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Detection of foreign objects in power line patrol based
on improved capsule network

Song Liye Wang Shiao Liu Xinming
(Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125000, China)

Abstract: Aiming at the problems of poor spatial recognition and excessive training sample requirements of traditional convolutional
neural networks used in power line patrol foreign object detection, an improved capsule network model is proposed. The gray-scale data
and three-dimensional block matching filter algorithm are used to preprocess the line survey data set. The adaptive contribution pooling is
proposed to reduce the amount of data information loss. The foreign object data depth information extraction unit extracts the main
features to filter out redundant information, reduce the number of data to improve model performance, improve the foreign object
recognition of main capsule layer and dynamic routing structure to adapt to power line patrol for the second classification of line foreign
object detection. For adaptive contribution pooling and maximum pooling, non-pooling, traditional structure capsule network and
improved capsule network, improved capsule network and AlexNet, GoogleNet were respectively compared with foreign object
recognition experiment and improved capsule network spatial recognition performance. The experimental results show that under 3 700
small training samples, after 20 trainings, the average accuracy of the improved contribution network of adaptive contribution pooling is
greater than the maximum pooling by 2. 7%, and the improved capsule network is better than the non-pooling, traditional structure
capsules. The average accuracy of the network is increased by 3. 6%, and the improved accuracy of the improved capsule network is
21.9% and 12. 6% higher than that of AlexNet and GoogleNet, respectively, and the improved capsule network still has an average
accuracy higher than 91% in test data of different sizes and angles. The improved capsule network has high foreign object recognition
ability under the condition of complicated spatial recognition and few training samples, and realizes high-efficiency and high-accuracy
automatic unmanned line inspection foreign object detection.
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Fig. 1 Partially preprocessed dataset
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Fig. 2 Schematic diagram of power line foreign body

depth feature extraction unit
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Fig.3 Schematic diagram of improved main capsule layer for

power line foreign object recognition
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Fig.4 Improved dynamic routing structure
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Fig.5 Output result of deep feature extraction unit of single data
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Fig. 6 Partial data fusion results

Pl 6 Sy o 0y PR D 300 20 3o TR 8 AR A i BB
JLJE Y 256 DR G RL G o8 ok RS T 7
FEATRLAL K 574 = PRIy 2 o3I A ) e, 7
FHAbAR S B 0 slaE e, Hob e i R R R
7, BE R B @R Sk (R B e 2 R
P M s 1 S G S AR B R IR IR
SFRAIE, AR5 & b ORI PR RRAE . DEBR T
FRER JURMEE, AR T Bos Ko, (5 260 Hril Bl
EibiIEa 7

K AR R Rl 45 R AR IR b 4
i F IR Z A RANE T 7R

1P 7 AT e A i A R S 5 408 ATl
HEA T2 e 0 e AN A 1 A R, T AN A A
JE AT RAGE o] B 7 O~ 1, JBEGR 13 R A A Bt o A 70 P o
AP, FHES (A R AR R R AR, JEARER IR )2
T 9 S B el 5 SC, B vk aal ok 32 i 4 =l HL AR IR
0 S G AT Ay X33, LR E 45 2Rk A B Ji e J= i
BB

He P 7 1 i e = i o e A RO IR )R OF
P2l 285 0% P 254 2 B e 28 1) S ) PR 03 S T B TR0 5
PR IR L RN 8 Fr 7w o B AR R 16 4
JBE i

HIP 8 T, BT IE B2 A3 B A 16 ZEfm] &, (o] 4
A2 BEARFRAE Bt o 28 A A L, 1o e i B AR
RIEER, hTHRERN N E—RY5ERY,
DRI B A PR B0 B3 WA i iR AR S 0 Bt



BT R IR I 245 1) HRL T R S A

K7 o fs SR 4,

Fig.7 Partial data main capsule layer results

N
Uy "

B8 E s T e e SR 4

Fig. 8 Digital capsule layer results for partial data

SR 1A R B , SRR 2R 2 A4 R, B
VG B 1] T PR R BEAL FTARAE . 38 1 4> 1) i g
Ii] TR U T A7 R A BRI 28 2 A fo) i
i) TR O CRAR A A R R, 151 8 56 1 174k
SEMIER S 1A ] 5 45 R i 1] T €0, 5 2 A1) B4
R TRE AR TERY R, B8 H 277 MAE
RIS 1 AT 2 SR Al 1) TR, 50 2 A i 45 2R i )
THE KT YL,

il g L T A S A P 5 S DA A
X () BERURE A SFUIACR , i A R B B AR 25 R N A 9
v

P9 FJA, LA 1 AT AR 1 X [0 ) 2 S ) A
MREAE AR/, JEER 2 A7 ARSI 3 Xk 7 i) 2k s S ) 22 0
FHIER RN SR 3 47 A S 0 5 X 7 17 8 B S5 ) 2 1)
FERFAE AR AL, 2R 4 A7 AR IR 15 XDz i) 2 At S 40 1 A
FFAE B/ o 5 X 5 20 22 ) e AN [R) 48 2 1 /N i
AL WS BRI 23 [ B B PUIRCR R 4F . i
WAk FAaT b /N 5 1), A RSN AR A Fy U 1) Y
b, AR B 2 HUIRCR

g2 222
A

N 2444

9 HFKHEEEASS

Fig. 9 Digital capsule layer reconstruction results

3.1 XWgEE

1) S

ARGIFEFIBITIEA S 8 % 16 ZEFE Corei?,32G N
FEM IR S5 7 3 2L, A o ) R itk 26 TE A HLaEA 7 45040
A BURETANIIAE MATLAB 58 5, B 045 78 5911 2%
TEF 9% F TensorFlow HEZE il FH Pyhton3. 7 =17,

2) S E R AR

FEARELAY 1200 TR P08 K145, 2 500 5K 1E 5 B
&%, 3 3 700 TR G BN GAEAR FIIRAEA 4 0 1 11
He B HEA TR 4y, o 960 5K ST Pkl 2 000 5K IF F B
HEATRALYIZR 240 5K 5+ P05 , 500 5K 1E # 6 174
R

3) LIS EE

FLPEAT 50 YR, B UGECHETT 20 SRR I 2%,
J& 49 YGERIEAT AR 60 5KEHE B2, 1 a2 A0 Uk 8L
BB N 3, RG> R E N 0. 001,
3.2 ttkmKitik 5 BiE R kit L K18

PR R BE R AR P AT T2 e 8 v )t Ak 2 4 S T
GG R AR S e A IS R Tk AR )2 IR 20
W IE R R SPUINZRH AR 1 FR

*1 BAMUEBERFEHEHBETES
AR Fyilgaick
Table 1 Maximum pooling and adaptive contribution

pooling average accuracy rate, average training time table

PRI Hh AL SEWERIR % NG /s
U L Rtk 95.6 1355
leiidine oA S B VAt SR 98.3 2 567

HIR 1 Al R AR P B 2RI K 1355 s, A
T ST AL AR ZRI O 2 567 s, HIR FLIE I 5T
FIR P AR ZR IR AR L R it A s, L IBC B 11 3  5T
IR A ) JS B 19 44 - 32 1 0 5 O 98. 3% , TiE B e R



- 54 - LSRR R e o

5 34

- BIHERG 26 95. 6% B A & N sT ikt Ak 7 T
Dol RS A S A 25 2 O AR 28 0 45 A () 114 3
AR AT 4 32 AR B 24T UK M 1 i BB 15 .
FRAE
3.3 XFLAEGRREE W 4% 5 Bt A T W 4% 5K 06

o A% 0 i 40 00 2% 55 e e 48 o 2% A5 8 3 53] 31 25
20 U, HoP R 3R SFEGYIZRRHC IR 2 s

x2 EEREMESHHKREME LY
EWmE FHilgaicE

Table 2 Traditional capsule network and improved capsule

network average accuracy rate, average training time

(R UIES Ak EBHERE/ % BN/
e e 2% Jeib ik 9.5 1086
SCHE S R 4% H 38 I 5T Rk AL 98. 1 2769

Hi 26 2 nl i, A% 8 i 4 ) 2% 1 7 2431 2 Iy
1 086 s, B BE 2% (1 F- BN G K 2 769 s, 158
J2 8 R 45 - IR 0 94, 5% , ACaH M 2 I 4% ) - 25
%R 98. 1%,

S E BH U i S 19 2% T DA B I R 2 R IR R AE
IR e R A 3 5 8 £ . 25 2 T it 1 2 o
3L TH
3.4 XJLt AlexNet,GoogLeNet, BB T W 48 SLI6

{#iFH AlexNet .GoogLeNet It e g I 2% 3 ) I 4k 20
U, HAFRIMER R S YIRS 3 P,

R3 BHREMLES AlexNet, GoogLeNet
FHERE, FHNGRKR
Table 3 Improve the average accuracy of the capsule
network, AlexNet and GoogLeNet, and the

average training time

BRI WA PRI % IR/ s
AlexNet FR AL 76.3 1287
GoogLeNet AR 85.6 7 869
lenising Ak = PRy A ilY 4 98.2 2677

FH 3% 3 AT, AlexNet B3I ZREF K 1 287 s, 2k
T I 3 KR 25 B SE RNl 2 677 s, GoogLeNet HYJF
WK R 7 869 s, AlexNet W F-YIUER 2N 76. 3% ,
DA JRE A ) 485 Y S Y HE R R R 98. 2%, GoogLeNet AY-F-
BIHER K Ry 85. 6%, T B e e X 45 45 i 2 O T
AlexNet X ' H i v Tk L4k )2 , (A AH E T GoogLeNet
SERE TR PRI e e 0 0 4% 1) 7 41 SR T
AlexNet Il T* GoogLeNet,, f&4¢ 4 M 25 0 45 iy T £ 4l £-
b/ s [ HERURE 85 22 B LA AE 52 36 vh S B ot 4005 5 BT
PIHER R 22 (F A i 2 ) 4% A LA 3 /D i Bl

RN G Bk 2 T ER RO HER R, 285 R B I
P2 AR /D ) A U B 4R 1 S8R SR BA
i,
3.5 EEIMERESLE

T8 ETE AL AT o BE AR B fb HA B A EE 2
ZRE TARRIRIBEAN ), DA b o a4 R A7 o T o A A1)
SRR S AR DGR A RO B A
PEHEATREIY PR BE M, B 0 L 0UUm A9 I K dhs n e 10

Y

OK‘,\
. ¢

K10 Aol A

Fig. 10  Test data after partial simulation
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