wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

—HMEGHAIE T YOLOVS sHIE S BiRiGNEE
PRk, B

5IAEX

PRk, BFR. —FBUANETYOLOVSsHREUMMABREUEELJ]. HEYRE 2024,
51(11A): 231100119-8.

CHEN Haiyan, MAO Lihong. Improved Lightweight Aerial Photography Object Detection Model Based
on YOLOv5s [J]. Computer Science, 2024, 51(11A): 231100119-8.

HUXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ET2RSHEINGREEMTTE

Multimodal Contrastive Learning Based Scene Graph Generation

HEHNRIE, 2024, 51(11A): 231200185-5. https://doi.org/10.11896/jsjkx.231200185

ETWNEGES RNERGE BRI
Remote Sensing Orineted Object Detection Method Based on Dual-label Assignment

HEHNRIE, 2024, 51(11A): 240100058-9. https://doi.org/10.11896/jsjkx.240100058

PS-YOLOV8: &3 £ iR AR AY/ MR R ARG T
PS YOLOv8:Enhancing Detection of Small-scale Damage in Power Lines Inspection

HEHNRIE, 2024, 51(11A): 240100003-6. https://doi.org/10.11896/jsjkx.240100003

Y OLOV5 s Bt SRR R T AYME KA E X
Improved YOLOv5s Algorithm for Detecting Fireworks in Urban Building Environments

HENRIE, 2024, 51(11A): 240100051-7. https://doi.org/10.11896/jsjkx.240100051

E T Yolov8NBEE B TTRIGNEE
Dunhuang Mural Element Detection Algorithm Based on Improved Yolov8

HENRIE, 2024, 51(11A): 231000034-6. https://doi.org/10.11896/jsjkx.231000034


https://www.jsjkx.com/CN/10.11896/jsjkx.231100119
https://www.jsjkx.com/EN/10.11896/jsjkx.231100119
https://www.jsjkx.com/CN/10.11896/jsjkx.231200185
https://doi.org/10.11896/jsjkx.231200185
https://www.jsjkx.com/CN/10.11896/jsjkx.240100058
https://doi.org/10.11896/jsjkx.240100058
https://www.jsjkx.com/CN/10.11896/jsjkx.240100003
https://doi.org/10.11896/jsjkx.240100003
https://www.jsjkx.com/CN/10.11896/jsjkx.240100051
https://doi.org/10.11896/jsjkx.240100051
https://www.jsjkx.com/CN/10.11896/jsjkx.231000034
https://doi.org/10.11896/jsjkx.231000034

http: /www. jsjkx. com
DOI:10. 11896/jsjkx. 231100119

= 1*5%-%#4‘?

— M BRI E T YOLOvSs RS W i B Rt Ml R 2

BRigdHk EFE
IHEIAFITENSRAESK 2 M 730050
B E AANMMABREERAIL . BAREEBLIBEARLBLR . KT EARENGEE, ETRAFIGAFLMNBERFFE L
REZDEAFREELANBRGHIAXEZE L, AP A2 0 T — AR e £ T YOLOvSs 692 AL B AL B 4740
A FEFE YOLOvSs £-F WM& 69 C3 43 BottleNeck # 3 4 22 8 28 45 ShulfleNetv2 M % , & Bk 42 A é‘]ﬁ*fc’ifﬁ\rif:ﬁiﬁ%‘é
JE 3 3ok JE ShuffleNetv2 W& P IIANE B2 & XX iks SEBBEEZENNBARK 2% 8, REMERBEF 0948 3 K
VAN Z S I=F 2 R R e I N e o P P o\ﬁ—_ YOLOvSs 3 R EAFIEGAMA PINSERBEEZEIH . LRGN
Bt RAEFAE R AR RETA AW AAEMNBEARABETRO T BN TR, TRERAN . £
NWPU VHR-10 %3 £ b, &k #t B R A 5 YOLOvSs BA AR, B ARt m 69 R o B 345 E A5 AR T 3.5%.1.9%,
A AB TR A EEILT 76% .48, 7A,$§&kd VEST 73, SA,#/\)mlziF#ﬁ’rT 48%
FZEE . B AR N ;2 TP % ; YOLOVSs; SE i@ 38 2 & h AL ;18 18 37 4

hES%EES TP391.4

Improved Lightweight Aerial Photography Object Detection Model Based on YOLOv5s
CHEN Haiyan and MAO Lihong

School of Computer and Communication, Lanzhou University of Technology,Lanzhou 730050, China
Abstract The difficulty of target detection is increased by complex backgrounds,dense targets,and a high proportion of small
objects in the unmanned aerial vehicle(UAV)aerial images. Deployment on embedded devices by drones is difficult due to the high
computational complexity of the target detection model based on deep learning. Aiming at the above problems,an improved light-
weight aerial image object detection model based on YOLOv5s is proposed. Firstly, the C3 module BottleNeck of the YOLOv5s
backbone network is replaced with lightweight ShuffleNetv2 to reduce model parameters and computational complexity. Secondly,
cross-layer information cross-fusion,SE channel attention mechanism,and residual connections are introduced in the ShuffleNetv2
network to alleviate the problem of reducing the number of feature channels caused by convolution operations and insufficient in-
formation utilization of feature maps in the middle layer of the network. Then,the SE channel attention mechanism is introduced
into the YOLOv5s multi-scale feature fusion network,augmenting the network’s ability to capture and extract key features. Final-
ly,the proposed target detection model in this paper is further lightened by channel pruning. Experimental results on the NWPU
VHR-10 dataset show that,compared with the YOLOv5s model,the proposed model is increased of 3.5% in precision and 1. 9%
in mean average precision. The number of parameters and computational workload is reduced by 76 % and 48. 7% . the model size
is compressed by 73. 8% and detection speed improved by 48%.

Keywords Object detection, Lightweight network, YOLOv5s,SE channel attention mechanism,Channel pruning
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35 91E 2R 1 BottleNeck 58 X fi 411 &1 45 H 6 0 452 74
AE RS, A4 SCHE A 35 YOLOVSs 22 R RRAE il & W0 2% 11 3k
jﬁﬂm PRANAR (1 HE Al b X ik 9 3 T R 4% C3S AL 1 Bot-
tleNeck #FATVE AR5 HT . B T4 Rl 52 30 DL 3G TE 2 #E (19 BottleNeck
RO A R, S gt Rk 2 o,

*2 P BottleNeck 5 14 BE 7 #

Table 2 Performance analysis of improved BottleNeck module
E}jfi\gi\ %:;;]ﬁ Zijf; mAP/ % Params FLOPs
— — — 83.4 6735367 14, 8X10°
N/ — - 84.1 6861271 14, 8> 107
N N - 85.6 6924223 14.8%10°
N N NG 85.9 6924223 14.8x 109

TS — "R M ) 2R R e

2 2 TLIEH . 24 BottleNeck Fi R H #5215 B 28 X
il A JE  mAP {H M 83. 4 %042 = 5] 84. 1%, X F W 4 Shuffle-
Netv2 [ 45 N R AR i 185 245 B 3¢ Rl & g 9% A 250
I v T 2 R AT 00 15 U2, B B AR A 6 B AR 1 R AF 42 HCRE
TR R B AL 3L ah 51 A SE 38 i i & ) AL i
B B mAP {9 — 4 42 T1 31 85. 6% . M1 4 T AL H B 2 15
BN A5 A SE 38 8 V2 7 L RE 6 B R B i e 5
WAL S5 A S 1 E (R B B mAP (HRA T 1.8% ., &
i B 2205 1838 LRl Al SE 3l 18 VE 75 0 PL R i kel 5 A
B 25 T BT mAP {E3A 5] T 85. 9%, 5 R Al I o #F 1y
BottleNeck % 5t () 46 M 45 AU AH b, mAP {2 T T 3. 0%, #&
RIS 6735367 #E N %) 6924223, HAFEREMNE, I
SR TE N IR SE B % PR R AR AR 7R 14, 8 X 107 FLOPs %=
14.9X 10" FLOPs Z [A] , & W o J5 A B2 20 76 31 55 &2 24 08 1
WA BFEN M,
3.4 Bk A9 &R B x A B 0 T A B B2 M 4 AT
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LA MR AL, YOLOvSs_SV2 24 YOLOvSs 3T M 4
C3 i i) BottleNeck £ 4t & ShuffleNetv2 T R £ HL 5 Y
LR, YOLOvSs NSE J2 78 2 RUE R¢AiE a6 M 46 5] A SE
WAE A WL 2R R A AL, YOLOvSs _ C3S J& f%
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Table 3 Influence of improved modules on detection results
A mAP/ % Params FLOPs

YOLOV5s 84.6 7037095 15. 8% 107
YOLOv5s_SV2 83.4 6735367 14.8X 107
YOLOv5s_NSE 84.5 6787287 14.9%109
YOLOv5s_C3S 85.9 6924223 14. 9% 107
YOLOv5s_BSN 86. 6 6976143 14.9x 107

MFE 3 T LIFE % ShuffleNetv2 T R A B 5 22 #57

YOLOv5s T M4 C3 #idt iy BottleNeck #1750 (% 3
52 A1) R R mAP B T T SRR R
FrB#EA% . H ShuffleNetv2 FRAEFBIHE: e YOLOvSs £ T K
#rh C3 By BottleNeck , [F] B 7F 2 JUBE FRAF @b & 9 45 5]
A SE 383 2 LK TS5 (3R 3 A 34T M AAE SR
A5 RA BTN L T mAP A TR T B A B R,
K 1t . 78 ShuffleNetv2 [ 25 di 5] A #5215 B 58 X @& . SE i3
EEE L RIR2ZEE G % HTIA YOLOvSs W 4% i 17 5%
¥ (3% 345 4 47) , M b H¥F ShuffleNetv2 (1 T SR ke R He 25
YOLOvSs =T M C3 B ) BottleNeck i Il 45 78 (% 3
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#5240 mAPEIRFF T 2. 9% ;5 YOLOvSs F i i ) 458 4
LR 35 147 mAP T T 1. 5%, Hit B = S 4
WA M., YOLOvSs_BSN(# 3 %5 5 47) & YOLOvSs
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R s A SE 3 5 1 HLH S 00K A A, AR mAP
A M B $2 T AH e YOLOvSs JERl 9 28 455 580 m AP {5 42 7+
T 2. 4%  SHEEAH R RSB FHET 0.9% M 5. 7%,
3.5 ANEIFETL O T AR B N 88 5 47

F A4 SRR O )T A A5 AR I T B 4R AR, b
Z B (Params) il 3 & (FLOPs) JH F 7 & # 5 f &2 2%
JE . FEARSCIr T BB ER T RTS8 O 6976 143, 1A
14, 9X10° FLOPs, MR 4 WA, 76 AR [F] 3 37 Lu 9 &, 5
YA T IR BRI B R AR Fﬁ%%&;&tb%"ﬁ H5 #1
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Table 4 Model performance metrics values at different cropping

ratios
#¥ % P/% mAP/Y%  Params FLOPs A KN /MB
0. 60 85.9 84.7 2243724 9.6x107 4.9
0.65 86.1 85.4 2035275 9.3x107 4.5
0.70 86.9 85.3 1848501 8.9x10? 4.1
0.75 88.4 86.2 1686764 8. 1107 3.8
0. 80 85.6 85.3 1561683 7.5%107 3.6
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EEIL
3 |
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® 400
ke
w300
=t
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ZE:9=5 4

B 7 & BUZ i

Fig. 7 Number of output channels of convolution layer
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Pk fE, &5 R a2 5 o,
# 5 NWPU VHR-10 ¥4 4 LR H ARG DA B 4 58 X 1L
Table 5 Comparison of detection performance of different

objects on NWPU VHR-10 dataset
A KN/

A P/% mAP/% Params FLOPs ME FPS
YOLOv5s 85.4  84.6 7037095 15.8x10° 14.5 150
YOLOv3-tiny 86.6  82.0 8687482 12.9x10° 16.6 123
YOLOv5-lite  86.7  80.7 5309095 15.2x10° 10.7 156
YOLOv7-tiny  83.8  75.6 6039342 13.3x107 12.3 127
YOLOv5s-BSN 88.5  86.6 6976143 14.9x10° 14.5 130
A A 88.4  86.2 1686764 8.1x10° 3.8 222

1365 W40, YOLOv5s-BSN #58 () P {8 .mAP {8 . S %k
TS A BT KN A I B 43 5l 88. 590,86, 6%,

6976143,14. 9 X 10°, 14. 5 MB, 130 FPS; 5 ¥ fill ’ %4
YOLOvSs # L, 72458 7Y /I 45 A5 A8 FRG I 3 B P AIK 20 FPS
B JERE BB PAEIR T T 3. 6% . mAP EHET T 2.4%.
HERMSEHRES NI T 0.9%.5. 7%, A< SO 258 i
XF YOLOv5s-BSN #5847 3@ 18 57 A% 45 21 (49 . 5 55 &2 i 9
YOLOv5s-BSN # L #5 , 7 P {6 R mAP {H 73 3 FEAR T 0. 1%
0. A% Hemly 1 BRI B A S o IR T 75. 8%,
45. 6 Y0 MR R /NESE T 73, 8% A B AR A+ T 70. 8%,
HHERM 4 YOLOvSs # Lt AT Pl mAP {8 43 ) $& 7+
T3.5%. L% . MBS HEMITHEREMIKT 6%,
48.7%, WA T 10. 7 MB ) N 7 25 ], B KN R 46 T
73. 8% AW E I T T 48% . M T REHM L YOLOVS-
tiny, YOLOv5-lite, YOLOv7-tiny , 4% 3¢ 45 % 75 Y 5 2% P ¥
EEREE mAP SR T R R RN R I X 6
AR AR B . £ NWPU VHR-10 % & 8y H ks
K &8 oy &5 KL an el 8 Frn. w LLFE H, YOLOv3-tiny #
YOLOv5-lite LA K2 YOLOv7-tiny 33X £64% 5 4k B A7 A6 A% 70 %)
A 275 50 B % 8 0L Ko B AR & R S5 R S0 0
BAFAE R R A A I B0 . SR, A SCBE L8 3 X YOLOvSs
R 4% R 22 RUBE R AE il 0 2% 1 £ A Bk L R AR IE E RS R
D A5E B0 3 — A0 e Ak 1% [ I o 485 280 O G U AR P B AR R
AIE B B BB, DT 32 T 7 X i 40 R b 2 41 B AR RN B AR R R
BETJ

(e) 2% SO

K8 NWPU VHR-10 H¥f £ 1A [R5 6 0 25 500 L 18]
Fig. 8 Comparison of detection results of different models on

NWPU VHR-10 dataset
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Table 6 Comparison of detection performance of different

1714

objects on DroneVehicle dataset

w*/\
A P/% mAP/% Params FLOPs &QMBJ/FPS
YOLOv5s  72.0  69.3 7037095 15.8x10° 14.5 207
YOLOv3-tiny 68.4  61.6 8675932 12.9x10°  17.4 232
YOLOv5-lite  71.0  68.3 5303290 15.1x10% 11.3 300
YOLOv7-tiny 71.4  70.0 6018420 13.1x10%  12.3 347
YOLOv5s-BSN 72.7  70.8 6962658 14.9X10%  14.5 102
A LA 71.3  69.7 1679354 8.1x10° 3.8 328

H1 3 6 T 41, YOLOv5s-BSN ) P {55 mAP {4 b L il
B YOLOvSs f T 0. 7% M 1. 5%, A& 3CH# & JE 4
YOLOv5s-BSN # # F 17 5@ 18 59 £ 1% 2 /9, 5 57 &% 65 1)
YOLOv5s-BSN A Lk, P {H f1 mAP {4 4 5 B ik 1. 4% 1
1. 1% T+ 5 RN 2 80 o i AR T 75, 806,45, 620 . 1K
BURONESR T 73. 800 K il RS TH T 221%, h T EH Wb
PEA A SO Y () #6014 BE L 7 DroneVehicle 045 4 F X+ H b5
M5 b AT T AR L 0 9 BEaR . M 9 FTRIFE H L A S
LT AH % F YOLOv3-tinys YOLOv5-lite B4 & YOLOv7-tiny
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Fig. 9 Comparison of detection results of different models

on DroneVehicle dataset
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