 40 15 I 45 6 AR TE R 1R 4
ANTRY G P R K B AR TV 0T A E B B A AT R, S
B R W SRTE B bR DL SOz B 65 B 65 H b5 B8 48 LU B 47 09 8 2 0
SR . BEAR P £ U o 58 . 4 SR 3 W RO S i ) 4% A R o
15 A AT SR AR

Sk :

[1] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich fea-
ture hierarchies for accurate object detection and semantic seg-
mentation [ C] // 2014IEEE Conference on Computer Vision
and Pattern Recognition ( CVPR). Columbus, OH, USA;
IEEE, 2014 . 580 - 587.

[2] HE K, ZHANG X, Ren S, et al. Spatial pyramid pooling in

deep convolutional networks for visual recognition [J]. IEEE

Transactions on Pattern Analysis and Machine Intelligence,

2015, 37 (9): 1904 - 1916.

GIRSHICK R. Fast r—CNN [C] //Proceedings of the IEEE In-

ternational Conference on Computer Vision, 2015. 1440 — 1448,

[4] REN S, HE K, GIRSHICK R, et al. Faster R—CNN towards

real— time object detection with region proposal networks []].

[3

[

IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 2016, 39 (6). 1137 —1149.

[5] 5k M, mBRIE. BT BB MMM EEH %
[J]. Hrmumia 544, 2021, 29 (2). 49 -52.

[6] REDMON J, DIVVALA S, GIRSHICK R, et al. You only look
once; Unified, real — time object detection [ C] //Proceedings
of the IEEE Conference on Computer Vision and Pattern Recog-
nition, 2016. 779 —788.

(7] 2= Mk, skabie, 2 BS. FEFIRA A B9 Send BR B bR A
Fovcit 1 AP a 5406, 2019, 27 (7). 15-19.
[8] LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single shot
multibox detector [ C] //European Conference on Computer

Vision, Springer, Cham, 2016 21 - 37.

[9] REDMON J, FARHADI A. YOLO9000: Better, Faster,
Stronger [C] //IEEE Conference on Computer Vision & Pat-
tern Recognition, IEEE, 2017. 6517 - 6525.

[10] CHEN H, HE Z, SHI B, et al. Research on recognition meth-

od of electrical components based on YOLO V3 [J]. IEEE Ac-
cess, 2019, 7. 157818 - 157829.

[11] BENYANG D, XIAO C L, MIAO Y. Safety helmet detection
method based on YOLO V4 [C] //2020 16th International
Conference on Computational Intelligence and Security (CIS),
IEEE, 2020: 155 - 158.

C12] Z=me e, x 8, 2 #., %% YOLOY000 AW £ H
PRAUATRE DU &R gE F 5% [0, 353 HLI0 & 5 4 . 2019, 27
(8): 21 -24, 29.

(18] gk, frEm, #mE, 5. Bk YOLOv2 4 i 4 W) %
M Z A AR AR (1] e R4 TR, 2020, 28 (1)
251 - 260.

(147 SRR, XISLPE. £ W, 55, BT YOLO v3 il i €
Uk O i L] WOt S5oth 72 kR, 2019, 56 (19):
111 -119.

(151 #h £, SBR¥. BAAET, . T2k R YOLOVS W25 1
St EAS I [1]. #ob5otm 72k, 2020, 57 (22).
331 - 340.

[16] ¥RERSR, ZHRL, FAhRE, 45 Bk YOLOVS 54 K AR/
AR g B [0, 624, 2019, 39 (7). 253 - 260.

[17] HEXR, BKHATZE. Tiny YOLOV3 H ARl et [J]. S
K2 TR, 2020, 28 (4): 988 —995.

(18] FEffide, & A, PREWI. BT I8RSZ 57 i Pesdt /I B br ks i 55
% U] #oeSemF2Edi R, 2020, 57 (2): 250 - 255.

[19] DING X, GUO Y, DING G, et al. ACnet: Strengthening the
kernel skeletons for powerful CNN via asymmetric convolution
blocks [ C] //Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2019: 1911 -1920.

[20] HOU Q, ZHANG L, CHENG M M, et al. Strip Pooling: Re-
thinking Spatial Pooling for Scene Parsing [ C] //Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2020. 4003 -4012.

[21] ZHANG Z, ZHANG X, PENG C, et al. Exfuse: Enhancing
feature fusion for semantic segmentation [C] //Proceedings of
the European Conference on Computer Vision (ECCV), 2018.
269 - 284.

[22] WANG K, LIEW J H, ZOU Y, et al. PAnet; Few— shot im-
age semantic segmentation with prototype alignment [C] //
Proceedings of the IEEE International Conference on Computer
Vision, 2019: 9197 - 9206.

[23] L1Z, PENG C, YU G, et al. Detnet; Design backbone for ob-
ject detection [ C] //Proceedings of the European Conference
on Computer Vision (ECCV), 2018. 334 - 350.

0, R09,299,999,299,090,299,999,999,099,999,099,293,999,999,999, 090,209,999, 099, 209,999,999, 999, 993,999,999, 099,293,999, 099, 003,999,999, 999,093,999, 099, 099,299,999, 999,090, 299,999,999,093,999.099, 293,993,999

(#2568 26 50

(13 4 . % Br. — B o i ist % ok g 458 2 ol it Fl 1 26 iy
2 [J). HEHL¥R. 2016, 37 (3): 522 -538.

[14] 2= pK. 3F UML I5 3 &9 005 6 A4 0y i i o 98 [DJ.
BV TLIRRHE R, 2016,

(15 £ g, SBKE, 5  HE. 7 F 03T 450 0 00k 75 4 v
wEN LJ1. &N LR S R A%, 2009, 31 (10): 56 -
59, 104.

[16] £ g, SPKE, FHEE. &I T80 5 00 m i 75

WEN [T, R CARBEMD, 2011: 1407 - 1413,
[17] EFZ. FET UMLARZS B 8145 e JrE 5 i 42 A 0y i
LJ]. RBE VTS HLIL AT R FE 0, 2016 (8): 33 -39,
(18] Mok dE. Ehigl [M]. dbmt. s8R AL, 2014,
(19] 4 Ei. BRIRT, skE &k —METFIT RERESINY B
A 0 A Wy g [T, R E R {5 B R, 2014, 44
(5): 588 -609.
[20] 2, Bearak. UML RAS BN 78 43 1 v 0] iy 2 384k 3P Ak
LJ]. bR (HARBND . 2007 (5): 5-12.

BB M www. jsjclykz. com





