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Abstract: A large number of images are provided with
utilization of unmanned aerial vehicle (UAV) in grid inspection
while few images of defected devices are available due to
the nature of possibility of defects. To increase the defect
recognition accuracy and alleviate the problem of overfitting,
we introduce few-shot learning technology by applying data
augmentation such as image crop, flip and rotation, etc. The
generative adversarial network (GAN) is also used to generate
samples for image data augmentation. We subsequently
developed classification model for grid inspection defect
recognition with transfer learning technology. We change neural
network parameters on input layer and last two output layers,
and leverage state-of-the-art pre-trained deep convolution neural
networks models on large-scale data. Fine-tuned technology is
applied as well. The experimental result shows the recognition
accuracy of defects such as line broken and insulator broken
is closed to 95%. It proves that few-shot learning and transfer
learning can be effective approach for defect target recognition
in transmission line inspection image processing.

Keywords: few-shot; transfer learning; transmission line; data
augmentation; GAN; image recognition
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Fig. 5 Comparison of training process in cross entropy and image recognition matching degree

2B AREAR ALY, AR BEEY 25 o0
FEBER IR E T FeARE, BRI N 1600K/28, L
PN TR 78 5 s R EHG IR M RE AR

seaeh, KR TR — R AR AR 43 R T 4
BXFR (LITRBiie, B A Ry 74 85 (B
FLEERAE B AR A5, BEALEE 30 TR 151 19 75%~95 %
53 Teik (LL0~90° MR XA, BEHLIER: B ED |
TR AR N L A7 T B PR Ay W
B EBR, RS BT i (LU R
B _E AT HER A AR R BR,  BELEH i D
LR BARY FEAME, AR TRV Sz
HIARREY 57 kG M sl ZREEXTMobileNett 15
i 2R R DC B R R, SR 25 SR LRI

WiLEen AL, BV, e . BRRFR. AT
BRI kR B A B, i g kR
PRSI K . FRAASCURA T 46 7k (R
FEA K A BEHLBTY . ke . BEARST AR, HLlD Hempe
ARG TIBIBOR, AR SE A T ks AR 5L
PR R, SHRBIRCR A i b, SRR sk
FKHGEHEY #.
343 IRV REER WXL LR

B RALBR R BN e MR, VI

6 BRI T E LA ERNHIT
Fig. 6 Impact of data augmentation methods on recognition
matching degree

205K /ZERY2SBRIGFEAIS . 3200K/ 22 IEFAEA
ALK, IR A 4258 A REDLI 400K AL A . Ui
SY6 2R 31 & TmageNet HiIl Z-AL E T MobileNetiR &
22 P25 BT RS2 ) . MobileNetfi 25 [ 25 o4 5 15 7l
S BT, MREFR, AR KRR E %
WP TN T MR B A DC MR R e R . aniEl 7 i
R, LI EHAARER A, SRR T L
JE BRI A A A 5 s K P A 1A R A

BB 7T, BEASEE S D LA RAIC, G RE
ARFCR AR, EEPUNA TR E RSB m, |
BN AR, BRIV, WERR,



414 LEREE

TR BLHX

2% HaW

%
=1

PLEL )%
S 9

o
&

2

v
a

90

85

5

0

50
20 160

320 640 1280
FEA R /K

7 BORY FEX L SR U AL

Fig. 7 Matching degree in data augmentation contrast experiment

100
99.8

99.4

99.0

TTRCHE /%

98.6

98.2

97.8

T T T T
0 1000 2000 3000 4000

IR

LIES
B

T T T T T T
0 1000 2000 3000 4000

s
8 ETHIRY EHTBEIEBCEEMZ X

Fig. 8 Matching degree and cross entropy of transfer learning
model with data augmentation

P PR BB R AR D RS DL, R/ IMREA R
BEATEARY TS, R TR, HAASREA B iR 7
sy, DUPECEE T TR, WAkSE) FEMEARZ,
U251 /L 3 T o A O W € S RN G B
AR D 1S DR AR IMEA I T BT 78
BREAEIM, DI ITRCRE .
FISEIRETARTTAL, XM BRI R 5 2] H.
18 G I8 I3 807 o B A T ST RE R A bR = )
PRIBIRICACEE, FFRERS L Sl 1) R

3.5 M
i PR I B PR 15 R 3 e B 2 T MobileNet

L#7], AT L b Bk, A
BB ST FIWTE PR REA AR D, B PR
INEEARHATEAR Y FE 25005 AT, (T4 ZEREAC 4L
P LI B8/, ISR Ad DT Al B
TRE S SR/ LSS, Sl SR iy SR 31 T e
BERFIIT9S%, W WLIE TR 2T Y/ NEARY FET5 7k
JSE T Tl B A 45 D AR SR VI R TR 22 )
HARERIRCR -

4 gL

TR HE TR RS 27 ) B9/ MR AR 7 i i 2k A,
FRTTIE RIS S 9B, 32 T/AMEAR R T e
2R KR e B PR UM ARG VE L . R — 2 AN 2t
— DR TR IS P R UM B VE MCRE AR S B T A AR
B FE A R TF B0 A R e 3 9 07 75 s BE AR
Bl 200 R TR~ J7ik, ARG PR
RIFILESHETEIPERCR . BRI 22/
MobileNet 28 HE R, - LIt Rt 7 27 ) H i 100 24 2 )
MPERE s ETXIANTRISRE IR AL, AL IR B S s,
TR Tk, e i sl BR BIVE R sy
HL A RS TR A ) o ST AR R A B R BUE it
b TR P R AR MR Z R B — L
S BRI a7 U B B AR A
P IR T I/ INREA AL BT K e v ATl AU
PRI EE 22 S FH A

S 3k

[1] BF, FFGE, BRUET, %5 Rt M+ AFRESED]. W
JIBEMEIES, 2018, 38(5): 2-11.

Ju Ping, Zhou Xiaoxin, Chen Weijiang, et al. “Smart grid plus”
research overview[J]. Electric Power Automation Equipment,
2018, 38(5): 2-11(in Chinese).

[2] He K, Zhang X, Ren S, et al. Delving deep into rectifiers:
surpassing human-level performance on imagenet
classification[J]. International conference on computer vision,
2015:1026-1034.

[3] Lake, Brenden M, Salakhutdinov, et al. One-shot learning by
inverting a compositional causal process[C]// In Advances in
neural information processing systems, 2013: 2526-2534.

[4] Yosinski J, Clune J, Bengio Y, et al. How transferable are
features in deep neural networks[J]. Eprint Arxiv, 2014. 27:
3320-3328.

[5] Jimmy Ba, Kevin Swersky, SanjaFidler, et al. Predicting



Vol. 2 No. 4

s . EFEBFEIN MR RBARKICEGINET A 415

deep zero-Shot convolutional neural networks using textual
descriptions[C]// International Conference on Computer
Vision, 2015.

[6] W. L. Chao, S. Changpinyo, B. Gong, et al. An empirical
study and analysis of generalized zero-shot learning for object
recognition in the wild[C]// European Conference on Computer
Vision, 2016: 52-68.

[7]1 LuJ, VahidBehbood, PengHao, et al. Transfer learning using
computational intelligence: a survey[J]. Knowledge-Based
Systems, 2015 (80): 14-23.

[8] Shao L, Zhu F, Li X L.Transfer learning for visual
categorization: a survey[J]. IEEE Transactions on Neu-ral
Networks and Learning Systems, 2015, 26( 5): 1019-1034.

[9] MK, FAE, ki, 5 B RRSE B TEARIT IS
B[], HT223%, 2016, 44(11): 2780-2787
Wu Bin, Ji Jia, Meng Lin, et al. Transfer learning based
senti ment analysis for poetry of the Tang Dynasty and Song
Dynasty[J]. Acta Electronica Sinica, 2016, 44(11):2780-
2787(in Chinese).

[10] Z=hs, bk, akokdr, &5 WEBPEMKTET Y

AT ASARHARIND]. PR FER 2, 2018,
35(1): 75-83.
Li Song, Wei Zhonghao, Zhang Bingchen, et al. Target
recognition using the transfer learning-based deep convolutional
neural networks for SAR images [J]. Journal of University of
Chinese Academy of Sciences, 2018, 35(1):75-83(in Chinese).

[11] F24%, DFEIPS, WA E. BT B2 S AR EE B ).
TR, 2016, 44 (1): 115-122
Cheng Ming, Wu Guoqing, Yuan Mengting. Transfer learning
for software defect prediction[J]. Acta Electronica Sinica,
2016, 44 (1): 115-122(in Chinese).

[12] #hfeZK, SREM, &G, & KEREEPSIAMRER L
AT TR R A s SRS (0], eI R A BME, 2017,
41(8): 69-77, 97.
Han Chuanjia, Zhang Xiaoshun, Yu Tao, et al. Optimization
algorithm of reinforcement learning based knowledge transfer
bacteria foraging for risk dispatch[J]. Automation of Electric
Power Systems, 2017, 41(8): 69-77, 97(in Chinese).

[13] Goodfellow I J, Pouget-Abadie J, Mirza M, et al. Generative

adversarial networks[J]. Advances in Neural Information

Processing Systems, 2014(3): 2672-2680.

[14] Zhu J Y, Park T, Isola P, et al. Unpaired image-to-image
translation using cycle-consistent adversarial networks[J].
2017: 2242-2251.

[15] R. Hadsell, S. Chopra, and Y. LeCun. Dimensionality reduction
by learning an invariant mapping[C]// In CVPR, 2006.

[16] G. Koch, R. Zemel, and R. Salakhutdinov. Siamese neural
networks for one-shot image recognition [C]/ ICML Deep
Learning Workshop, 2015.

[17] Yosinski J, Clune J, Bengio Y, et al. How transferable are
features in deep neural networks[J]. Neural Information
Processing Systems, 2014: 3320-3328.

[18] £ TR ¥ HTNLGARI]. ARG HEA, 2017,
3(32): 203-205.

Wang Hui. Summarization of Transfer Learning Research[J].
Computer Knowledge and Technology, 2017, 3(32): 203-
205(in Chinese).

FE AHA: 2018-09-25; fEE AHA: 2018-12-05,
1EEREN

Mgk (1973), B, AR IE
0, WLk, TRHRATOAALE
A 5 v M F L, E-mail: lujixiang@
sgepri.sgcc.com.cn.

FZ (1990), %, TARIF, &
+, EEBBRFT G A RBAERESF
3], E-mail: lihao5@sgepri.sgcc.com.
cn.

HE (1989), B, T AW, Mt, LEHTH @A
ALK A d 0 A, E-mail: xukang@sgepri.sgec.
com.cn.

st (1987), B, T4, HE, TRHAET @
AIE 5 3 Feit JL BB, E-mail: xuhongsheng@sgepri.
sgee.com.cn.

MmEE (1968), B, HEAZAIAEN, HL, £
BRIy % A W A4E B 34, E-mail: yangzhihong@
sgepri.sgec.com.cn.

(T4t TRm)



