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Fig.1 Faster-RCNN model based on region proposals for
inspection image target detection
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Table 1 Influence of A value on detection precision
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300 80.89 79
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b1¢) & 0 8 % w it %

%39%

e 1 Al 0,24 A =200 B, mAP {8 fx s, ELAG T
TRE AR X AR, BOAR SCHE R A =200,

3 K E G B pRta il ge {5 B

ARATRECF G AL B T5 1 R IE AR 2= 2 Bk
B SUE  Mask-RCNN | Local Loss 6 Jz 4% 3¢
P H Wt Faster-RCNN 4371 3t 47 0032, A Ab 53
B SSRGS BE mAP 257 TN T X6 B, LASS IEAS SC
PR R
3.1 EFIHER

A SCAFE FRE 32 000 SRk % , Hr 30 000
Tk R VR RN GRFEA 4% 2 000 KAE R EEAR,
XTEUG h 2 Rl FTIE AT A4 H A AR
AT, FEA MG 34 i FREE A1 00 4 57 3K AG:
FEAEE R AT 5508 3 A1 , AR SOREAS [ RS 1)
SRR RS BT R 2 800x2 000 R ~F . A SCHET Ten-
sorFlow PRI 2% I HEZR 4 A0 AR A, {5 BT AL D
& M. Windows 10, x64 #:1E & 5t , 8 #% Xeon CPU,
GTX1080 &+ ,32 G N7,

3.2 i E 5 B FRi il A i e ik

AT R AU G AL B 7 29 1Y Haar /N AR
£k, .GBVS B ZEMAG TN LoG 34 F G 4> 51, 2 HL
g ) W AdaBoost B3, KO 22 2 5 T
Faster-RCNN A1 YOLO #5543 514 73K 1% B 45
6 I BB AT L, W03 % Fb 235 J An B 5% B g 1A
B1 F& B2 ffi7s .,

Kl B1 FIE B2 M, 7 G Ab B 5 15 RE S 12
s G rp G 3 FRR (B 03 X 43 ELAR B 45 20 |
HX R T 2 g — ik BN T3S & S 801
FIE T F 5 Ay BLARL A RGN A5 2RS , AGE A50CR AR B2 APk
REANE, AR AR S EL, LoG B F X T A 1A
15 B ARSI A SR AR (N T AG % A RO R B
AR /N RRAE A3 AT X SR RS A B R DR T
WA EIM% B,

AdaBoost 572 474 JC 12 UE 8 X 43 15 £ 1) HL AR 2R
SRS AR A RE R . B TR A AN,
H ARSI A5 Al 22 B [R]85 5, analk R A A
DUDRS B2 v TR ER B PRI Ik Ry 3k 380 o A A6 T S
B REANTZ5#ES,

ME B1 FIE B2(e) . (£) %F b AT T BE 2 S 4
U] SREEUGRRAE , Rl g i B bR i S &, G
T AN T2 S BT ST 2 — kil R 01T B A
R, PR ez AL vERE AT

AR HERG R KGIEE R RHEEATLS
5% 3 MR W E R A B 7 2 IR E LAY
2 2 5k BOGR BE 2 > v B BRI VR OB v T B
BN 2 iR,

&2 KIGEBGBRENTTEXS L

Table 2 Inspection target image contrast detection methods
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Table 3 Comparison of accuracy and speed among

computer vision methods
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Multi-target detection and location of transmission line inspection image
based on improved Faster-RCNN
LIN Gang, WANG Bo,PENG Hui, WANG Xiaoyang , CHEN Siyuan,ZHANG Liming
(School of Electrical Engineering, Wuhan University , Wuhan 430072, China)
Abstract ; Because the transmission line inspection images are influenced by light, environment , shooting angles and
so on,the electrical equipment in the image presents low resolution and polymorphic characteristics. Aiming at this
problem ,a multi-target detection and location of transmission line inspection image based on improved Faster-RCNN
( Faster-Region-Convolutional Neural Network ) is proposed. Firstly,a number of target candidate regions are gene-
rated by using region proposal network. Then,the CNN( Convolution Neural Network ) is trained based on the actual
inspection image sample database to improve the parameter learning effect. Finally,the regularization method is used
to optimize the parameter weights and improve the detection speed,then the improved Faster-RCNN model suitable
for polymorphic features of inspection images is established. The test results of actual scene datasets show that com-
pared with the digital image processing, shallow machine learning, single-stage method, double-stage method , Mask-
RCNN and Local Loss target detection method , the proposed improved Faster-RCNN maintains a higher recognition
accuracy and speed in inspection images of different resolution and angle,and it has high engineering value.
Key words :region proposal ;object detection ;feature extraction ;image sample library ; regularization
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Application of magnetic integrated LCL filter in high-order
harmonic suppression for traction network
XU Jiazhu,BAI Ziyi
(College of Electrical and Information Engineering, Hunan University , Changsha 410082, China)
Abstract ; In order to suppress high-order harmonic of the locomotive converter flowing into the traction network and
reduce the locomotive space occupied by filter,a new harmonic suppression scheme of magnetic integrated LCL filter
is proposed. Firstly,in order to suppress the inherent resonance peak of LCL filter,an active damping transient direct
current control method without capacitive current sensor is proposed. Secondly ,for the problem that LCL filter occu-
pies too much space,the traction winding port inductance is used as the first inductance, and the magnetic
integration technology is employed to integrate the second inductance into the traction main transformer for reducing
the air-core reactor space. Finally,the field-circuit coupled simulation of the traction drive system with magnetic in-
tegrated LCL filter is performed by Ansoft and MATLAB software. The simulative and experimental results show that
the magnetic integrated LCL filter can not only effectively suppress the high-order harmonics of locomotive converter
flowing into the traction network , but also overcome the shortcomings of the traditional LCL filter occupying large
space.

Key words : magnetic integrated LCL filter ; traction network ; high-order harmonic suppression;active damping
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TableA1 Construction scheme of inspection image database

IR
A UG 1 (%7, T2, &5, HH
1, 1, 1)
PIEALE (X y, we h)

%41 1: (612, 344, 45, 176)
%64 T 2: (1320, 985, 1510, 120)
S48: (1520, 310, 2320, 20)
4 H: (1850, 1050, 270, 210)

(68, 1280, 210, 20000)
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Fig.B1 Comparison of object detection results of images A
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Fig.B2 Comparison of object detection results of images B



(a)fpifedsk 1 (b) 3235 2

()i i35k 4 (e) i35 5 (kI 6
B c1 {RikiE ik R E

Fig.C1 Candidate region excerpt
-

(g) A 3L X33k Faster-RCNN
Q@usr, O3 . @ &8 e

B c2 ETHEANMTAKEE G BN R

Fig.C2 Comparison of object detection results of inspection images based on computer vision
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