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Sparse Convolutional Network with Global Context Enhancement for Anti-external Force
Damage Detection of Power Grid
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*(Engineering Research Center of Digital Forensics, Ministry of Education, Nanjing University of Information Science and Technology,
Nanjing 210044, China)

Abstract: In the anti-external force damage inspection of transmi‘sgion lines, the current lightweight target detection
algorithm deployed at the edge has insufficient detection accuracy and slow reasoning speed. To solve the above
problems, this study proposes a sparse convolution network (SCN) with global context enhancement for anti-external
force damage detection of the power,grid, Fast-YOLOvS. Based on the YOLOVS algorithm, the FasterNet+ network is
designed as a new, feature extraction network, which can maintain detection accuracy, improve the reasoning speed of the
model, and reduce corﬁputational complexity. In the bottleneck layer of the algorithm, an ECAFN module with efficient
channel attention is designed, which improves the detection effect by adaptively calibrating the feature response in the
channel direction, efficiently obtaining the cross-channel interactive information and further reducing the amount of
parameters and calculation. The study proposes the detection layer of the sparse convolutional network SCN replacement
model with context enhancement to enhance the foreground focus feature and improve the prediction ability of the model
by capturing the global context information. The experimental results show that compared with the original model, the

accuracy of the improved model is increased by 1.9%, and the detection speed is doubled, reaching 56.2 f/s. The amount
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of parameters and calculation are reduced by 50% and 53% respectively, which is more in line with the requirements for

efficient detection of transmission lines.

Key words: transmission line; object detection; lightweight; sparse convolution; attention mechanism
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SRR v, FIE T 2 N4 P R 0 T A A
AR, ZER AL EIR 13148 5K, Wit THU. 5+
W, ks 9 623 862 A F AT 15 %80 SR
8:2 K AINGAE S IR, Fr8EMRFERB R 1 Fix,
HHE R WA 6 A,
3.2 SLIINERLE

AL 5256 T HEEET Python 3.9 ASf{) Torch 1.12
TR 5 STHEZR B2 4T IR 858, IR %548 /2 40N Ubuntu
18.04, i217 W 4779 32 GB, ## NVIDIA GeForce RTX
2080Ti .

ARSI BRI AR 1B N 640%640 125,
K F BEALER T B9 (stochastic gradient descent,
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SGD), ¥ fit b FH S H K E N 8, hESHR E N 0.937,
PUE TR E N 0.0005, MR IR & E N 0.01, )5
K A% 5% 3% Jek SR 3 I R 5 R

£ 1 HUREEE
EACITE TS IERVNER D bR (1)
ES 5117
it ALK W 5325
At LR 4283
L 2957
SR ‘ 553
g W \\_ 527
2 =2 721
X 3380
] -
. UJ)& ‘\*’ - HE 999
—% -

33 iFNERR \, -

. ?I%‘%%ﬁﬁ HERZR (Precision)~ A A1 (Recall)~
AP'(average precision). mAP (mean average precision).
FPS (frame per second) 1E B AL 14 G 1 VF 0 8 4.
Hrh Precision fl Recall B)iHHE A= (5). R (6)
Fros:

-

TP

Precision = — 4
recision TP+FP %)
TP
R =—
ecall TP~ FN 6)

Horh, TPRIRHE IR & N IEFEA A2, o il
MIEHR; FPRI 4 5 e N IEREAR AN, RoR
AT, FN RN E N SRR AN, RO
TS — SRR % - A Bl % (Precision-Recall,
P-R) 1l 2% 55 A4 b Al ] s (0 TR, AT SR MR A — 2R (1)
AP, 5 (7) 7R mAP & AP SELETA 0 T3
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18, W= (8) Fror.

1
AP = f P(R)dR (7)
0

1 m

i=1
Hrp, PFRIR Precision, R~ Recall, m3E 754 J14k
7N g RIS EIE -

34 XWHERSHH
341 VHRhELE

N T IR AR SO I A AR B Sk D7V R AT R,
Bk 7 A T4 B SR 5 34T % EE 43 #, L YOLOVSs 15
TR R, I 72 v 2 SR AR ) () 20, 75 AR SR 12
100 i P B B 0 0 AR IR K £ B R AT SRR T Rl SIS
gEaE 2 fios, Hrpe BRI R T i, <
R KM ZITE.

K2 HRSLL o\
A \ -7 .
YOLOVSs  FasterNet  FasterNetr  C3_ECAFN  SCN  [recision (%)  Recall (%)  mAP@Q.5 (%) * Params (105 FLOPs (10°)
N — — — — 88.7 842 | 886 7.2 16.6
v N — — — 87.1 835 86.7 33 75
v — v — — 886 1 840 87.3 33 75
R — — S — 89.4 To8s1 89.0 6.7 15.5
v — — — v 90.2 85.0 89.5 7.6 17.9
v — J V > = 89.8 84.8 89.2 3.2 7.3
\ — \ B \ 90.6 85.4 89.8 3.6 7.8

.

172 2 T LB B0 FasterNet %4/ %y YOLOVSs
B F I 28 30 AT S0 (2 2 45 2 A7), HATH i) S L)
Ko b5 2 i 1 S BRI A G O 2 B, (R LB
KRS FEH 0. IR L %K H FasterNet (4%, B AR B
5 R A TR AL, EL R AT T R RS 12, T DA
3G A FL R A8 A SC U0 FasterNet+ B4 347
SEUS (3R 2 % 3 47), ML T FasterNet M %% (£ 2 55
247), FEEERRTE T 1.5 AN E 7 A, 5JE YOLOvSs ik
R —BOKF, B S5 SRR, T8 T &
HERA A, 3 2 4 4 47T DU, SRATRL A T Bk
VER 710 ECAFN FHe & 4 C3 Bt i 1) Bottleneck,

AL TR YOLOvSs B8, KA T 0.7% I3 Tt, Recall. |

T 0.9%, UEBH T 5] N & R0E 1E EE T A RO,
[R5 A . XK % PCony 5 PW Conv 11
HAEBRTT A AR EGEF SN 24 2 J5 K H FasterNet+
70 ¢4, [ i B0 I ©3 BB AT X (£ 2 5 6
17), 5 E K FasterNet 4% (% 2 58 2 17) ML, A&
FESSE T 2.6%, mAP@0.5 $E T+ T 2.5%. iX /2 R WAL
FE HU ) FasterNet+ 26 38 ik X 18 2 0] (1) 9% R, H
T 7 Hib BRI RS A 8 TE 5 1) 1 R AE I S, A R A 1
THAZE, 974N T PConv i B IE S BK, /15 T
B2 ME AF R, B T B R E SR L RE T DA K&
C3 M BIRHIE S G /e 7, 1T T M4 1 fe.

WIZR 2 55 S AT, M FH SCN W) 4% Sust AR 2 f
MZ, MR YOLOvSs B8 ks MRS BE 32T T 1.5%,

mAP@O.5 327+ 1 0.9%, Z¥m 51t HEH I 78
SN 3K PR ARSI ) A 2R T AN 4 S
AL 7y R BIEAES, FHFHARCHIANT &/ E R
2R ORI A SUREAE, KR B2 s A A I 8 7 19 R BT
W T — LK PR EE, BT DA T 8D R, &
J&, A58 FHAS SCHR U Fast-YOLOVS #E RS 3E T 5206 (35 2
B 747), W LAEH, SRR PRI RO R T
#TE, M ECJS YOLOVSS, ZERIR S8 15 1 5 55 )
FEfIRT 50.56%. 53.31% FIIEHLE, HEREERA T 1.9%,
mAP@O0.5 H27+ ¥ 1.5%; il W) T ¥ FasterNet+ % .
C3_ECAFN-BIHLA SCN [ 4% 41 4 15 FH 1 24
342" RFEGFRL%ERER

N T EBH A SCHR H ) FasterNet+ M 2575 & T/
28 0T T ERAGE HY A 3 T RS PR O, A SR A 32 R
H 32 Bl T M4 8 i YOLOVSs [T /4%, 22 [
HISEEG26AF R, 34T T 2 A S50 Lo b, SEE 4 i
% 3 PR,

FHEC T EfficientNet™ . MobileNet B} GhostNet
BT ER AR B ST T M 4%, FasterNet W28 7E S 4
w5 ERERFER —KFIER T, REmR KD, F
I 2 B 7B AY A I B2, AHEE T YOLOvSs, &
EED i S A UE 752 ' B DU | AN =TV S B ERE D= R 14|
% FasterNet+M 45, MHLL T ARSI NAT, AR R AT
0.6%, Ht— D FME T i T A8 32 5 A0 18 Bl A T A
WK BEA O, G S A gk SR AR AL 3R AL T R 4T i 2 ik
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I, AR A FasterNet+ P 284 A4 AiE 2 BURA 25 %

#3 AFEE TR

L AR T8 53 B AT L HF M  mAP@0.5 (%) Params (10°) FLOPs (10°) FPS (fls)
- . YOLOVS5s 88.6 72 16.6 282
343 AFIBURXS LS EfficientNet 82.6 6.4 10.9 311
N Tk IR A S R B PR RE, AR AR R MobileNetV2 84.8 4.6 9.0 38.9
B AT, 540 AR MSOE R Tt (e i oo
GhostNetv1 84.4 3.5 6.6 31.7
Sz, 414% SSD512. RetinaNet?®, EfficientDet!?”. GhostNetv?2 82.8 3.8 7.0 26.2
YOLOVSs. YOLOX-tiny™), YOLOv7-tiny. %f b 5536 FasterNet 867 33 73 o1
. FasterNet+ 87.3 33 7.5 46.9
SR 4 FR.
K4 A FBRA ISR H e \
iR Precision (%)  Recall(%)  mAP@0.5 (%) Params (10  FLOPs(10°) 'FPS (f/s)
SSD512-VGG16 87.4 752 82.7 24.7 L 1771 81.4
RetinaNet-ResNet18 91.7 70.4 82.0 19.9 125.7 322
EfficientDet 91.5 68.4 822 L 39 52 12.2
YOLOVSs 88.7 84.2 88.6 72 16.6 282
YOLOX-tiny 88.4 833 835 5.0 15.2 40.8
YOLOV7-tiny 88.5 842 88.4 6.0 13.1 64.6
Fast-YOLOVS (ours) 90:6 854 89.8 3.6 7.8 56.6

5104 Y OLO R T4 F e 1 51
YOLOX-tiny il YOLOv7-tiny A b, 2 SC#2 H 1 Fast-
YOLOVS HIETESHEL E o 5l b T 28% 40%,
HHEEDH T 48.7%. 40.5% IR, dERM %5y
FIFREE T 22% 2.1%, [F mAP@0.5 43 B3 T 6.3%,
1.4%, IXE T ASCRIE LR 544000 B bRkl
H9%: SSD (E T M4 N VGG16) Fl RetinaNet (32T M
2% ResNet18) #H L, & TE FPS FERZ A fl/)
(122 85, {H R A SCHR I TR BR K T 5 IS 3R DA
K10 R, [F mAP@0.5 $645 0 Bl T 7.1%
H7.8%, B T AR SCHEE S INIE A E T A Gk &
_I; EfficientDet 535 RH 7 K& IR E ] 70 G RHR,

IR SRR s B N INRIE S, BARTTE T BRI

A, {H 2 T DWConv 7 EHE V7l W 1F, A
TR N T 124 R, ARG T A Tk, A
SCHEAE FPS fbn- 5 8.7 £, HRF A (RIS
Ve b S v ORI A SR

AR Fast-YOLOvS 5% 5 YOLOvSs 5k
AL, WERRIRE T 1.9%, mAP@0.5 15 T 1.2%,
FPS #2151 50.4%, BAL (1) 2 508 At 58 43 0 B A%
T 50% FlI 53%. £56% 2 F1%k 4 ATLUE HH, Fast-YOLOVS
SELERE— S0 B A DUKS P82 5 A6 I3l BE PR A O T, K
R ARG T TR RIUASE, 57 - i P 20 B A S ik vy 255G
MR, A BITE I S o LB iRt T TS A &R,
3.44  Frilgh R R

NT BB EMEI ST Fast-YOLOVS S (P fE,

88 R4 % System Construction

5399 Sk Wi OB AE B AR A AT AR, 2B 7(a)
9 YOLOvSs AR I 2R, & 7(b) A Fast-YOLOVS
B Y R I L. B EE AT DL, LR 1 AT R,
Fast-YOLOvVS HRI7EIE T 1 42 5 HoAth it TAHUMR 2%
H bn 25 420 P15 LR, BE 05 1R 50 H 3 22 5 HERA 1 H b,
o RS P AR B = AE5E 2 ATl ks M S DL R, 2R
34T RN S HEKEE H AR IEOR L, Fast-
YOLOvS BEALRAA FRA 34K, [ 5 fr S HEf, 22—
IR T AL ) Fast-YOLOVS AL 71 4 HLEK 4t s
ARSI T RO

4 LEt5 RS

AL 0T 24 B AR S i Y R R B A R
EATERIR RS BEAS 2 . HELR PR 45 1), $RH T —
P T4 R b SCHG 5 A 5 45 AR F X 977 0 g s PR A
MEEAERY Fast-YOLOVS. BART 5, Wit T FasterNet+
WX 28 A SR 8T (P AREAIE $ I 4%, DR 5 2 v A U S 1)
TEOLT, AL I B /D 1) P A7 U5 1) &, 3RAS SE R Ak A U
TR S T RA R SOEIE T E I ECAFN et
HEZ I C3 B, FERHIERLA B B, il I 4 R~ F 30
IR G B RRHE, 225 b B[R]0 58 e B, 2 21 F
RRPEIEVE R Y, B OR TSR B RHE R IR e 7, (RIS
H— PO SHE SRR, 2 T —MET
xRy b T S B M 5 AR I 46 SCN AR A A 1) A
W2, F R 4 {5 B R Al 5 A8 RURRAE, AU Al
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