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M 221116)

8  E: YOLOv4 5 ik A6 I 7 B FIORG BE 1ok 81 T AR S 10 -, (R A7 7 35 8 T AS vERS L 4G I SR A 1% [ R, G
HETEAG I B AR F N ROEASAL R IAE BT o EFXF LA B R, 32— 5B 9 3 T YOLOv4 Beist iy B AR kG il
o R SR O ) R IR Bl 5 45 B ( path aggregation network combined with bi-directional feature pyramid net-
work, P-Bifpn) {{# PANet( path aggregation network ) , 3 Jill #5 ] 32 22 %) [R) isf 78 i HH o 5 | AR, 446 3 51 B2 R AE
IR, fRe i 2 RS R AR B T M. SR)5, R AB A9 2R i 72 S HLH (global association network,
GANet), 758/ - #4535 10 [R] i 34 3 Sigmoid pRECH M, NSRS H AR BT SCCRZE ST, /b i
T4 RS B . 50 % B RSOD. NWPU VHR-10 52 4E , S 2746 WK B 2 42 TF T 29 5% F1 3%; 12
1156 R F VOC2007+2012 A FEEHE 4, S 2R RS BE 42 T+ T 24 0.6%. 1o 56 25 57 3% B poaft (9 50 1k R 05 &l
T BT A 4G T AE T o

KR YOLOv4; HARKIN; FRIEmL & 5 #5 RE; 2 REARL; £ R Pk, B F3UER
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Target detection algorithm for improving feature fusion and
global perception based on YOLOv4

CHENG Degiang', MA Shang', KOU Qiqi’, ZHANG Haoxiang', QIAN Jiansheng'

(1. School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116, China; 2. School
of Computer Science & Technology, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: The YOLOvV4 algorithm has a good balance in detection speed and accuracy, but there are still drawbacks of
inaccurate positioning frame and low detection rate, especially for small detection targets and great changes in scale.
Dealing with these problems, a new YOLOv4-based target detection algorithm is developed. The algorithm utilizes an
enhanced feature fusion module—PANet combined with the bidirectional feature pyramid network instead of PANet to
increase cross-scale connections, introduce weights at the output to improve the expressiveness of important features and
solve accuracy degradation as a result of multiscale changes. Afterward, a new global association network is adopted to
improve the output of the Sigmoid function while reducing the average pooling and computation, strengthen the model’s
learning of the contextual relationship of the target, and reduce noise interference and global information loss. The RS-
OD and NWPU VHR-10 datasets are employed here, with average detection accuracies being enhanced by about 5%
and 3%, respectively; the generalization experiment uses the VOC2007 + 2012 public dataset, with the average detec-
tion accuracy being enhanced by about 0.6%. The experimental results reveal that the improved algorithm can effect-
ively enhance the detection ability of the model.

Keywords: YOLOv4; target detection; feature fusion; cross-scale; multiscale variation; global attention; average pool-

ing; contextual information
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AR AFGIE . ST H AR R IATY SR A7 A A RS B AR
S, U RFERN B TR 2, REAR
fER o BT M ER 2 264 | KA R AR $
SRR B 52, AR B A B A AR KA Bk AR
P ARG B AR I R B SIFT ((scale-invariant
feature transform) ., HOG ( histogram of oriented
gradient) SFRFMEFE I 15, TR S | 0%
FIR 2 iE N, Sl AL G ML g2 5T 4 2K A x o
T H AT DGR BRI H . TS
4 ol FH BP0 42 2% B8 v EL 7= AR TR M 1 10, P 5%
M) P 5 A0 5 3 A S ARG T

L TR A R 28 I 245 11%) B R I B AR
W 2% By BE AT DA 43 A One-stage Fl1 Two-stage 2 Fft 7
o Two-stage K I &K H AR I 40 >4 R A4S By
B B S A ik X (region proposals); 28 J5 1%
TS X I 26 o o 8 ) % AT A6 O RN 432,
M R ARG R S L X 20 T RCNNY (re-
gion with CNN feature ) M %%, 3 214§ Fast R-
CNN' | Faster R-CNN'" il Mask R-CNN"™ 5, H:
o 00 PR % v, TR RIS, FUR B B AN, S R
JESEHT R . One-stage A5 I B 325 4 ] 5 432
S — A WA 1), R S BRI A 2 5
WL A B A, 8 Ao v 3] s 17%) PO 4% 422 B o
R 25 5K o AH 6 F XU B U 427, One-stage A
A PR R IR L 2Rk EEaAE YOLO!
Z %1 (you only look once). SSD'""(single shot
multibox detector ) il RetinaNet' ! %5

2013 4E, Girshick %" i S T 6 M M4
M4 RCNN, 2015 4F XA AR4E H T Fast-RCNN'™
Fl Faster-RCNNU & 3 . [6]4F, Redmond 25" 4%
th T YOLO #¥k, ZJ5 YOLO RAIFIEAW &k
J&, YOLOv2, YOLOV3" Sk A4k il i . 2020 4F,
Bochkovskiy 2" $2 11 T YOLOv4 8%k . %580k
7E YOLOV3 5k FibA7 ek it, B 1 B R4 1
I PANet) . Th T TR HE IS, | Mish 80T bR %K 1
XPUIN LR 2 AR, SEE0 T ke I R FORS BE 1Y
AU . 2021 4F, Ge %" T YOLOX %
25, A e KR i 2 U T 7 35000 25 ( Predic-
tion ) 5 FH 22 /1~ B A $50 00 40 7 1 A5 R 2], Ak ¥
26K 3k b SR D 66%. HT T YOLOv4 4%
2R A, SECLTE R BURRIE B A 7E B bR
FEAE 25 % A5 0] L, 0 O 7 A 0 87 e A2 2%, MR
TZBEOT o XX — )8, A B 57 18 5L
RSOD"" FI NWPU VHR-10"" fiii 1 55 5 42 47 1
K, 76 VOC2007+2012 F4ls L #E A7z AL X5 . i

He B

fAE G 1 EBZBIRA LG R, 755
SOk, MR T2 2) WG i i AR, H bR AR
BUN: ) sk EgE A, A M H R 2 R
JEA 4, YOLOv4 B TR R MR AR RIS |
PR H BT LA BN, AR T Rk
T YOLOv4 BUt R RHIE il e 42 Ry BBk, &
ZEGTHR AN« 1) B2t BT 1 RRAE il S AR P-Bifpn
( path aggregation network combined with bi-direc-
tional feature pyramid network ), ¥£ PANet( path ag-
gregation network ) & Al b & &1 38 i 5 RUEE 34 2 F1
— 4 A N B REE, IR MRIERE S T AT IA
FOHE, OV N 2 A AR AE, 2hos h 2 ROE 22 4k
5 | 72 A ARG 00K AR A )t 5 2) 4 il — A2 2] B
SCAE B 42 SRy BN B 1 2% ( global association
network, GANet), 8/ % 2% 245 1 [m] i 3R HCAL 7
A Jry {7 2 B SRR G PR RAE, il AR K I B B R
AT 1 0 PRI 2R 60 ARG 00 174 52 i, 2 v G 9 0 R

1 MX Tk

1.1 YOLOv4 &%

YOLOv4 M 2% E 245 LT 4 2845 : CSP-
Darknets3!" (£ 1) SPP HH1F 4 45 W 4% (351)°
PANet 42 R4 (8) U & YOLOvV3 Head(Zk#).
i A—3K I F, B RSTREE R 416 18 FE <416 1B &
J5 18 3k CSPDarknet53 W &5 AT 4R IEE L, 2 )5 &
it SPP RHAIE 4 FIE R, | AN [R) RUBE 19 fie At
Xt b2 5t R E R R T AR 3 . BR80T PAN-
et FRAF @A B, B A RO A FRAE R AT Al
33 3 BN A RO BORRAE I . e, K A B 0
TE R 53 Sk NxN ASAS I HL AR — A R4S X
3ANERE, BEAT 2R 500 LA R A B R T
12 ZREHSHIERE

7E B AR M HE 42 f, FPN" Y (feature pyramid
networks ) i # H T2 RER A, 45k H B L
1M 177 RGP AR PR RRIE . X
Tl 5 77 20 a5 B = A A Y PR BE, SEEL T 2R
JERG o SR, 207 B AEFRRAE Al A i R P AR TR
TEFL G A 72 S ), S EORREXT G H An it 17
HERf E o, 30T RS BERE AR . 2018 4, PAN-
et Z5 PRI R P 2 1 IZ A AL 7E FPN JE Atk 3% in—
AN AR 0 B AR Ok A R TR 43 B R RRAE
2020 4F, 73 WA A H Bifpn 254977, Bifpn ¥ %
) 2 A5 T, R B RORE I B AR AE AL G .
i A A TR AR LSS, mA R R R
JE YRR, 5230 i AR RE AR Rl A (L TR) s s 34 R
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Fig.1 Bifpn structure'™
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B P B2k TR B 2 3 R BT Y
B, VR AL RE 98 0 2% T 0 5 E REAE
B OCHEE B, M HR FHBI R A M RE . R T HLT
¢ FEAS [A) 19 OC v 38 AT DA 432 23 18] 3] ( spatial do-
main ) . i i 38 ( channel domain) . JZ 3% (layer do-
main) %, Hu %" $2 11 T SENet( squeeze-and-ex-
citation network ) 1 & Jy ML, 38 3k 455 1 A A
uh e AiF B 3547 55 e 455, R 15 38 18 9 2 Jm)
fiE o SR, 3% A S I ALHNAAN G 1A, IR
FAFH RS . 2018 4F, Woo 2% #171h
T CBAM( convolutional block attention module ) {3
= JIHL, #E SENet #) LAl L 78 38 18 F 2 [|) 4k B
FARA R FIHLE . 2020 4F, Tian 27 gL T
245 B Y B g H BR R 0 0 Y 9 T HL
i, 345 R 0 SURAIE . A R JTALE (self-at-
tention ) J& 1 Vaswani 255" & e 1, 3 1 )
IZAIL I A SR I A B 42 Jey AR PR 5 EL FH F 2R
HE AT BESS, LS TR B R
IR, 0 2018 4, J& T [ R S HLEI Y Non Local &
FED B AR Sy S it v, e SR IR AR AE
4[] B ) FH RG] LA R, 3 8 L BB T D2
IF [R] 48 B Y, Ao Al DL 2 [a) 48 B2 1Y), B 4 b )
By ErfE R o AR T A EE LR ST ek
i, AT a5 an Al 2 s .

W g ()
—

Ly
Softmax
LS L

B2 BiEEAmE™

Fig. 2 self-attention network
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Fig.3 Improved YOLOvV4 network structure
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HERIE R 3 4. 454 PANet IUERAF R, 7 2 4%

%15 % H PANet J7 =, 78 f tH ¥ >R F Bifpn 77
o HEEMWE 4 R,

P5_out
P5 X
D S e
+ IS5 58 3
BRxS ,
A
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P4 O EoRAE
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JREE
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Fig. 4 P-Bifpn network structure
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P4 _td LA} P5_out b RFESS R IATRE LG,
P3_out 55 P3. P4_out A I R AFE 25 SR 9F 47 REAE il
G TEPUHEIH— LU GAE 5, @m0 —1k
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PRI SR, A 5% $2 H — OB i 42 SR i 7 L
il GANet, 4 JaiE & J1 M4 GANet I T Non
Local AR, 7F [ v & O]9 SEah 17 ootk
W, AT TR T B R BN 5 R 45 B AR

A DN 49y 22 8] B AH OGP, R A5 3 1 AH DG PE RRAE A
Zi 3t Softmax AbFH, 38 A3 AH 5 M AR AE B G [# 4 hy
2 ANRRIE, SR 5 T A R Ak, Jo s B 2 1) JE e Ife
s E, KRR TR R, 2 MR IEd 5
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Fig. 5 Global aware attention network
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A7 B W REE & | A OC R AR O S T TR
FEOEAR A AH OGP, 15 B HRAE R M. i 181 5 AT,
M A B R E — A8 S A —
B A AR OGP, A T AU A GRS B .
H () 25 18] 4% 5% A BLBE RS, T 53 AR A1 1 55 (5]
M (x, p) EAE AR R AR x A5y &b AR BLEE
m(x,y), HITBE AT .
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A4 45 B A AH SCRFAE B 5 B M Y XL a] AH 5
PEAF B0 S B SR, A5 31 2 A7 i AH DG MR R Ak
M; Fl M;:
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e, PRS2 A A SRR M, A M, 53]
WRRE AT PR, PHES MFIEZ T Cony 1x1 5
Sigmoid pREH BB (E, SR B AF A o) 4
JR BRI R T o
24 KREE
YOLO W) £8 5 0] [) &1 Ak Ay [|] 0 1) AL, A A
TS0 B A FR AR o Qi SR A I Py A e
TETEMIA% N, PSR AR 48 AN T AR ic iy IX 517 B
B I, 38 53 391 @ A B A 2R Lejou(bounding box
location loss). B {5 FE 1K Leonidence ( confidence
loss) A1 43231 % Lyaes( classification loss ) X YOLOv4
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Wi, AR R s SRS AR o B bR R, B A
B BB NG RIS IR
6:2:2 %%

NWPU VHR-10 #8505 10 25, It
650 Tk B F, KLTE 800 15 K x500 154 F~1 000 1%
Ex500 8 FE . mBUREMEEZ, His RS2k
K, A EE . BB IR RN | B UF4E |
MR Ny 8:1:1 K43

VOC2007+2012 4l 8 40 5% 20 42800, 4t
11530 5K & F, iz Bt SEFe I 245 | B R4 L
AN 8:1:1 R4y,

32 AWmigE
AR KK ] CPU A5 . Intel(R) Core(TM) i9-
10980XE @ 3.0 GHz, W f7: 64 GB &k : 2 ik
GTX3090 () GPU, . /7 : 24 GB, 7E Pytorch1.10.0
MEZR T iz 4T . ANLI0 75 & 84 % | epoch ik
3 100, batch size & 4, RSOD 1 VOC %i#ii4E 4]
5% >) %} 0.000 1, NWPU VHR-10 ¥ 45 4E 4]
R 2] R E R 0.001, R FH AR 5% IR K DRI
33 REERSHH
#1245 AN AE RSOD B 5 S5 A 7T
SR T H G 2

R 1 AEEETE RSOD #E & RIS Xt EL

Table 1 Comparison of detection accuracy of different algorithms on RSOD dataset %

J5  Faster-RCNNT' SSD'"! Retina Net"™ YOLOv3'™ Efficientdet-D2™” Yglz(\)/[-”] YOLOX" YOLOvA"™ 5k
KL 4223 48.41 70.92 71.60 60.30 74.68 90.11 73.09 78.05
A 89.31 87.51 79.45 87.81 90.65 74.20 88.02 95.32 97.88
ACHF 97.42 70.68 35.29 65.56 89.31 76.32 50.11 65.90 74.04
# 90.95 89.75 97.92 85.25 90.65 85.96 74.89 89.03 95.18
mAP 79.87 74.09 70.73 77.55 82.72 77.79 75.78 80.84 86.29

M1 26 1 AT UL, ARHIFSE BT 4 I Bk FE 4525 I
A 3F- 14 E A % ( Average Pression, AP) . mAP JL-F
Sl T AL . BB B H AR KN 37k Faster-
RCNN HRTE AP. mAP [ AAERY I, HE X}
TN A 25 300G 00 o A SR AT, N BE TG R S A
M H AR, SSD. RetinaNet ) & YOLOv3 7 46l
WERG R AW 7, HW] 2 55 T YOLOv4 B9k . Ef-
ficientdet-D2 JHIA 78 “HLIS R 2=, HAE
iy 3 26 R B, W] LK Bk AE /N B bR A
PEREZE, e . R B bR B RS, UAV-YOLO
AR A 2 R B ER R N R e, H B
RO A INA 32 ML . YOLOX Bk 7E /I
H bR 2 B0 G 2, IR 3 90%, 7
AL, BAE TP K B ARk I L R B 22, ROEAR
X% A A K, mAP HE AR BF 5 3 A 22 2
10%., ASHIF5E £ ) 1Y 5535 A0 X T 91 4R 9 YOLOv4

SRR TRML L 372 DL KR 3K 3 A A BRI
PETE o BB NE B AR, Bor s, A
WFoE B eI b AP 4R T 29 S AN E 430, TT L
AR T/ H ARl A — 2 i B2 7t g

M 2% 2 W DL, ARAF ST 3R 1 I 5k mAP iR T
I 94%, MTA BB R . AFRELED K
H xR AR AR R, 2 FAiE
WA H] AP ¥R FIT 100%, 1F habor, brigde .
vehicle 3 MR 55 1928 5, YOLOX R BLACR
k2%, bridge FE1Y AP N 39%, Al WLiZ A 2%t TR
I3 55 1 R H AR A SR B 2% . YOLOV3,
UAV-YOLO, YOLOv4 & ik B g £ T HoAth 553k,
H 3 BRI BE T E . AR F LA T
YOLOv4 Bk JLT i 2509 AP ¥4 Frd& 7, mAP
PETHT 3.5 AN E S, R B EARSUR, IE AR 5T
SR RE A% A 230 e TR AL AT A 4R AR g

%2 AEEETZ NWPU VHR-10 £4E B 45 Bt bk

Table 2 Comparison of detection accuracy of different algorithms on NWPU VHR-10 dataset %
e Faster- [ . 12 [13] . r21 UAV- [16] [14] ISP
24 (7 SSD" " Retina Net ' YOLOV3 Efficientdet-D2 3y YOLOX™™ YOLOv4 AHFFEE
RCNN YOLO

airplane 97.83  98.35 99.56 98.59 100.00 99.01 99.19 99.98 99.99
ship 78.66  71.02 78.16 84.75 70.37 84.60 78.58 83.95 85.49
storage tank 90.68  80.35 82.29 99.98 78.19 99.98 99.97 100.00 100.00
baseball diamond 89.99  88.40 99.55 97.41 98.71 98.12 98.94 97.90 99.50
tennis court 80.85  89.27 83.37 99.01 89.60 98.99 93.28 99.09 99.10
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S Faster- [ . [12] [13] . r21 UAV- [16] [14] RS
B ]| (7 SSD" " Retina Net ~ YOLOvV3" " Efficientdet-D2 oy YOLOX'™ YOLOv4 ARAFFEE
RCNN YOLO™
basketball court 58.80  70.91 65.18 90.32 94.13 90.30 73.72 99.31 99.19
groundtrack field 95.47  99.45 95.38 95.37 100 96.25 79.15 95.45 99.62
habor 80.68 8594 65.66 82.99 78.95 80.65 64.50 89.24 87.21
bridge 63.33  63.92 40.35 75.33 53.83 72.06 38.99 71.13 74.14
vehicle 73.09 54.61 7191 82.04 75.88 81.96 81.71 92.63 94.49
mAP 80.94 80.22 78.13 90.57 83.97 90.19 80.81 91.21 93.87

2% 3 A1, AR A R 4E vOC2007+12
F#E T AR RS 20 M0 1T
Z 5K 7 DL K 27000 ZAR7EYIR, BEAS A SUI0IE
AT EIE A RNE . 423 ), Faster-RCNN 7 mAP
5 B Y Ak, o 73.28% 5 5.1 Wi/s,
SSD I 3 B e bR, (H7ERS FE F 3R 2. UAV-
YOLO #HX}F YOLOv3 # A5 82 15k B #54 Jor I
Tt B R AR T A K. YOLOX B3 246
W R R 51 86.84%, LA B 3 /&5 o I SA T AH

XFF YOLOv4, 78 it i fdt FHICAE ML, L f —
MEEHE, [ 5] A Mixup., 2 R B 58 45, 78K
R0 T B F 190 ] Bk DR 4t v A WA B2, AE G T
AW A, ZAEIFRA R F RS 2R R
HZREAE, 78 YOLOV4 5| A BiER LGS, mAP
AT BENET, BEMIEBHRE T, T2 RE
A, TSR SN YOLOX SEma K, AHFoT Ak
R TE ARG I B B 1A — o AR, (LR UK B2 76 BT
A H IR oM B, IR T AN ST BB A Rk

£3 EVOC2007+12 5 EFE ETLE
Table 3 Comparisons with state-of-art methods on VOC2007+12

RS mAP/% R/ s ik mAP%  RIHEE /(s
Faster-RCNN!" 73.28 5.1 UAV-YOLO™ 81.83 12.8
ssp™" 79.80 19.8 yoLox" 86.84 13.0
RetinaNet!"” 81.56 9.6 YoLOv4"™ 87.35 10.0
YOLOv3'™ 81.63 13.4 YOLOv4+self-attention 87.89 9.0
Efficientdet-D2'*” 82.95 6.3 BN e PN 88.01 8.4

3.4 ERLAIE
T SR A B Y B AR 1A RO, BT X 4
HF A TR )RR IR il & B (P-Bifpn) 1 GANet i
TH AR . %5 7F RSOD #idls 4 17,
P-Bifpn 5 8 3 fil i 56 S R an & 4 ik s
FIi7R o

3% 4 P-Bifpn B R iX I8
Table 4 Albation studies on P-Bifpn

RO /(s )

(=R mAP/%
yoLOv4"" 80.84 10.0
YOLOv4+Bifpn 79.81 10.6
YOLOv4+Bifpn" 81.67 9.6
YOLOv4+P-Bifpn 83.11 8.9

# 4 v, YOLOv4+Bifpn 18 3 ] Bifpn M 45 5¢
2B PANet W45, 207 ikl /b T AT i 1T 5 4
PE o TR R, (R RTINS B R . YOLOv4+
Bifpn 71 4% % ] PANet W 4% 45 ¥, 9K J5 76 i
Ui SR PR A — fR A Rl & i REE G 7 5, R
SRR B ¢, {H )2 mAP % P-Bifpn £H

% 1.5%0 ARWFFTHE 1Y P-Bifpn A5 H7E K HH o R
PR AE B2 04 77 5, 73 T A>3 00 [ e 4
RIS R o 4R R T R L) GANet T il
IR AN 5 P,
R 5 GANet BHUH ALK I
Table 5 Albation studies on GANet

A /(s )

(ER7S mAP/%
yoLov4™ 80.84 10.0
YOLOV4+SENet 81.70 9.5
YOLOV4+GANet- 82.93 9.4
YOLOv4+GANet 84.48 9.0

AWFFEAE YOLOvV4 JE4f ey sl A AR S
BLEI &, HAGIIAG B2 A T W4Tt b T
AL S B0, X 2 A AHOCVERHE M, F1 M 647
T E T B Ak, S R ARRE RS A ) R AL
B T E RO A 2 1 ™ E I RRIE T
TR, BCRA 131 BRLE, 15 3] GANet-, 1 ik
FERRT T4 1%, 38 iK% & LA ] Sigmoid PR
B B B IACE BN, e Sigmoid BRI
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Fig. 6 Visualization results of different algorithms
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