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1) Fie LR [ 288 531 e AL ity B[] 5 o ) ke o 145
T RCPPAl B, 27 ok BUMR A 2 5 Bk T 8 A A
B, A AT 1 R, RS Y BRI TR
150~200 57K 4 H.1221,

2) 5 PEAl A A 3 i I 2k 4F 19 CSPDarkNet
o, BRECEAT AR X248 U B R RRAE 1B, OF AR O
N 19 73 [8) 4 7 55 th Ak SPP [a] & . SPP [i] 1 (231 {2 4]
2 TR A 6] RSH 8 R AiF A Ry [ 5 ROST 18 AR
Wi, 0 JE 2 TR BURAAE B b s SUfE B, 59
EECEBR AR R P R BAR RS . B EfF R .
SPP [a] & (1 AL A BRANE 4 iR, FE AR SE R
wxhxe BFEAE BN G, 8 3 Sl A B 4 sy e K AE
b Ak 2 DI KA AL, R 5 B o ke e 4

212

B

T

1x1xc 1x1x(4c)

[ wiEmmx axixGo)

E 4 SPPEEEMKiTRE
Fig. 4 Process of generating SPP vectors

e TE R4, 5 B RRAE 1 SPP [ &

3) AEEEAE TR AR foya A AN [ TR BE 1O Jo 30
W 28 XoF 22 28 !l ke B PR B9 8 SCIX B T, DA 326




BT SR LT SUAE B IX 23 BE 0 B9 2% SRR AR 4R UM
B o fov BITHEE SN

n i

f 1= e
eval — :
1

— d,

n

%:zxmjzf (D
=

dy= 3 > (X=X
==
k#i

Afre dl N [ S B T X SPP (] e (7] 4 ji L HL
PRE; a5 BT X N SPP Je) & [R] 9 RO
ARG ¢ MR INE; 0 Ry B SE B X Y
BUREL i kRSN j o BpEmhig o R T
Ty Xy R R BE R 5K RO Y SPP [h]
ey XM @ 5 BREE T I SPP ] 4H Y rhon A i

% 18 3 [ 2 e B 0 AR TE AF S BE B AL
AN, R T 22 28 I R TR S IX 53 e T 85 Y
2, HXFR fopa IR/

4) W MEARZ IS, B )2 T Y SPP Jn) it 4% i
AR IEME, 1934 KB AR SPP b m &, I
LB SPP ] 5 BE B A AE b R A . A d A
G, HCAEE 1A SPP &, B HAE M ILF £
46 O T

5) MK U [T ) A4y SPP HRUL ] 4R I AT S Sk
Ve 258 58 . THE S | SPP .l ) & 5 44
Sl BRI R AR RN TR E, W
WA RF GEZRMFI R, FFERITRES R D
SPP vl ] 5 1Y Y {EAE B i 9 R bl 1 & 5 45
5T A ZR 0 )i PR B B T (E, WA s
G 3%, Bk SPP il ] i A KT B I 51

6) #7 I [F B AEAE T 245 R iy SPP Hl
)4, D3F5 Ik SPP s i i 5 H BT E 54 51 5%
b, PRI RS R RN IR
SPP [ i, HARFIR P EE WY& L.
GAFEAE LRIEDL, P Bk .

PAT5E LR LR, W — A% F i SPP |
O IO R RO S — R, B R B R AR K
22 HAERXIEKRE

WA R R, IR 2 s 89 07 3K 58 B g
R ORI I 2 RS . b, A A AR 2K I 4%
48 i A A TN ) 2 BT X R 1 e E A H AR Y
EEAEEE . E [R10E DL K B BRI JE TR N A A SR

KEE: ETIENFEEERBNETRIZS S LHIREEGKEN

/{8 T, G T

AOMEA o S P R B, iy T i I 46 B R, oy

FC 45 25 A 5 W 25 K I A4 FLAR AR R b, iR T IE
TREA B ™ R, S AR B R RS R . A
Bt 48 A IR an & S B o 5 45 R Y
U 45 SR i L Xk LAY B AE RS O R A R
3 R 2R ) AT T £ 1)

g tr#E

{m BEE

S

MEIES
I A

T =
B 3T

B wE
£ w51

-
0 BfEE

B 5 HERINEKRE
Fig. 5 Closed training strategy

XA A 5 B I 1] B SimOTAU4 47 1E
TR HE DT T, T J5 o A B2 R 031 J ) i
A2 SRR R, Xh o B F0I 18] B 5 CloU 451 2k U7,
Ao BRI I 25 ) 42 JR 02K

TEHEAT A SN ZR it Oy T 5 T A5 R0 o A i
RS JEE I R AIE 1 0 265 1) T v At 23, AR SCH G
AU R il 54 R0 Jg 30 T 468 2k 29 3R

1) INACRSHE Rl o A1 19 245 1 g S 1 T
Gy 0 3 ARGy, o3 o s O S AE AL H R
A AR RE B HE 5 L SERE AY 8 1 ] B LA K H AR A
J& TR A BB BB R o A AT P A S R
B 25 A 19 285 19 ARG I 435 SR B 5 D T T AT B 114 9
I 1)

TR R, X TR T 9 45 Y 28 51 T
] e, K T 46 1) R IF 1] 42 BE X 4 AE 2 47 F
%, X PFEIR I 1 AT 22 2800 2 4 0] 1T eh R
Softmax #2 1, 743 I 5 HE A 175 2% 28 it [ B9 AL 5
Ao X1 45 B A R R L e TN 1 e AT AL
A, HIHE Ay

me) 3

i=1
BI[Zn:WiB,‘ /[anwl] (2)
i=1 1
n;

Wi = —

N
Kf: € A F W TR EAE B A
B, R i A1 A T A ) s on RS AT

C=

213



W26 T BBk G R B0 EG N O R BIEG € By
R R B AR R L T R ow, AL
Tl HE 5 SR v B AR R

2) JR RO E 0 R 2R o AE R AT 5 S0
I, AR 5 A R0 2% T SR Ok TE IR DR IE 1 M 4%
PO 25 2R 0 A T o B 08 B R4 A )
7 A Bk I 26 ) T[] ik E 2 R B 4 J) N i)
e, AR RGNS O TR AR R
P, 2 71 /0 2% T E 7 09 2% 0 AE T PRI 1 )
2% A P TN ) ek A MEA R o WO SCHR D R B
M LPL, H AR A WA 6 R .

i B SRR

67 G } T .
é Bmxnl | ® N

; 8 Bz
ifﬁ{mﬁ
Bk

6 EEEERA
Fig. 6 Local precision loss

A5 TS 0 IR R 4 SR S 451 T D 4
AR AR L B T S 0 A o 7
5 BRI 2 il A5 R, T S U
UM SRy Jay d 40 2% DL 24 o1 I 4 1) A R T 45
R, DT B T I 2% i1 ke B ARG I B g o R SR AR A
KGR BUR AL G5, AR AR B 2k ad B v
25540 K PR
2.3 MEAEEE IR R A

SE RSN 5 5, A 4 BB B A T 4%
F8 i 1 2 SR B 48 D A A IS R A R R B
HE PSS TR R A A AR R 410 7] NMSE#1 )5 B Bk OC
AR TINAE o 25 1 3] BT SR A5 AL 25 44 Y 5 ik 1 DL 2
5 B S N F  57 T A A i A TRLAG h F AR
i /D R, A A B B o A R R A R A
il D-NMS, HFZmPEmE 7 iR .

TE 5 A BUHE TS L 3 I3 1 I 4% 10 i o e o
WRHEFENRRERSE T 0.5, #4111 K
28 JT AT TOUI 1) Y A B AT 0.5, T 4k R 5
AT SR, B0, &M hEE
JEW T 0.5 B9 U ) Bk JEOA A A i B 200 4 R
(R TINAE , 5 X 3 2 F500 A AT A2 S8 (1 NMS., i
TR ) 24 97 5E B sk [ SR RN TR, A [R5 R 2%
F18) 5 AE AN TT B A A ) 288 e B 52 F be i T B Y

214

o B Ll

¥ 56 &

i
B |

i
wh TR E |

( A )
|
|
|

B EEEET 0.5
T 1

=)
=

( wwmwsse )

B 7 D-NMS & AHiE
Fig. 7 Process of D-NMS

T B0 o SO BEAS - 9 46 19 B0 25 2R 347 NMS )5,
A EL P G OSSR, DA AT HA R A

31 ETEXNEREEMRMEENREXK

SR JH P Ty B P 2 ) W o T 119 2 L o A 3 5
B R R R A, B 17 ek bE, ity
25 000 5K & Jr, Mo bR 44 FR A0S Lk 2 B

* 2 HIBERREESL
Table 2 Defect classes of dataset

ElEacs o L EillEacd o XL
1 it RELH 10 TFRAE: e
2 AR 11 WP AR
3 LIRS : ThE R 12 . B
4 REF LA 13 R
5 WA RERARRR 14 A
6 Blmih: HuE G 15 REFETH
7 Eiks SRES 16 Kit. REEWA
8 Y. HEEEEY 17 FETTA & S
9 Fit: Shoei




F 6

R MTEAHE M, I8R5 Py 17 2R8I KA I 5
B EARK, SRERB & AR, (H 7 7E 500 Bk
B ok IR T [R] — 2R B 5 BT B0 o AS B 4R ok I 2 531
6] B SAS BEE RS A BOR 22 57, WS S b 2 e T
LN i B R A AR G A AN SIS . I, W
75 82 0l 18] 1 SCAE BB R R A R, 15
i JE T8 FL s A 3 S Y TR o S AR
32 REMBRBNARMRSN

Ve 3 AL ERFRAER, THRE 2.1 W R B
73 [1) 4 5 B 1t A 1) i LARAE & A 2800 19 1 AR
B, e AR PE 3 1) X i A [R) A7 8 4 Ak 18 A
() SPP [a] d 1155 £y, VL EEALHRAE P 2% A Bl B
) ) o SCAR B 28 5, TR BL R Al LI AG A sk 4]
(14 5 19 2 ok AN ) b SIS R B 119 i SCIX 2R BT, &%
AN 3 T o foa BN, T 25 X T 222850 Bk
B 1R 3 SCIX 0 RE s o X FE 3R 3 i it R A R
AL, CSP3 i R AE 1B X R A P AL 45 2R fova iR
/N, OB B CSP3 0l H 1 A AR RS R 07

* 3 HHEEITFHER
Table 3 Results of feature map evaluation

KEE: ETIENFEEERBNETRIZS S LHIREEGKEN

= GERIREIE YNGTY BRLEES
CSP1 80x80x128 0.00320118
CSP2 40x40x256 0.00169794
CSP3 20x20x512 0.000936 42

FRAE 2.1 95 ALK MG, W78 v iz 4 Bk s 1) SR AR
RN 4 PR o 0 A S ik o S TR [ 15 4% IR R
FRE R, WE 8 PR .

x4 EANRKEER
Table 4 Results of classes clustering

o X

8 BEYRESR
Fig. 8 Exhibition of cluster results

TR BRI 2 5 AR N BB R G . RS R W
— AR T B R A IE Ak 3 S b B 28 ) e 2 B
%, (HE I E] A IR A BB AT AR IR K 22 57
228 W X 9 B ke s 0 AT AR D R A S B
. AR SR L 45 R #5  SDB-DDM, £ i 1 i 3
P 265 41 O JERRAE IS, 8 i S B R I - 9 285 i
A AT 4, LUTE 25 A P9 A TR ks )
KoK
3.3 REUG I IERE ST

MG 3.2 W RATFGE, FERAG IR B 5 X Lk
FriA hse g, LASG Ik By 48 2ok S8 e g al AT, TH
Rl SR A5 SR AN 5 R

x5 HMIBER
Table 5 Ablation experiment results

b REEM. Rt KA. . ShTeRdn. it
e C

2 AU, BRI MG . A% TR AT SRR
MRS RERR (L MRS RERCHRC . JTOGHE: JEAR

B W HEEEEY . FY. SE RIS mERE
4 RFLEARNE. RFETLR. WIH

AR 4 B RFEA R 8 R IBCR, A
HETE 12 2R 5 SR s RE A% 5 1y b S 7 ke s 26 531 22 ]
LR BE EPS =Y SR 1Tk (| I B Rl 31 o
FATBRBE A OG5 5 2 K 32 B A B B kB
o3 MR B RO B TR B 5 W ok b ;26 4 1%

o - B/ ok R/

i BRI A it/ mAP/ HEBHE
M % fps

SDB-DDM FL AR A 277 55.60  12.0

TREIZEF Ak 19 5710 16.1
SDB-DDM+CSP+WAF Bl 2R3 M 1 19 6416 16.1

SDB-DDM+CSP

SDB-DDM+CSP+LPL EHFYIZEIRME2 19 6529  16.2

SDB-DDM+
eI 255

csprwapipL  CLAUIAREES 19 6068 163

SDB-DDM+

CSP+WAF+ ORISR 19 69.64 202

LPL+D-NMS

i o X S5 A R AT e A AT, e AR I R
ik R SR Wk 425 A e S O B O AT IR, 0 B A6

215



RUR RIIEAGE, 2 R R B X &A1 4%
HEATYIERET, Ay FL 4G 45 > F M Hirid 2, &
T W4 IE R A R A SR S LA . 5] A CSP
o, BRI R T 1S A E S, S EE
AT 87MB, HEMHEMME RS, LEERE
CSP W i) ZAHLF, U] CSP 4544 51 fin 3 fic 55
HAEBRWITHHEG .

Ry Sk R I £ 1) T B RE A R i ) R, B S P
AU GRR W, I F — 20 4 A A AE Rl R
WAF X 2%/~ 7 00 25 %t 45 S D0 AL LA S 466 1 190 48 Y
i 8 DT, E AN S0 D) 2% 2 B8R 3 ) Y T 4
T, 2% T SRS BE ¥ H mAP 4R T T 7.06%.
ek G RXIGRIG , 58 T 2% 1Y fofe g A6 )
e 77, #20 R 8 W0 5 ¢ LPL, 8 2k X - %) 4% 11
A B O 4 SR AL R R, DUGRIE I 4% T
DA r] S8k o X fie R X 46 AR fin A LPL J5,
TRUAE LR UE B A7 A6 0 2 B2 1Y) [R] B, mAP 27+ T 8.19
AE o T AE R B WAF #1 LPL B, i F
WAF FI LPL & 7 25 15 AU i #27 8 550 40 19 11 5 A%
A, ARSI ) G D AR AR WA A2 B sg ), H R AR
AU mAP AT R IR AR TF T 12.58 S H 40 1o
LRSI g5 R —Jr i B WAF 5 LPL 19 A 2L
PE, 55— R A TR B T SR ARG SR A B

TN D-NMS J&, A5 7E 2 55 )5 A K 00K B 1
[ ASF,  #f T BE AR T T 24 24%, IR i T Bk
FIG i BARA B, 76 3E47 #E B A o) DUR 5 & 05
JE T 2 22 A R v 5 o O 4 T A 25 2, D
b T A R

# SDB-DDM 5 H i 2 F 32 3t (14 B bx A I 5 7%
( YOLO-v41201  CenterNet>s)) #Ef7 P fEXTHL, 40
F6FR. X T Lk 2 B bR H 7L, SDB-
DDM #5575 A0 T 55 vy B4 R I0RG B8 1 [] B, A2 780
() S HRFEAR T 90%, B B4R T T = U .

¥ SDB-DDM # & 5 H i &% H7 19 52 15 H 45 K

* 6 REMERERTEL
Table 6 Models performance comparison

o B Ll

TS BORLA R ‘%ﬁiM‘%ﬁ/ﬁﬁﬁﬁﬁs
A
YOLO-v4 77.50 5.38
X AR A CenterNet 191 71.40 7.30
YOLOX-tiny 20 68.28 15.10
SR SDB-DDM + CSP + " 69,64 20,20

WAF + LPL + D-NMS

216

¥ 56 &

DAL AY YOLOX!'®) #E47 PR RE X AR, £ Bt YOLOX H?
£ SDB-DDM Z ##H1j i) YOLOX-tiny #F 17 4 fig %
tb, 03 6. EFFG T B8 S 50 R R
FE AL T YOLOX-tiny, HA R T T 1.36 4
B, SR THT 5%, (HJ2 26 i1 7t
T 34%, Hof a0 R 4 g5 F o nT DL G R X
A8 F il e R B S R B B S [ R AR RS
BERE K 0 SRR AIE
B IR 43 A5 7RG 0 A5 R AN ] 9 BT o

B9 BaEGENSRER
Fig. 9 Exhibition of detecting defect images

B X5 722 v, Gz A b S i B 2 B 2 HLAS (W] i B
5 5 [R) 3 SCAR B Y T AR FE TR A% R o A i A A A i
FH A i TR, B — TR M S
FH %) 6 o Ak A5 A% %Y SDB-DDM., 7 46,
I 43 AT AR E ARG SR A B SRRAE B —
T2 50 SPP [n) f Y A% HE 1 2% it B 25 03] A0 4 SR s
SRIG, MR 7 A1 25 5 el o R I S A, O 3
— & i WAF 5 LPL ¥tk 58 ig DL 32 455 84 1 4
WOKS 5z 4ke )1 fe)a, fEARRIMERR B, %
3 AR H BB R 4 SRRAE, 2 —Fh D-NMS i
P HESD H i B2, BRARASE AL i B R At e SR

S EEIR R, WAF 5 LPL 3R W& 4 %1 fig 78
AN S8 TS A i P A TR] A HI B T o A5 AR AR Y A DR
BERRTE T 7.06 AT E MBI AN EH M H, —HW
AR ERA T 1258 M E .
AR AR T L A e v A ORG BBE A  a h A DO A A
AT e 7 i 3488 ARG g s A ) [ 3 S A R R R
S5 R R H 4 BEAF 10 % g




S % Uk -

(1]

(2]

(31

(4]

(3]

(6]

(7]

(8]

B, WK, IR, 45 B
BRI 3],

LUO Kun, SHI Yongxiao, LI Zhengxin, et al. Life model and

B R U AR H DR B
L7y, 2021, 49(1): 96-101.

IR K G

identification method of relay protection device in smart
substation[J]. Smart Power, 2021, 49(1): 96-101.

Y, T, ki, &R R Rl R (7], th I
11,2022, 55(4): 85-92.

LI Xiaobo, YU Yang, YAO Hao, et al. Sample-control-device of
smart substation[J]. Electric Power, 2022, 55(4): 85-92.

RS, AN, AR, A R H R AR 2 I T IR R ).
LRl S5 HR AR, 2022, 37(4): 217-226.

LI Zewen, WANG Zhigang, MU Lizhi, et al. Design of wearable
equipment for substation intelligent safety supervision[J]. Journal of
Electric Power Science and Technology, 2022, 37(4): 217-226.

A2 EA, TR, TRINIE, S5 JETIRBEIRAL A T R A v b 0 2%
AN 0] F 7R R, 2021, 15(6): 98-105.

LI Ziruo, SHEN Xi, ZHANG Yibing, et al. Network anomaly

detection method for smart substation based on deep reinforcement

learning[J]. Southern Power System Technology, 2021, 15(6):
98-105.
R, BB, 25 35T Mask R-CNN 05 4 404 T i S

K (7] h I HL T, 2021, 54(1): 135-141.

GAO Yi, TIAN Lianfang, DU Qiliang. Overheating defect detection
of composite insulator based on mask R-CNNJJ]. Electric Power,
2021, 54(1): 135-141.

FOh, 2 VTR, 25 AR R A B AR M SRR
WE5E [3]. HL-S5 {2, 2020, 57(7): 82-86.

WANG Shuai, JIANG Min, LI Jianglin, et al. Research on key
technologies of condition monitoring of full-dimensional intelligent
substation equipment[J]. Electrical Measurement & Instrumentation,
2020, 57(7): 82-86.

XU, S, SO, 45, B TR o) B ) S AU b AR A5
R 5P [T, PR BTk K244, 2019, 41(5): 544-548.

LIU Ying, HU Nan, YANG Zhuangguan, et al. Detection and
identification of staff in power grid monitoring video based on deep
learning[J]. Journal of Shenyang University of Technology, 2019,
41(5): 544-548.

FIRLL, 2o, B, 45 3% TR0 SSD L 1 e A 1AM AR
HH ST 9], BT HORZER, 2020, 3504 T1): 302-310.

KEE: ETIENFRESHBENERIE

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16] F*

i E S

S 5 &R B ] 15 46

WANG Xuhong, LI Hao, FAN Shaosheng, et al. Infrared image
anomaly automatic detection method for power equipment based on
improved single shot multi box detection[J]. Transactions of China
Electrotechnical Society, 2020, 35(S1): 302-310.

T8, TA#, XURI, %5, 3T RetinaNet 128 515 SRAF 7 I 4T
HRBAATIN [J]. FL O TREER, 2019, 38(4): 80-85.

WANG Kai, WANG Jian, LIU Gang, et al. Defect detection of pins
based on RetinaNet and class balanced sampling methods[J]. Electric
Power Engineering Technology, 2019, 38(4): 80-85.

L, WM, FOR, 5. H1 T B LU AMEMR BRI [7]. i
1,77, 2021, 54(2): 147-155.

HUANG Ruiyong, DAI Meisheng, ZHENG Yuebin, et al. Defect
detection of power equipment by infrared image[J]. Electric Power,
2021, 54(2): 147-155.

PN, FEy, B, A BT ARG 4K 1 3278 Fe A S LI A6
75 [J]. Wi 77, 2019, 38(4): 61-68.

WEI Yiming, TONG Li, LUO Lin, et al. An exterior defects
detecting method of main transformer based on convolutional neural
networks[J]. Zhejiang Electric Power, 2019, 38(4): 61-68.

KA, R, LS, 55 B THESRRHIE & FIE AT AR B
it SN

ZHANG Jingzhuo, SHE Chuyun, WU Guoxing, et al. Insulator

FARGIN (D). HL O TR, 2021, 40(4): 155-160.

defect detection based on enhanced feature pyramid and deformable
convolution[J]. Electric Power Engineering Technology, 2021, 40(4):
155-160.

B, £, Dk, 5. 5T A B ARSI R b
TR (1] B HUERR, 2021, 47(2): 454-464.

LUO Peng, WANG Bo, MA Hengrui, et al. Defect recognition
method with low false negative rate based on combined target
detection framework[J]. High Voltage Engineering, 2021, 47(2):
454-464.

BRETR, B2, e, 3LV 2% 5T e, IO P 0 ke ko)
G [3]. 1 RGPS R, 2021, 49(5): 91-97.

GU Xiaodong, TANG Danhong, HUANG Xiaohua. Deep learning-
based defect detection and recognition of a power grid inspection
image[J]. Power System Protection and Control, 2021, 49(5): 91-97.
MR, BT U Faster R-CNN (9 75 F 3l 5 5 e b A D00 45 36 7
5% [D]. AL WHTR2E, 2021,

YING Ying. Research on defect detection algorithm of substation
equipment based on improved Faster R-CNN[D]. Hangzhou:
Zhejiang University, 2021.

. VRT3 15 HL L34 B A6 405 V5 (D).

217


http://dx.doi.org/10.3969/j.issn.1673-7598.2021.01.015
http://dx.doi.org/10.3969/j.issn.1673-7598.2021.01.015
http://dx.doi.org/10.19781/j.issn.1673-9140.2022.04.025
http://dx.doi.org/10.19781/j.issn.1673-9140.2022.04.025
http://dx.doi.org/10.19781/j.issn.1673-9140.2022.04.025
http://dx.doi.org/10.13648/j.cnki.issn1674-0629.2021.06.015
http://dx.doi.org/10.13648/j.cnki.issn1674-0629.2021.06.015
http://dx.doi.org/10.19753/j.issn1001-1390.2020.07.013
http://dx.doi.org/10.19753/j.issn1001-1390.2020.07.013
http://dx.doi.org/10.7688/j.issn.1000-1646.2019.05.12
http://dx.doi.org/10.7688/j.issn.1000-1646.2019.05.12
http://dx.doi.org/10.19595/j.cnki.1000-6753.tces.l80426
http://dx.doi.org/10.19595/j.cnki.1000-6753.tces.l80426
http://dx.doi.org/10.19595/j.cnki.1000-6753.tces.l80426
http://dx.doi.org/10.12158/j.2096-3203.2019.04.012
http://dx.doi.org/10.12158/j.2096-3203.2019.04.012
http://dx.doi.org/10.12158/j.2096-3203.2019.04.012
http://dx.doi.org/10.12158/j.2096-3203.2021.04.022
http://dx.doi.org/10.12158/j.2096-3203.2021.04.022
http://dx.doi.org/10.13336/j.1003-6520.hve.20200701
http://dx.doi.org/10.13336/j.1003-6520.hve.20200701
http://dx.doi.org/10.19783/j.cnki.pspc.200517
http://dx.doi.org/10.19783/j.cnki.pspc.200517

JIT G

5

AR TR R, 2020.

YIN Siyu. Research on application of deep learning in defect
detection of substation power equipment[D]. Chengdu: University of
Electronic Science and Technology of China, 2020.

[17] Deifee. 72 i ol 8 4 2 T B B TR (S U SC R BRI 5T (D). 7577
JTPERAE, 2021,

XU Haiyang. Research on key technologies of image recognition for
surface defects of substation equipment[D]. Nanning: Guangxi
University, 2021.

[18] GE Z, LIU S, WANG F, et al. YOLOX: exceeding YOLO series in
2021[EB/OL]. 2021: arXiv: 2107.08430.https://arxiv.org/abs/2107.
08430.

[19] WANGCY,LIAOHY M, WU Y H, ef al. CSPNet: a new backbone
that can enhance learning capability of CNN[C]//2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW). Seattle, WA, USA. IEEE, 2020: 1571-1580.

[20] BOCHKOVSKIY A, WANG CY, LIAO H'Y M. YOLOv4: optimal
speed and accuracy of object detection[EB/OL]. 2020: arXiv:
2004.10934.https://arxiv.org/abs/2004.10934.

[21] REDMON J, FARHADI A. YOLOv3: an incremental
improvement[EB/OL]. 2018: arXiv: 1804.02767.https://arxiv.org/
abs/1804.02767.

[22] SALEH S, PAUL M, GREG F. “How many images do I need?”

o B Ll

¥ 56 &

Understanding how sample size per class affects deep learning model
performance metrics for balanced designs in autonomous wildlife
monitoring[J]. Ecological Informatics, 2020, 57: 101085.

[23] HE KM, ZHANG X Y, REN S Q, et al. Spatial pyramid pooling in
deep convolutional networks for visual recognition[J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2015,
37(9): 1904-1916.

[24] BODLA N, SINGH B, CHELLAPPA R, et al. Soft-
NMS —improving object detection with one line of code[C]/
2017 IEEE International Conference on Computer Vision (ICCV).
Venice, Italy. IEEE, 2017: 5562-5570.

[25] DUAN K W, BAI S, XIE L X, ef al. CenterNet: keypoint triplets for
object detection[C]//2019 IEEE/CVF International Conference on
Computer Vision (ICCV). Seoul, Korea (South). IEEE, 2020:

6568-6577.

Y F A

kA& (1987—) , B, ML, FHRIALM, KREELSH
Auilfz, BAREEHARE AR, Email: zhangkind@
sgepri.sgcc.com.cn;

etk (1990—) , B, @f4HF, HE, AR
R, AEHEEHR, AEFHFTHREAK, ATFREK

5, E-mail: linlin@seu.edu.cns

(wHEsmB  THi)

Decoupled Sematic Distance Based Multi-class Defect Scene

Detecting for Substations

ZHANG Xin'2, YE Junjie?, CUI Yao!?, HUANG Xin'?, ZHONG Linlin?
(1. NARI Group Corporation (State Grid Electric Power Research Institute), Nanjing 211106, China; 2. State Key Laboratory of Smart Grid
Protection and Control, Nanjing 211106, China; 3. School of Electrical Engineering, Southeast University, Nanjing 210096, China)

Abstract: Due to the complexity and differences of defect types in substations, traditional deep learning models for defects detection

lack comprehensive response ability. It proposes a sematic distance based decoupling detection model. Firstly, the decoupled model

structure is determined by clustering defect classes according to the semantic information distance between each other. Then, the

weighted anchor fusion and local prediction loss techniques are used to improve the model performance. Meanwhile, the decoupled

non-maximum suppression strategy is proposed to accelerate the model inference process. The experiment results show that the mean

average precision of the model reaches 69.68%. Compared with YOLOX, which has been recognized as the best real-time object

detection model, the accuracy of proposed model is improved by 1.36 percentage points, the parameter quantity is reduced by 5%,

and the inference speed is improved by 34%.

This work is supported by Science and Technology Project of State Grid Electric Power Research Institute (No.524606210002).

Keywords: substation maintain and operation scene; defect detection; deep learning; semantic information distance; decoupled

model
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