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Abstract: Aiming at the problems of large number of parameters and high computational complexity of deep learning network in
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current power line detection; Based on YOLOvV5, a real-time detection algorithm for power lines and towers is proposed. The network
structure of feature extraction layer is simplified by reducing the number of Bottleneck, and the depth-separable convolution technique
is used to realize the reduction of model computational amount. The mechanism of power line target box screening is analyzed, and the
non-maximum suppression ( NMS ) algorithm is used to improve the model target detection accuracy. The experimental results show
that the improvement of Bottleneck can effectively reduce the number of parameters of model when the recognition accuracy increases.
The model detection accuracy and recall rate reach 94 % and 95% , respectively, and the volume is compressed by 20. 7%. The detec-

tion speed on Jetson Nano embedded platform reaches 17. 2 FPS. The detection of two kinds of power line targets achieves high the

recognition rate and real-time performance, which has a good reference value for UAV power inspection and navigation.
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B b A 0 35 6 X B A i A S B 3 E = O TR S 5 O
G HT 0 E R S I A5 AR S ma L o AR U 3 A R
NMS Bk AW S EWNT : ToU BER 0.01, BHFE
BI{E K 0. 25,

4.4.1 Bottleneck & L ] o 7% L

TEFFAE SR 28 52 s A A WO s AR SO X 45 C3 B
Bottleneck £ #E4T T Y. S 1 X oAl AR ] Bottleneck
B X BB, /E YOLOvSs JF IR F71E 52 B R 2% 1 2%
4 FpATR] (B LeEAT S50 . A9 206 N Y HE R 2K . A BRI
SRR, AR E LRI 3 PR,

# 3 K[ Bottleneck Ll &R X L

2417 P/ R/% 24/ MB
(3,6,9,3) 96. 6 88.9 6. 69
(3,3,9,3) 96. 6 88.3 6. 65
(2,2,6,2) 96. 6 89.1 6.59
(1,1,3,1) 97.0 89.4 6. 34

JE s YOLOvVSs £:1E $2 BU R 4% 5 Bottleneck %8 & b N
(3, 6, 9, 3), NE3IWLIFH, HMEHRRN 6.6%, 4
B %y 88.9% . ZE(& N 6.69 MB, A Wi /b % 2 Bottle-
neck i, SECENETT B (HR X HE B R [l 0 5
WIERBIE . fEMEE Y (1, 1, 3. D B, Sk
4 6.34 MB, W/ T 5.2%, WEBISEFIH M4 D m T,
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MERZF. 4F . EF YOLOvS By HL g 2R AT 38 S A 0 33 B5 T 5 < 83 -

ML 28 ] LG #]. Bottleneck %5 & kb 1 B 3F & v 47 1),
FEVR IR B A BT £2 i 1 17 00 T BEA SRR AR B ) S 40
44,2 FARASIN B0 1

T I UEAS SCRE IR AU . AR SO S U B
¥ Faster R-CNN, FBy B SSD, #EAL YOLOv4-ti-
ny™ H YOLOvSs #E475%F H, HEAENEENERZR . AR
R OERREUR FPS #5845, 45RA0%K 4 Fin.

F 4 AFBHEERMSET

Bk P/ R/% | BAEAB/MB | FPS
Faster R-CNN | 16.9 56.7 1042.0 6.9
SSD 58.8 97.7 91.1 33.2
YOLOv4-tiny 64.6 78.7 22.4 66.7
YOLOvS5s 96. 6 88.9 14.0 136.1
A5k 94.0 95.0 1.1 153. 8

4 WBAETE B R BB R N R g BT
Yk, ML WMiXAEFHMWE R NMNRPATLUESH,
YOLOvV5s 3813 1 96. 6 76 IHERG 3. 88. 9001 4 [ 5, P
PIEF Faster R-CNN il YOLOv4-tiny, #HEF SSD (1[5l
KEIRIRT 8.8%, HJEW T SSD MR % 37. 8%, FF&
BERLABUR FPS, YOLOvSs #f b HoAth 5 2k B AT 4 % 1 £t
P, BIRMAFY 14.0 MB, {0y SSD BIRUAFR R 15. 4%,
FPS Jy YOLOv4-tiny B9 5L |

AR YOLOvVSs VR Bl 5 s, TR Re AT 5 R0 2%
TG | AR AT 43 86 FUIE B2 Bottleneck $6, [] B 2k
T NMS Bk, itk BARHER IR EENLE . MR AT LUE
AP RVA TR — 2 45 20. 7%, BRI THEEmS
B A, 7E GTX1080Ti | FPS & T 17.7, BRI
WA 2.6 XM F R, EREEREE 6. 1R, KT
YOLOv5s 76 2 0 AR &, 7852 Fr i g 26 A i 24 o
TR LT AN S R ERME, TINEEA R,
MK He 230 AT AR B, AR SCHR H Y 5 3 A 1 A R 00K B RN
TR b LA R
4.4.3 AT/ LR

R R A AR S PR s b iy SR, KB
o A 00 B 925 A% AE 0 & B ik AZUF- & Jetson Nano I+,

Jetson Nano & —# it ARG £, KK/, &4
AT AM L, ARG CPU i 4 By Cortex-A57,
GPU R H:T Maxwell™MZE¥g 11 128 #Z 5 5 CPU, A 64 Hif
4 GB LPDDR4 NfE, 7EE J1 i miEA 472 GFLOPs, H] DU
FEA T R /N AR Bk ) S HE T R BRI R G A
B JetPack 4. 4.1 SDK,

A o DU ASE Y A I 2 B B o B0 3 3 BORG BE 4R T
EAERLTR I B B, #6284 P & M RE S A B R 1Y R R,
KRS S bR 3B 28 Bk AP B XD B, — R
FGEMRA A R W SR, BRI, BR S
UL BN A2l A Ak 5 . A 250 K TensorRT il i 4
@S AR WL EFTWL, AL EE TS

YOLOvSs Byt E ST g6, % b3 B 5 i 5 125455 20 Ok AR A 4 —
PR B, Rk 5 PR, HpERE
ARG REVE SR (FP16) , i A B R R/ R 640 X640,

#5 ARG EREN

Bk R R L/ MB FPS
YOLOV5s 18.8 15.6
AR 14.6 17.2

S ATLAE S ASCBORE S . BUALATR N 14. 6 MB,
TRET 22.300, KEWAE A KT G AT LA 5 5 43 1 A
M. e 2R MU O RE . FEPUNEE B, FPS
B 17, 2, (EJFESERL SN T 1. 6. 7RIS 5 BT BRI
8O0 HE A T AL S A I B R, AR AP 11 RO
FEL Iy £ A R g AT B R [R) I oAEff Fg TRUR) Ok

Bl 11  Jetson Nano il % 5 &

T 2R B R E R A I e Ty SOk il T8 AL
A B I AR s AR SORF i T3 4R H R AE 1 0 3 R
Ko Wl 12 P, SIC AHLE) AT REBE R D T 1. A
117 LS e 5 B A F) T AR

B 12 PR 6 E
SIS ZE SRR, ARSCTERIRIGE M LR E S
W, BB S AL A AR i A SUOF & b R A R
P S,
5 H£RiF
EExt L R AR AT &, N TR IR 2

BT E R KA R, A SO I bR T — A4 B R 5
] YOLOvS5s 7 K Fehib H AR R I 2%, 30 1 £ A 450 o8 2>
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5 30 &

i Bottleneck 5S¢ SO0 it A HARAYFFAE SR, K TR W] 0
EBREAREREBIT RSB, AR RAENITR R
ZRBE. JUA NMS B3k, gE— 52 Th 1 H A I A 41 ol
i Z AN HE SRR ] Bk YOLOVSs Bk L JsUn 55 ik
TR A 1] 52 B | B R (R BURD FPS 48 b5 347 — 5 19 52 71
RETEHR A Y- 6 b 5] I 58 By e A Ty FP 8 ke . H
AR R S . BUA Bl L P RE B R I A B, EH
Kt BARMEN B 2 J5UG ) 2R B AR AR B . T — 2 B
RS 5 PR
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