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Abstract: At present, the difficulty of pedestrian detection has been dramatically increased because of some problems,
such as the dark or exposed illumination, bad weather, serious occlusion, large difference size of pedestrians and
blurred images in complex visual scenes. Therefore, an improved YOLOv4 algorithm was proposed, which improved
the detection performance of pedestrian detection in complex visual scenes, aiming at the problems of low accuracy
and highly missed detection rate. Firstly, the self-annotation data set pedetrian were constructed. Secondly, the hybrid
dilated convolution (HDC) was added into the backbone network to improve the ability of pedestrian feature extrac-
tion. Finally, in order to obtain more detailed feature, the spatial jagged dilated convolution (SJDC) structure was
proposed to replace the spatial pyramid pooling structure. The experimental results show that the average precision
(AP) of the proposed algorithm can achieve 90.08%. The proposed algorithm can substantially improve AP by 7.2%,
and the log-average miss rate (LAMR) reduce by 13.69% compared with the original YOLOv4 algorithm.

Key words: complex visual scenes, YOLOv4, hybrid dilated convolution, spatial jagged dilated convolution

Yeim B E: 2021-03-17; f&EIHHA: 2021-08-13

BIEEE: #RH, jwzhang@hdu.edu.cn

EEWE: FHXARBFEETBBE (No.U1866209, No.61772162)

Foundation Items: The National Natural Science Foundation of China (No.U1866209, No.61772162)



e 47 -

BERl%¥ 2021 £% 8 Hf

jilll3

1 3l

A7 NI A A5 R T SRR S ST R AT 5T A
Ay RIS A F ARSI AR g e G H AR
PUMAE AL B A AE AT N, FEVE 24U 4
Az AN, g AT, BN HRE
A0 T B TSI BIAT N B I 3L Sk 2 A 30
KA BRI, SR AT A AR B 1 E AT e
NREN; AP s 7, @A T AR 4
TEANTEEAE, A W 1 R P

AR GERLIN T3 125 R R KT 20 s AR S A T o T
T ¥ V. Viola Ml Jones™ 7E 2001 4% H]
Haar+AdaBoost [*] A KA IAE B E 4747 AR o
Dalal 1 Triggs''fF 2005 ££42 1 T HOG+SVM (1)
HEZESATINAT N o B i A 50 384 o i — A ABE
MEE 5 M BREH 7K (histogram of oriented gra-
dient, HOG) 454, RHAIBUHLARMAE DK,
FE TRl A B S 0B ) A A A DA
2014 FEAEE S S TR EJTE . RS E T IR
Haar-like “5(MHFAE, # R A EEREH AT A
Rl EAR R AR e IR I 5 26 AT NI A A
TANFERR Lt AH 2R I BCR 1 A R e T
BV ISR AR, IR B IR e A R E e 1
P, XT3 5 N AT N H AR 2 R AR A
DUAR BRI ROE

BEA IR L ST IR, ORI IORIE T3 T
QA IR L 2 ST AT H BRI o K6 IR E 22 ) 1
R 7 vE oA ge ik iR e e S84, WTLAE
b N 25 1 Edla B 2 SIS TR R IR R AIE . %5
R EAT LA BPE: H— IRHE TRIL X B
Jid, ARV 2014 A4 5L T IX B R
M2 ML (R-CNND UTH BRR e S, Ll R A ik
LAt L ok R bR DX B 22 ) 4% (Fast
R-CNND P B gt [X Il 45 BT 42 P 4% (Faster
R-CNND Pl 5 i 3 X 38l P K6 000 7 9 B SR v
FA P, ERA N RN, AR AL B S

Bk . 55 2RI T R ik, yoLo!',
RetinaNet!''. SSDU25753k, 3% 2K 5 AN FEAE ]
DR B I %, TR ASL I A A0 A [T e, 4
TR (RARSTIGH B, H 2 BT k3 DX 38 5 1 IS
AR LF. YOLOVA /£ YOLO RANF LB HT
(R, ZEVFZ AT Tk, SCBL TR S
R RE I B Pt o T4 YOLOv4 S35 3%
TR H AR, AN AR AR I8 A 16 H A
I IR IAT 0 . AN s R B L
PER TR AE AN A B0 i 8, 75 38 /NS B2 ok
HUdE YOLOv4 50325, $i i T 19 28 1 T ik B
R ARG SE o« Lee UM HL T — ol B BRI 1t Al
e A M J7 ¥ ( YOLOv4 two-phase detection ,
YOLOV4-TPD) % il G e AT A, 25 R AL T
JRUR 450, W S5O SR A L 2% A R 78
4TS S N PSR AE R A I L, B B e
YOLOv4 i+ W W 5 T ATk, ZERRAR M 44T
AR P VIR I v T R g . Fu 250 R
VR H AR S AR 0k R 2 ), A
YOLOv4 A7 i if N AT R S e, i)
Hbr. 2 AR T A R . A ORI
HAR AT N, SE B IS & 220 5 37 s R il
Ko REAR B« AT NI R ™ 0 ), xR G
YOLOvA!" IS4 T etk
LS8 e TP AT AR R A o s BRI eI
B, W ECE i S BRI EAT N AN
RAEDL CUNZE . Z55855) emilek, il
AR PIBF IR, AT AAFEAEAS R B 1) 2
P, SEURKE; TAREZAE, KPRSFZE
SR BEUGASTRI . 7 I S A D A VA o
AT B AL SR AT IR g
AR S YOLOV4A S 7 T4T A (K4
Flo T5E, WUHEA RS IR BN L T 1R P Sk At
HAT NERAE CRFRS AV, RRRA. AR
FEREERS . ANTFRRSf S A2 R B %5
o, SR L5 HE R IR S a0 1 A8 O L



iﬂﬁ HRE5F%

« 48«

(intersection over union, IOU) fE% K-means!"”

HZHL AR RBEREE R BT R, A%k
KHE; FEUC, 765 K1) CSPDarkNet53 ¢ fEHEHL 7
&I NI &SRR (hybrid dilated convolution,
HDC) POk, HEmAT AR o [
A AR (spatial jagged dilated convolu-
tion, SIDC) 4f5#a, AR S0 v 1) 2% [ < - B it
1, (spatial pyramid pooling, SPP) P&k, k&
FANB S e FAT AR A 2 S5, A3 DIt
SR IA ST RIS [F SO fE R v RE, 5SS
R 141850 YOLOV4 583%. J5i YOLOv4 532
DK FHIR Y OLOV3P S04 T4 L

2 YOLOv4 BHrtlE %

YOLOv4 SidAe 2 i (S LSl 38 n 7
LM, AR TR IR R B K
. W R, B A BT TH M4k . YOLOV4
(0 2 gk =2 AT 3 AN BT W%
(CSPDarkNet53). #i# (neck)+ 3k (head) ¥,

* YOLOV4 1 MK H1) CSPDarkNet53

J& DarkNet53 [FJUSIERRCA, AR T #1
JEEVH IRl B, i TSI (2% 2] e
WD T MEESH, FRACT BEALIZRAR
#fr o CSPDarkNet53 14 A 1) ST BR 2002
Mish B BREL, 1544 55 1 0 R A 2230 S 1T
ReLU ALk, Mish pRZE R 4% HAT 5E 4711
AR UER I

o HECRIHERRR A MY PANet™], ML T

YOLOV3 H [RARFIE G 7 55 M 4 FPN 40 T
—ANHE A _E R E S B, A ET M
(AR 2GS RIRRAAE 385 5 ) 4% (1)
MEHEELAE TT o I 5 TN SPP 11 4 B Inbitk,
KT Mgz, Wb EE W L
N OCRHIEAS B R
* YOLOv4 M5 (1) kit & H YOLOV3.
PR KBTI, ASFHAEH] YOLOV3 19377

%7 (mean square error, MSE) {4 [A])
HEFM % 2, 24 CIOU (complete
intersection over union) 7, HARUIA (1) ~

X (3
2

b
QmuzbJOUmm+ﬁi%;ﬁﬁ+av (1
a=—2Y (2)

(I—IOU(a!b))-i-V

2
WEl
1/=i2 arctan —- — arctan — (3)
T h, h

o, 10U, st B SEHE FII50I0 AE 1) A2 IF L
P (g, by ) AEFCSHEFITRIHE 0 R G
d 70T USRI (1) de /ME RS A e g
W W By~ R PR ESIHERNTIREI 58 o
XTI 2N R IE W6 77 X, R A Dropblock
(177 L MR IR AR 1B 5 20 DX R R, K
RILAESH Dropout B 4f. XFFHHEEN. T
KHBEHA ALK S, YOLOv4 Gl T
Mosaci #8577 20, XA 77 BEHLE A 4 5K
KR AT 4780 P, O a1 B4R

3 XJ YOLOv4 B Eryei

31 BUHERIMEIESS

5 YOLOv4 MEZEANF )2, ASCHEFTM
CSPDarkNet53 H I\ HDC #bk, 425 7 L1
FRIESRIGE 1. RN, $2H SIDC 45t SPP
g58e, SRICEZ M4 TRIE . S 1) YOLOv4
W25 2R an P 1 s .
3.2 HDC Mkt

YOLOvV4 5 AER I £ ZERY I, 342 2 1) A
ZORHIE AR AR HARIAL B R, IRIE I 4%
FRIE R BT A5 B RER IR 2 M)
PLEE R, RS RR 2RI N —2, fE4
(147 o0 8%t — R FH A R B I B2 BT o (R SR
WAL 77 AEAE— MR KRB i 7EH sz B
(RIIRIES, 44T 25 AR AE B IR 23 e



P4 | Resblock_boby(38,38,512)x8 I—

P5 |Resblock_boby( 19,19,1024)x2

49 - BIsRE 2021 4% 8 #
___________________________ 1 L |
i BT ! o l
1 1 : 1
! Inputs(608,608.3) |  Concat+Conv x5 i
o o e — -
| 1! [ |
! r | Conv+UpSampli | ! s H
! ps>ampling 1 1
i DarknetConv2D_BN_Mish L ! | ki !
. (608,608,32) L Concat+Conv x 5 Uy !
| o >  YOLOhead |1
1 1
i i H | Conv+UpSampling | ! ' !
! Resblock_boby(304,304,64)x1 i Y il |
1 ! [ I
' * Ll | Downsampling | i H i
i H— | :
L me 3 |
| ! Concat+Conv x 5 — YOLO head 1
| * ! ! Conv x3 L !
1
: L Downsampling . H
H |Resblock_boby(l 52,152,128)x4 . ! ' !
= : T — |
! 1 — _ _ ! |
i | H |Dr—2 | |Dr_2 | D=2 | Concat+Conv x 5 * : YOLO head !
I P3| Resblock_boby(76,76,256)x8 |— ' ! g / '’ 1
1 1 H ‘ 1 \ 1
1 1 I | 1
i * i i >0 ‘i R e '
: 1 : 7? :
: : ! 1
| : : :
: 1 : 1
1 I |
: | !
| : : :

K1

h T R B R RE ), SIANT
TR (dilated convolution, DC) P#, il it #% i
L RUOR IS KR JE R AR B IR B, Hlik s 2 R
BN EE . ARG S AR AN A e
THERZPIHER T 0. R R A, Hw o
MAEAAE, B2 B AN, I3RS 3 2 A
A FRBERF RS B ISR IR 2 B 5 5 A%
TR T

x,=x, +(x, —1)x(D, -1)

b, x, BB RIERRAD,  x, 2GR
KA, D ATEIAE,

4

m—1
Vo = Yo+, =D x[ ]5] (5)

Horb, p, NE m BRI E, oy, 2
m=1 JERA R, x, 2% m 2GR IER
KA, s 2R R BRI K.

DR 22 I G AR A A R o 507 50, R
IO A R 22 G R 2 AR i A R 22k
I Hlaz s @ 4 2 145 B Tm) e R, il 2

ek 5 (1 YOLOv4 M 48 251y

fizr. IEA SCHE CSPDarkNet53 H5| A\ HDC #
B, AR 2SI R I A TS BT Rl . AEAN Y
TIN5 25 AR A R AE B Ay e i i g, 4
KFHIEJZ RIS BT, AR AE S H ) 45 Re g 3149 5
FE IRAEAE R, G aRXAT H AR IR IR -
ARSCHEH ) HDC Mt i 3 i

K2 ZEiZh 2 iR

{

3x 3 AER
(D,=2)

]

3 x 3EF{RAEM 3 x 3 EM
(D,=1) (D,=3)

3 x 3B
(D,=1)

'

[€/3 HDC ik

y




MREFE

«50-

WAER

| . BRI, EWERMR L BE

L BRI
D=1

4 5|\ HDC J5 8T Mg

MM RECh D, W, BIEGERAZ R I
(D~1) A7 o AR N A AR e, R
H 3x3 ERIZ, 9 D=2 I, BZBAR N 7x7,
FRHT D=3 TSR A2 B AR R 19%19, AN
]2 R I EAT ARG, DR SE Iz 1 &
RRFAE, SRR AE SN 28 54 F47 N H AR IR AE
PREAE ) BSOS T & 4 s
3.3 SJDC MkeE#

YOLOv4 1 )\ T CSPDarkNet53 #i i ()
FHIEJZE 0 3 IGRUEHEN SPP 4584, {E SPP 45
R R 4 ASAS[R] ROBE ) ds Rt AE, 1x1,5%5,9%9,
13x13 HEATACHE, $EIESZEE, sy W b
N ICRHIE o AEJR X RSB BE - SR RS S
R S 0 =y, AR AT N HARid 2 . SPP
a5t 5 s,

AR SIDC S5 KA SPP 45K, {EORHF
FRIE R ANASR G D0, Al W9 2% RESRAS 5 22 (1)
FEIEAS S H RS U R 24K - SIDC 4% 1) etk
JEARSALL SPP, X HII#E T SIDC K A IR HEJZ 43

i A
max
13x13

g
S
=
1)
Ed

W
X
w
O
X
el

5 SPP [H45H

K4k, Hoh 3 AT RECh 20 5. 7 98
VPRI A AR A, SRAGAN A RUEE R AR A R
[N R A Mish A1 A0 pR 88, FEA XL C6),
X T D FRY AV B S PR S R T DA A

G 3 S aF e VERZ A
f(x) = xxtanh(log(1+¢")) (6)

% L& B UNR EHR KA 2110 2 RUSEAR L EAT fil
TRAVPZER MR L, HK TSI,
PRIEA SRR SIDC S5 7E AR Rl & 2 BT AT
T ANICRFE BRI, SRR TR S 15



5]

BERl%¥ 2021 £% 8 Hf

FURFAE (R P EU S TR o IX ol 4 2% 45 440 1) A2 A A 350
FEAR T M IR AR, AR 23 50 R IR
AT ANNECR KD . SIDC 45K 6 Fis .

!

Y Y Y
FEIERATT | | ZIWEHRIT || SHEHan
(D=2) (D=5) (D=7)

- Concat

¥ 6 SIDC 4

3.4 K-means B3

7 & B WG 56 B 2 AE VOC Bl £ (bR
VEME EIRRAGRIN, B MAR AT 20 Fi,
1M HA A5 w6 W be ) 22 AR K, B AR SCAE ]
AT N B8 4R v 1 SE B 1 5 AE A AR AR K 22
Sile W BEEAEH YOLOVA [¥156 50 HE 25 35 il 1R
KNIt #. Kk, ASCRH K-means FRH
VT U R A TP AR T AT AN R BEAT SR 2543
B, SRR LI IR R A | i Hd 4
AT N RS K/ ZEBE R, il FHAE S5 bl 53
F1RY DK TG B 129 10 A i 12 HE R BT SEEHE 22 T) ) 43 22 2%
SO K R PRSI SR A AL, I LR Je B A
R AS I L TOU 8 K-means 2R (1)
S8, R EC SR g e AE 2 [R] R ZE R . TS
eSS AW

d(box,center) =1-10U(box, center) 7
Hrp, box AFEARRISEKAHE, center AT ANKMH
PP it ey, 1384 S0 YOLOV4
SRR IERERIRIAR RN A1 29, 16 47, 24 62, 31
97, 52 119, 66 204, 109 249, 184 316, 309 381]. #F
o M B 0~1, 3R ELGRLWE 7
FTR o

[ ]
08} °
IE 0.6 °
[ ]
04Ff
[ ]

02} ..0

' 1 1 1 1

0 0.2 0.4 0.6 0.8 1.0

A

7 BREERM

4 RENIG5RE

4.1 FHEFKIR

HoAr H ks &z % i /2 vOC2007 AN
VOC2012 a4k, Il 20 A5, Bk
EHAEATNHRME . AT BREESEE
5%, M\ USC Pedestrian Detection Test Set. Caltech
Pedestrian Detection Benchmark®” Bl }z CUHK
Occusion Pedstrian™3 AN FFAT A Bt 45 rh ki
LR 23 B R IS S 56 Bt 2 b 3479 78 . USC
Pedestrian Detection Test Set 17 A\ Zi 3 22 L5 25
PATAT NS AT N TRAH BB DA A o AH B
1% . Caltech Pedestrian Detection Benchmark
AT NEAR e G A kA T IR, MY
AFAEANFPIRGLIR G R AR AL, R IAT N 2 TR A7 A
[FIFEE IR . CUHK Occusion Pedstrian i 4E 1T
IR 117,375 e (UK RIS 7Y ol IR 46/ ST R
%, M ARSI T AT NEdR A, 3L 5329 5K,
i T A TR & AR AR IR bR AR AT &
TG, BRIk, Al labelimge T FnHidi 4E
FOFT AT AR RSB AT N 2 .
42 HiESE®E

ZNS v A TR S e R D NI € = N
W HRIFRARE RN R AN RZH B, W
o5 BRI, IXUU N SR 2 R A Y A I 2
Ko AT HLFHIE N E 5, ASCNEHRE T
BEALBEIZL tH 500 5K K #4702 . 500 5K K&l kAT
IEy S . B 8 (ad. 8 (o) &AM



‘ﬂﬂ ARE5F &

52

HE R, K8 (b &mzabiEmE A, K8 ()
S IR AL BE S R P o R AR B IS R B i N4
PR TG L E 6 329 TRAT NI B B 48 AT
NEARE D SRRSO A 9 s, ¥z
DL 8:2 I LLHIR5), Horp Il ZREE 4 5 063 5K A
Jr, MRRAEALEE 1266 TKIE S

(0) R4 () A4
B8 IS AR R L

1800
1600 F
1400 F
1200

#1000}

m

& S00f

600 -
400 -
200

0
g}%%‘:é‘ ?‘g} g:ﬁi?“ %ﬁﬁ%ﬁﬁ*&i ﬁ%ﬁi\\ﬁ ,ﬁﬁ@@“ﬁ@ﬁﬁ
9 AT NG 2RI S A i L

4.3 BREMNGSEEEIRE

ASCAE Ubuntul6.04 #5:4/E R GEREAT S5, 1HET
BLAEA 24 GB. R4 TAITAN, REUALIF 46
IRt 5. AWML 150 epochs, A5
HERHy 608 dpix608 dpi, HEE ML SHM GPU
AR/ 3 batch_size 4 8. APj b lA, KH
A %R K FEOR STIL Y R B i 2 31 R ARk
KR IA TR 2 ST R BE A 0.000 1, 2 ) R 10 i i
BN 0.001, 2% 3] ZR A PR B B i {5 IR FF—
BRI AN, SRR AR T R H) T B el
173k RIZIB Kt (8):

4= 5 Vo = I NI cOSCER) (8)

1

Horf, A A R ) 3R R g K AR A i /ML
T, R MHTHAT T 20 epoch, T, Fn ALl gk
] 54 epoch 2 H o

5 SKBERS5H

5.1 HELT(LIERR
AR HRECE IR % (log-average miss
rate, LAMR) . F#JF5E AP (average precision)
X E ARSI ) 25 AT LA
(D HCFEIR % LAMR
9
LAMR = exp {éz In[missrate(10>***#H]}  (9)
j=1
LAMR 1] DA W] K dfs G2 o I 4 1) e A 5
Ulo LAMR K, kAT ASCR#Z, LAMR &
AN, AT N EE D
(2 ) Epig*%rg APperson
N(TP)person

i )y N(Object) .00 (100
person N(Images)person

HI AP, ., REZRAT NRA I 1K)~ 4K L

N(TP),.,, & 75 IE & 0 0 47 A1 4 &
N(Object), ., 75 % & A LB 1047 N0,
N(Images) ..., F~ MR E &7 147 N ECE

AP HOR, RS RS R RS >
5.2 AEEXREMRT L
52.1 HDC-YOLOv4

BEXT A 7 5 1, AT AR I v A4S 28 A
I HR 1R H bR VR AN S R 1), AR AR
A HDC M g4 i HAr BRI H
B ASL I AT 5 B K 1 4% YOLOvV3. YOLOv4 iR
W 2% 5 A 3C N HDC 2 J5 (1) YOLOv4 34T %f
Lo 4390 1 & BI{H 10U 9 0.5, 0.6+ 0.7, 0.8, 14
BN AP, R 1. AHE TR

person
YOLOv4 5, #3F HDC-YOLOV4 75 B{E 4 0.5+



« 53 .

BERl%¥ 2021 £% 8 Hf

0.6, 0.7. 0.8 I}, AP

 erson TP I BE R T 2.07%-
2.50% 2.98%-. 2.44%. {EA BT,
FHEE YOLOV3 LR J5i Ry M 28 #4 T #t mye 2
R Z A HDC J& A M AT MRk 1§52
W, RS 3R iz R A1 50 AT NRFIE TR
YU JE .

F1 3 MMERETEAE HET B APperson X1 EL

EIE(E] YOLOV3 YOLOv4 YOLOVS
0.5 79.16% 81.46% 83.53%
0.6 67.89% 71.55% 74.05%
0.7 44.93% 49.37% 52.35%
0.8 18.36% 20.62% 23.06%

HEAEHAT M, K TOU #E 4 0.5, MR
BEPIEI 2 AMRERRE LT I AT IR, & 10
FE 11 S 3 AR R0 2 R0F L o RT3 e J i 11
ORI B R ISR L P 10 o, B Tl At
W HAT N5 S B A 1R K AR, 3
£ YOLOV3 Fll YOLOv4 #7474, Aot
(1) HDC-YOLOv4 715 A5G kG ff ukn it 1
A 2 MTN, HFHEGER . WRE AT
I ASL U A A L P 11 B, A 6 B g 9 L
AT BRI R IR B I s, AR T
P, AT NILT- 515 5cib o — R AR A I 21,
YOLOV3 1 YOLOv4 BjJcikkrill iz 2 x5~
(K147 N, B3k HDC-YOLOv4 Kl i 17 1 4MT A,
fRFRBAR T HARTE/IN, SRR ) A Al
BAltE, AR SOk R AT R A F T A3 ] d%ﬁ
K, fE—LRPIRE 2 50T, NN HDC 1¥) YOLOv4
2 A T AT RIS 5 AT TR KT 3 s

— W= -
cﬁg g =i ,
=== _==‘f‘§ =

= E—E Eg L

wm

(b)YOLOV4 (c)HDC-YOLOV4

(a)YOLOV3
10 AR AT (RO PR RSl S ons Le

(a)YOLOV3
11 FR P i A R R B

(b)YOLOV4 (¢)HDC-YOLOv4

522 SIDC-YOLOv4

B T RS DU A AN v R ) LA Ah, S 2
Yse NAT MRS AFAE ™ RS ) 8, A4
i SIDC Z5i#AR3% SPP 45K AR HAT N (IR AS 1)
o TR A SCHIAE 1) B S B YOLOV3 .
YOLOv4 FIgiuidt SIDC-YOLOv4 #3475 L,
S EE RN 20 G5 AR, XTI N INAT
AAGI, IiA SIDC 45kt J5 1) SIDC-YOLOv4
Lt YOLOV3. YOLOv4 JMEAY 1) LAMR #BAI,
FILET YOLOV4 5K M 4% LAMR FEIK T 9.7%,
AT N B AR S LA T IR KR 5

F2 3 MWEEMREENIREER LA

HLRY Epoch LAMR AP peron
YOLOV3 150 42.42% 79.16%
YOLOv4 150 40.03% 82.88%

SIDC-YOLOv4 150 30.33% 86.90%
MG £ Hh 23 Sl 1 AT N A7 AR ™ B FDY

W™ AR R BRI st B R, 4 R H
YOLOV3.YOLOv4 1 SIDC-YOLOv4 B 3E1 T4
W, R 12 fE 13 fros. B 12 A7
AR BRI HRE AR S ARRL, e “ B
BN, SRR, YOLOV3 HUAS I E] T
8 N Gfr 4 A), YOLOv4 K% 17 9 N (ks
3 N, SIDC-YOLOv4 JL-F4 ksl th >k Gt 1
NDo WNATILE 20 4. 6 MT AN TFAAREIE S
WP F WA, HE AR N4 1) Sk
YOLOv3 Hil YOLOv4 XX Ffiit (i A7 5 ™ 5 1) U
K, Mgk SIDC-YOLOv4 il Hy 7 2 A
FEHEAS R BUAS ISR L an &l 13 Frow, Bl 13
HA I ) D15 X RO G ER B IE , A7AE S IR



m ARE5F &

« 54«

Hrr—AM7 AR i, RSFR/ANEH)L 515
SRR — AR MER AN E] . YOLOV3 FAG 2 e A
W4T N, YOLOv4 #: il 2 T 2 N7 Ao

SIDC-YOLOv4 MW e Rl 2 2R s BGE MPN,
HIERE] T E 515 50 LR — R IK R

TN MBI 13 FIEERATEIE T, SIDC-YOLOv4

RS AT Rk D 25 (1 TR A 1O o

FESORMUL T,

W 1
I | 9
Q d ,.,Mi

(a)YOLOV3

ul‘ o 'I ‘
i r,
)

(b)YOLOv4 (c)SIDC-YOLOV4
12 AT AT EEPTR A L

(a)YOLOV3 (b)YOLOV4

13 AR

(¢)SIDC-YOLOV4
T BUAGHIN R R E

523 #ite) YOLOv4 ik b Hph ok rbix
AR B R 3 50 N AT AR P A
A IR 2 AN ST Gk, 7R YOLOv4
F+M CSPDarkNet53 il DHC, LA
SIDC Z5RRAREE SPP $E TSI (1RSI 14 B o 4 A

SCHCEETR I 55 )50 YOLOVA B2 | 22 SCiR[14]

HSCHER) Y OLOVA R DL R oAl SRS 1) — B sy B 7Y
YOLOV3 ML, A A 84T AR T
S, HAAGERIER 3. MIIRRER T IEHUAT AAFLE
FEEERS B PR S 5 O T T IN G AR B, K
AEH SR 43 R YOLOV3. YOLOv4, &%
SCHR[14]250E K YOLOV4A K7 DL K A S et i (1)
YOLOv4 BERSHEATR I, 25 R anE] 14~18] 15 Prr.
Wi R 3 W, R AT ABIEENE 2
PSRBT, BSOS 1 YOLOv4 B B
Ji YOLOv4 B[] APperson FIMELR T 7.20%,
LAMR FFICT 13.69%. 522 SCHR[14]Hh 0k 1)
YOLOV4 S5 AL APperson #2151 T 6.08%, LAMR
BEAIC T 10.64% . i AR STy ek 185 Tt mT LAAT 2804

S R 2 2R LR I R AT A R e

F 3 ATWMEFEERNIIHE TEIT AETBIR T b
it} LAMR AP pereon
YOLOV3 42.42% 79.16%
YOLOv4 40.03% 82.88%
% CHR[14]8508 () YOLOv4 36.80% 84.00%
AL HEGEE ) YOLOV4 26.34% 90.08%

() 2% 3R [14]180GH A YOLOV4 (d) A CHGHRI YOLOV4
14 FFRSAT NV EE SR DERA

(d) AR YOLOVA

(©) 55 TRIATHEIYOLOVE

1S ORI R AT ARSI K FLAAE R
KRRt

TR 14, Boe, g A B AT AR i
TR UG B AT AR E
(RS, XFidg e PR AR, ATk
MK 14 ATEH, ASCSEES ¥ YOLOvS 7Rk i)
YRR E ARSI o LR IR A T oAt 3 AN
2o B 15 AT NS RN ERER, AT A H
b RSH /N AR B, R A TR AT A, 7
RN, Uk S I YOLOv4 Rl Y T 43 4r A
I HVEHf B 5 . YOLOV3 ¥ 2% 17 £ I K6,



« 55 .

BERl%¥ 2021 £% 8 Hf

YOLOv4 Jit M 2% H1 2 2% S ik [14] o 2F 11
YOLOv4 W48 BARKTIN 2] T A5 MAT A, (HEk
DR AT N A B AT SO S 1) YOLOVS 5o

Ay B8 AE SOE I D TR 28 56 AR B 24 R0 3 1K A T
A5 2880, AN SC ST AMERLT 2 000 5KARE A%
s N AT N R IR edics 55, JF4E YOLOV3.
YOLOV4. 7% SCHR[ 141503 1) YOLOvV4 R L)L &
AR fE Y YOLOvA A8 b Il 2RI F AT 5
Kxrit, SR W 4.

x4 AMNEAEIEERAIHR T T ALNZER 3 L

LY LAMR AP pereon

YOLOV3 27.17% 86.36%

YOLOv4 8.63% 95.89%

22 R 141302 YOLOv4 7.07% 96.22%
ARG YOLOVA 5.70% 97.00%

H# 4 WA, IR, A0
BEK) YOLOVA R & AT L H oAt 3 AR 2l fH
AR T H AW ) 5N APperson 1 $2 T AN
LAMR FEAREA A 5, W3 o] T AL
LSCBE 1) 199 28 55 5 3 R 3 55 A T A AT ) A1 2801k

6 ZHRiE

ASCHEH T — P T 0 YOLOVA B 5 2%
MBI AT NI ik . A RSB AE RN SR b 1)
LHLAE N K-means 5VESHONAT NPT IS
ESLIAHE, 7 TP CSPDarkNet53 H1jii A\ HDC
GERL, B L SR A N M AT NRFIE IR
REJT, HEBEAR IIHER S . [RIINF, $24 SIDC
L, FHoRARES SPP 4k, SRIE 2 1A 4114
TR, PRRBANRR R . SCI0a RN, Sulkis
(AR A R RSO, 47 AW
SEBIRGIE APperson 15F T 90.08%, LAMR AHLE i M
LRI T 13.69%, FPS 4 25.84 f/s. cfidk)nM
YOLOV4 28138 a2 SE I A5 L T, sl e
WREA P, IRt RIR S,

B 3k

[11 LIN C Z, LU J W, WANG G, et al. Graininess-aware deep fea-
ture learning for robust pedestrian detection[J]. IEEE Transac-
tions on Image Processing, 2020(29): 3820-3834.

[21 EFE, Kb FETEG 2 I 2 A N AR 25 ).
2R, 2019, 39(2): 78-88.

WANG X, ZHANG W. Multi-view indoor human detection
neural network based on joint learning[J]. Acta Optica Sinica,
2019, 39(2): 78-88.

[3] VIOLA P, JONES M. Rapid object detection using a boosted
cascade of simple features[C]//Proceedings of Proceedings of
the 2001 IEEE Computer Society Conference on Computer Vi-
sion and Pattern Recognition. CVPR 2001. Piscataway: IEEE
Press, 2001.

[4] DALAL N, TRIGGS B. Histograms of oriented gradients for
human detection[C]//Proceedings of 2005 IEEE computer so-
ciety conference on computer vision and pattern recognition
(CVPR’05). Piscataway: IEEE Press, 2005.

[5] WANG X Y, HAN T X, YAN S C. An HOG-LBP human detec-
tor with partial occlusion handling[C]//Proceedings of 2009
IEEE 12th International Conference on Computer Vision. Pis-
cataway: IEEE Press, 2009: 32-39.

[6] DOLLAR P, APPEL R, BELONGIE 8, et al. Fast feature Pyra-
mids for object detection[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2014, 36(8): 1532-1545.

[71 GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature
hierarchies for accurate object detection and semantic segmen-
tation[C]//Proceedings of 27th IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway: IEEE Press, 2014:
580-587.

[8] GIRSHICK R. Fast R-CNN[C]//Proceedings of 2015 IEEE
International Conference on Computer Vision (ICCV). Piscata-
way: IEEE Press, 2015: 1440-1448.

[91 REN S Q, HE K M, GIRSHICK R, et al. Faster R-CNN: to-
wards real-time object detection with region proposal net-
works[J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(6): 1137-1149.

[10] REDMON J, DIVVALA S, GIRSHICK R, et al. You only look

once: unified, real-time object detection[C]//Proceedings of

2016 IEEE Conference on Computer Vision and Pattern Recog-

nition (CVPR). Piscataway: IEEE Press, 2016: 779-788.

LIN T Y, GOYAL P, GIRSHICK R, et al. Focal loss for dense

object detection[C]//Proceedings of 2017 IEEE International

[11

—

Conference on Computer Vision (ICCV). Piscataway: IEEE
Press, 2017: 2999-3007.

LIU W, ANGUELOV D, ERHAN D, et al. SSD: single shot
MultiBox detector[M]//Computer Vision-ECCV 2016. Cham:
Springer International Publishing, 2016: 21-37.

[131 WU D H, LV S C, JIANG M, et al. Using channel prun-

[12

—



iﬂﬂ ARE5F &

« 56 .

ing-based YOLOv4 deep learning algorithm for the real-time
and accurate detection of apple flowers in natural environ-
ments[J]. Computers and Electronics in Agriculture, 2020, 178:
105742.

[14] 24, VEIR, R, % S YOLOv4 SR K slfLEe
PR IS BEA I I]. Bt SOt H 7270t kg, 2021 1-17.

LI B, WANG C, WU J, et al. Surface defect detection of aero-
engine components based on improved YOLOv4 algorithm[J].
Laser & Optoelectronics Progress, 2021: 1-17.

[15] LEE C H, LIN C W. A two-phase fashion apparel detection
method based on YOLOv4[J]. Applied Sciences, 2021, 11(9):
3782.

[16] WU L, MA J, ZHAO Y H, et al. Apple detection in complex
scene using the improved YOLOv4 model[J]. Agronomy, 2021,
11(3): 476.

[17] FU H X, SONG G Q, WANG Y C. Improved YOLOv4 marine
target detection combined with CBAM][J]. Symmetry, 2021,
13(4): 623.

[18] BOCHKOVSKIY A, WANG C Y, LIAO HY MARK. YOLOv4:
optimal speed and accuracy of object detection[EB]. 2020.

[19] %, $ilg, A%, 55 F TR K-means 42 Jr i BRKI

wG B R0 T EE S E B R, 2019, 24(4):
630-638.
LI'Y, ZHEN C, SHI X, et al. Hyperspectral image classification
algorithm based on entropy weighted K-means with global in-
formation[J]. Journal of Image and Graphics, 2019, 24(4):
630-638.

[20] WANG P Q, CHEN P F, YUAN Y, et al. Understanding convo-
lution for semantic segmentation[C]//Proceedings of 2018 IEEE
Winter Conference on Applications of Computer Vision
(WACYV). Piscataway: IEEE Press, 2018: 1451-1460.

[21] HE K M, ZHANG X Y, REN S Q, et al. Spatial pyramid pool-
ing in deep convolutional networks for visual recognition[J].
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 2015, 37(9): 1904-1916.

[22] REDMON J, FARHADI A. YOLOv3: an incremental im-
provement[EB]. 2018.

[23] LIU S, QI L, QIN H F, et al. Path aggregation network for in-
stance segmentation[C]//Proceedings of 2018 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. Piscata-
way: IEEE Press, 2018: 8759-8768.

[24] YU F, KOLTUN V, FUNKHOUSER T. Dilated residual net-
works[C]//Proceedings of 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Piscataway: IEEE
Press, 2017: 636-644.

[25] RO, FEMSE, QI TR I L ARG T
VERER[I]. AR 244, 2020, 33(8): 1161-1168
ZHAO D D, ZHANG J W, FU J F. Research on real-time statis-

tics of people flow based on deep learnning[J]. Chinese Journal
of Sensors and Actuators, 2020, 33(8): 1161-1168.
EVERINGHAM M, VAN GOOL L, WILLIAMS C K I, et al.
The pascal visual object classes (VOC) challenge[J]. Interna-
tional Journal of Computer Vision, 2010, 88(2): 303-338.
DOLLAR P, WOJEK C, SCHIELE B, et al. Pedestrian detec-

tion: an evaluation of the state of the art[J]. IEEE Transactions

[26

[}

[27

—

on Pattern Analysis and Machine Intelligence, 2012, 34(4):
743-761.

[28] OUYANG W L, WANG X G. A discriminative deep model for
pedestrian detection with occlusion handling[C]//Proceedings of
2012 IEEE Conference on Computer Vision and Pattern Recog-
nition. Piscataway: IEEE Press, 2012: 3258-3265.

[HEZE ]

BRI (1996- ) . L, B TR AT
(TR L, IS A5
W5 N TR

BIRE (1961- O, B, WL, HHETER
BORAMAE TR e . b S0m, &
W SETT W ARSI . 2 GRS b
NTH R WA EEE R,

REAR (1994-) , 5, HUNBETRHERE
MAF TREAEBE IR, AT LA
SHUERL. R =, =Y SO
A H A,

EEE (1968— ) , T, XA A
sy A E AR, g TR, FEMR
J7 AR AR L .



	5-21198-·�.pdf

