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Terminal temperature detection method for smart meter based on RBF

neural network optimized by improved PSO

FAN Youjie' ,DENG Xiangdong® .GAO Yunpeng®,
TANG Zhenhua' ,ZHU Junjian' ,ZHU Liang'

(1.Power Supply Service Management Center of State Grid Jiangxi Electric Power Co., Ltd., Nanchang 330032, China;

2.College of Electrical and Information Engineering, Hunan University, Changsha 410082, China)

Abstract: Aiming at the problem that it is difficult to directly detect the temperature of the front-end terminal of the
smart meter, this paper proposes an improved particle swarm optimization radial basis function neural network for the
detection of the temperature terminal of the smart meter. First, the mapping relationship between the terminal tem-
perature of the electric energy meter and its influencing factors based on the RBF neural network is established. The
central position of the appropriate network core function is selected through the K-Means+ + algorithm, and the re-
cursive least square method is used to obtain the network core function connection weight. The improved particle
swarm algorithm is used to optimize the width coefficient of RBF neural network and model training, and the opti-
mized temperature mapping expression is derived. Then the terminal temperature detection of the smart electric
energy meter is realized. The simulation results show that the improved particle swarm hybrid optimization radial ba-

sis function neural network algorithm proposed in this paper has high calculation accuracy, strong search ability, fast
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convergence speed, and the relative error of temperature detection is less than 0.17%. Compared with the existing de-

tection methods, the proposed method has higher accuracy.

Key words: RBF neural network;improved PSO;temperature check;smart energy meter; terminals

B R AR B AR AE Sy i R B AR U TR
LT U 2 i Al TC F 0 B A B I A R B
oA AL & R LR L & SO R AL AR
VA L B AT (0 Bk 22 R A L 2 4 R R s S 4
A HL A PR R R SR AR FR L U L R E dB AT
PR, AR HLRE 3R AE Y T H ) W R R 2 R
i o AL R A BT T R L B B A T
TEFE/AS M GE AT S RO A L 2 R AN T B L
RE 0T St W R P BB AR RN . ZEIZAEH W)
R BR B 55 BEOR R L $2 T B B RN 5 PR B R
A BE Ty T 4 1 4 TR B8 F AR 2R 00 Bk B R
5. T 4R A8 L AE 2 i T vk W DN e £ i 1 TR
TIHg , 52 BE 52 i 4 0 4 O 280 e I i ]
PR AR b . R, JF e 5 A6 Hl R 2 i T IR
I 4 A B o ELAT B0 A (S B SR S

SRy S B 2 a5 i TR ARG ] P A S
UEH AR JEIF R 5E . Ho, s Rkt O RE R
fb34 3 (particle swarm optimization, PSO)# | 3%
Fr 1) ML CSVR) R 28 o 45 101 25 580 B 1
T HA . SCHRC 10T i BP i 48 j 25 6 1 JF ¢ 4
Uit - 1l B o L A £ P e SRR O AN B A TR g
— A4 s SCk (12142t PSO itk HKELM
ARG I 725 s g TOT 52 9o R 00 92, R 0 4 5 4 A2 2% Lt
R SR 13Tk 2 PSO A4k SVM A6 ok BH Hy,
b I AL A, SVML 15375 R 9% K N A7 B AT
] 5 SCRRC14 T4 1 QPSO 4k SVR A6 HE < 3 B
5 SVR HHRRCRA ff . AT A L
307, AR ) L R 22 B 4% (radial basis function
neural network., RBFENN)ff b —Fifi 2 3] 50 %55 2
LT T 5 1 2 2 ik B 5 R TR A R
HARL PGt fE Ty 3 A5 O 0 Bk, SCRk(19 ]
#A7FET PSO ik RBF 28 ] 45 i) Bl 1% Jak 2% 1
AR, ] 4 ey ] B A% R g AR B2 L {H PSO 57
5 5 B AR 8 e e EL 5 300 e S0 2 1 S T o e 2

S SR R R RE S T o B2 2 i 1 I ) o
R L AR SCHE H— Bl bR B 1 RBF 28 9 4%
B RE AR R L R A, i K-
Means+ + 28 A RBF #ft 28 W 45 i .0 7 &, Al
FH 36 #E Joe /N — R B R U aE PSO A6 55 43 50 %
RBF 128 o 2% h.0 S 400, 96 8 5 80047 1 Ak A5 1
Y G, 3 5 422 2 03 3R R A e S o B o, B
7 LS5 X AR SCAR H ik B o M N A At
FTY63E 5 50

1 2 o) BE A 28 ) 48 S R0 1- R SRV

1.1 FREEHENL%

RBFNN & — fift = )22 #ft 28 [ 2% 114 )= 74 2 3 1)
L TN =N Sl Ik TR = L (DTN
BN EEAMEEHIE R E R B E )2 Stk
E=9) DA TR 4 TN R NN A )
meE 1 FiR.

JIAS R A

Bz

1 RBFAZMAHERL%H

By )2

Figure 1 RBF neural network model structure diagram

SEHESIR R o I AN = S 1 (R s I R T
JZ2 B BT SN B n B8 2 0 oR B = i
BRI R IO i Y RUAT — A L L RBENIN 4 i p&i
U “ I x—p; 12
Yy =D wie (x) =D w.e o7 )}
i=1 i=1

Ay & RBENN M5 i i x o RBFNN [ 2%



537 B S M LS

L4 PSO 4k RBF 4

AE . e e IR R 25 209

By SR R (X X X, VG ¢ (o) B
TEE A MAETTERE 0, MRS RS AT R
HEHAHE s NES i DL KA ¢ (o) By TP 1) o,
RS A AE R T SR
1.2 PSO 4
PSO Ak 5 2k PR i S50 B2 P 42 Jm) 1 Ak fig
J15RS AR VR 22 TR R Y O Ak T T AR T AR 4T Y
HORY RS SR A
v, (t+1)=
w(t) « v, (t)+c; * rand * (P, (1) —
2. Fcy s rand * (G (1) —p, (1)) (2)
P+ =p,(W)+w) v, t+1) (3)
K2R 0, O p, (O R i BRFE
YR T A S R R B s o () B PE A E s rand O B
BUBEO~ 1 Z s civeo HE T H T3 P (1) Hl
G et 3 500 Ay JR 350 S A AL R 4 J e PG AT
AR TR RE Y 42 SR 1 R AR T T AR AR S
BHEACE w (O FZE2THF o) e sw (O JRANR 0~1
(14 8 B, BB w0 (O BCR 0~1 BEAL PR EL, 5kl — A

B 3% A UK ¢ 38 R PR
22 B o oo 2R FH 30 388 3t o 19 722 Ak I AR
B e E B I R B
c1(tﬁLl):cmf(c‘l.s*m,e)%
. 4
CZ(tJrl):c‘z,,.—(Cg,s_Cz,e)?

JCEP Cl-CZ-ﬂEHCl ~C2e /\DUXTF‘_%j.%ﬁ Co
IR AR (AN L B 50 D BT R AR T b ek

MR B, W E €1, ClesCas <cyerc BE ¢ B,
c, Pl ¢ 11
2 it PSO 4k ny RBF & e BE R
T R I T
2.1 PSOKHEEN

BT REE N 2800 T B R AR R

ZHTMEMBZ B BR TR LS TRA
JR BB . Ay G LA B TR B AR B AL A
SCAERL T HERE R I A IR A R AL R R 2

R H 42 K T B (symbiosis particle swarm optimi-
zation, SOPSO) flifb RBF 1 25 X 4% 5.1 .

KL~ 07 ] 3R s 24 A R AT R R 1)
WRARYA MBS LK, 5155 PSO K1 3 & H
BN A, SOPSO B3 3B ) & A Jil A L filf 1 4%
oAb 18] A [) A7 8 0% A B A 2%, 8 D 3 ) AH . £
HEAHE B R PR . Bk S PSO B BE T BT R A
XN

v, T D=w, ) »v,,&)+c, *rand *

(Piesi () —p1.; (1)) Fcy s rand ¢ (G e (2) —
P () +cy s rand » (po, () —p1 (1))
vy, (t+ 1) =w, () * vy, (t)+c, * rand *

(Pyesti () — P (1)) Fcy » rand ¢ (Gyopee (2) —

poi(@))Fcy crand » (py,; (1) —p,.: (1)) (5)
KB o, O pr ORI ¢ WREE 15
AR 1 TR w0, () A w, () A BEHEAE
CinCo e TR T3 P (O I FPHE 1 19 )R &R
BAALE G HRVEE 1 2 R R E 0., (0)
P20 VP o O Gy e 535 R BEE 2 BYRL T3
BE ALE R A E A R e, R LY
AL w, #4877 &L R RE 2 09 15t AL B
w, (ODFEIRSNIT X BE R = e 2 0942 )= R U
FERNH 2 FhAEEIE LA 2 A=, i i =0 (5) 52 B 2 Fib
FoEAH B B RS B R R R 09 JR A A R B AL

KOG P w, (1)K HEL 0,618, w, (¢) 38 1T 4k %
1 225 %35 A PR A, DS R Rl E 2 19 28 46 1 F0
2 Ry i L L PR ML

rands(1)
2

A F rands(1D) R —1~1 BBEHLA B E 0 xRt

w, (1) =0.61840.99"

(6)

RAF v, D5 Ve Al 0 T HE, P
U min » 01, T 1)<
v, G+ D=0, GTD s vmm<<v,,; ¢ +1) <.
U nay » V1, (1) >0
)

A 0 A EE FVF I e/ IME 5 0,00 R B S Y
e KRR S T T RO 1 0 R Y L. AR L 1 Y
[ IEAN e O L T A R VA



210 W B %

5

i VN 2 Eite 2022 4 9 A

P+ =p (O +tw &) v, ¢+ ©

Poi T D=p,, ) Fw, () * vy, (t+1)
KF p D po G BUAFRE 1.2 B
HOE AR VA
2.2 RBF #Eil&52#M%kk

RBENN &5 14 F1 2 80t 16 % B2 X RBENN i 2%
PR RE 0 A AR K5, SCRRC19 48 1 PSO IR A 88
JE T B L 4k RBENN (19 240, A RBFNN S 4%
% HERR —, 5 PSO 7= 4 1 4k i 18 F1 25 5
Bea A\ Jr 8 S5 P ) ] A8

Sy i v ARG I E B L R SCEE X RBF =S 80K
FAAR LA 5 2 K-Means + + B D) 5 /N 9 152 22 4%
B 3 o TE B B RAF 425 a0, i H]
T AL E g AL 5 38 HE RN Z 3R TE (RLS) 3 i
INTR 22 [ - 7 FCR it B DR 3L HE L T T & 3%1‘1
{8 w il Btk PSO Sk et S8 i RE 1, /T
Ak 56 B ZR BB LI 2, 0ilE PSO B3 % ok
PSO F 1] B A 5 fae A6 1) T 8L, [i) st BRI 2 800K/ i
RS 00 e Ak o

RBF i £ W 2% 9 2 B0H0 Ak I k8 58 R K-

Means+ +REH & & .00 B, 2 )5 18 i3 o0k
PSO #ik 5 RLS #47 T8 BE 28 BRI 32 BUE 19 1 1k
AN, mT 45 RLS # #E= N

ATTAGR—D f(B)
1H2 7 (A GR—D) f (k)

E)=y(k)—w (k—1) f (k)
w(E)=w(k—1)+K(k)ER)
A=A "AG—1D =2 'K f/(bAG—1)
(9
A A EBER T BEAN T 0.9~1.0 Z[H,A 8
HE3 1.0, BEIFURS B i e, AL BR B 6B ) 23 855 , A /)N
R B 7 8 5R  E B R 0SS0 R U Bl R B O i
JBSE RS2 B O R R R R EE L A SCHR(EL R 0,985 f (k)
N b U A FRIEE i A CRRAE 48 h 2K (1) BT R
g Wl /R F WG E s o) BB HESS b T
BRI THE ;0" N o W5 S 5y () Ry W 4 1
FLAE K () B HESS b IR 2B IEREG (k) R i
HESE o W TR 22 {8 s A () N BEHESS £ R 7 2256
M A0 n X n B FE M 5 1EME 6 A3 L. 6 IUE

K (k)=

F 10 HFER R I » (E.
it PSO Bkl AL B Wi p AR ML
W 25 1) G BE R o) w00 F o, A BN, B

p:{o'lvlfzv"'ao' } (10
Ce ek it PSO 5k 3 N BE oR K, Hh i
fﬁ'ﬁxﬁﬁﬂ’]ﬁﬁmiﬁ M s 32 735385 1 B pREC, )
E (y! —
Af(p; (t))—Msy*f an

Kbyl v B A SN S ¢ YR AR ) b2
2% i 1 FIUI A 5 S PR R LR s B I REAR AR

Xof HE 2 =1 I 22 SR B 47 B A ¢ I 220 B S AR B
DAL 04 Jey o (G 6 ) 3 7 B BRI A A B G A
2R AR E R IR PEKL T P e, () F142 Jay B
PERLF G e o) B ST R U] Ny

Piw.(t +1) =
Phowi (s Af(p; (t + 1)) = Af (P (1))
P+ D.Af(p (e +1)) <AF(P i ()
12
Gbcst(z‘,—O—l):a?‘gmin(Af(Pbm(z‘—Q—l)))

(13)
X PG+ DN P, D i=1,2,
ARG, 30 (12) L (13) 43 ) I T b R 1 J) 788 e ARG
(AR RSV VAR UL R
SRy 20 B v AR B R Y A R M s R R 2
[0 R A i S PUREISB &Y W VA= R BRSPS
B, H P AR 1 LA B RIS W B A (G e
@) MR 2 AL ERIERE N AL (Gype (2))
BEny 2 B RERL 7 0 R ACEE RS BE Bk BORL T
(j?ii) PO 2 A3 W BE  di A 7 B8 DA A A 1)
3 N BE /I B R A 2] L i HL R O 5z gl AR
P18 B R ] g
PG+ =p ;@) Fw, (&) ¢ vy, (2+1),
AL (Gt U ZAL (G e (1))
P+ =p,,; ) F+w, v, +1)
AF (G G <AF (G (1))

s N

14
23 EFELHWRE
A SCHE B R BE AL RBE il 28 ) 45 5



%37 BE S BER A

L4 PSO 4k RBF 4

AE . e e IR R 25 211

AE L RE e vm FIR A B m R A 2 fros .,

MFLERE R A E |
A R A
% RBFW % B4 §h v
ZER R B TR 3 1 SOPSOFY 2 1 i
BT o
K-Means++#fi 3£ RBF v
I 24 £ 0 (31 TS e — 7
SRALRU 28
WA BT FIBE(L . v

J& e 3 sk A Al A 4 R e AR PIERGEIRopRiE

A AL T 1 9 385 1 B

v
22 I L AR T B Y 67
T R RBFIM 4% 11 56 & 2 5K

v
T e e — e
RATRUE R 5K
v PLHERBEMY 2 [ 4 (AL S5 10
PIGAR 5y 29 75 2 BUE . 550 Z BRI
VR AR - RER 3 7

B 2 SOPSO-RBF %%
Figure 2 SOPSO-RBF algorithm flow chart

1) 2R FH 5808 R % BE AL A6 K-Means + + 19 %]
B ME 1 L RBF #4800 45 fi A 1 2% bR 501 HI0R 28 2%
H ) i,

2) %KL B SE AT 0 R Ak, E 2 SRR, L
RBF 25 W 25 1% o530 58 BE R B o S Bl 4 2,
SE FRE RS , 158 25 R HE 19 ) R B 0 0 o
Je 8 i AR AN RN 4 SRy B A A

DA PSO Bk F L H A a0 (5 T
HORE R o T 45 R AR A S C6) R
JEE 3 BT e i fh 2 (8) 388 i AR AR BT R 07 B L IR
T R % R B T B R

UDE S S AN VA | S QA RS
e i, BN (9 3K i th 2 M ABUE S5

5)8 QD ME Rkt PSO 88 I 38 i X
(12) . (13) 37 A~ 1A fge Al A 4 JRy fe A 47 &, 9 ph o
(14) 53 2 FRRE 8] 1) 28 338 A A 4 Jm) SR e s 2R
HIG R ER 5) Z W EAALTE 3 0, Ik 15 &
TR 58 B R BN S 8K

EAVE - 9/ -

3 7 B S5 5 0 #r

3.1 SEIEESERI%
SR I AS ST B 2k i PSO {4k RBF & fig

% Uity - Tk A DNy 9% 1 A R R R L BT XG-
ZT264 $Hy HE L B2 A% 8% 28 1) 52 0 B5 4l 2 A7 52 30 50
IE K XGZT264 4% F PCB H A IE F 7 5 3T Ui
T U AL AR B S AL TRy B 0 i N
PR AR, S2 B A 10 201 21 IR 3 S B0HE | B
BLBEIE 4 080 AR RN ZREHE .6 121 2 AE A %L
Wi, SCEIEASHOIR BT B T4 0 =200 T
FERL TRy 40, B R w, (1) =0.618, %
AHRF cr=2.c,=2.1 fl ¢y =2, T RIEICKE N
500, %mﬁmmmﬁ%wﬁﬁngﬁﬁﬁﬂ%
BRI 5 M e 785 /0 U0 O 00 00 o R b v, A R £ 1k
ﬁ%tmoﬁﬁﬁym&HmF@%%ﬁﬂWﬁ
£ ¥ SOPSO-RBF 5 PSO-RBF 5 ¥ MSE U8 ith
LENFHE .2 R MSE Wesith & 4n 18l 3 iR .

M /107
i '° B VS I N, B N Bee)

0 50 100 150 200 250 300 350 400 450 500
AL UKL
B 3 SOPSO 5 PSO % MSE 4t £
Figure 3 MSE convergence curve of SOPSO and

PSO algorithm

1 & 3 A A1, PSO-RBF 53238 B B 78 /i 30 1K
ZeAT B SR B EL ST 20 B N R 5 SR AR, AR SCHR R Y
SOPSO-RBF HyL e 50 AL b 2R T e,
TBEHUE I PSO-RBF FREMERE R HRE, H 2
FRREAEIEA 150 IKGIRA SHEZE TR 28 2
300 AT F& , AT A7 4 b ke 6ok 7 B 5 1L B A
Rt . TTUL L AR SR SOPSO-RBF 3% 19 48
T DA N U R
32 FEZERSHELE

K =4 7 R 2 XGZT264 $1 e HE 5 7 1%
TR 8 20 5B A o RN P TR B R B S S B
Tk P A G FR AN BT 4 B

Pl 4 v, SRy il g3 S DA A M Y SRR H
RIS TR BE = b Ry R RE SC PR (. Pl BT 4 T,
1 S0 Tk R[] R B 45 3 R R SRR A R DN
U4 45 T A [ R Ry P P B S 0 YRR R T g T 3




2192 ) il B 2% 5 E5d 7N 2% Eild 2022 4 9 A
Ko PRBE BN HL R B S 00 I RE A R T R K, 2 AR
2 PR IE A G L T B0 B L R 5 e SR L R i — 2B Y

M S~ kR A 00 ) o 8

SR/ C

73@
4'1’1 " 20 10 N o
/%‘ 0 - Y,\;AS\L‘
B4 SrRREemsxi

Figure 4 Map of actual temperature

W I 25 5 B A 43 ) i A 15 45 RBF # 2 ¥
PSO-RBF #f 2 [ % Fl SOPSO-RBF # £ [ £ rf1,
53 3 e AsE AU R ] A B A L A5 B A R
W25 5% 55 52000 3 B X B SR A5 ik T30 A A X 1
2%, f£45 RBF # 2: ™ , PSO-RBF # 25 [ 2% Fl A 3C
SOPSO-RBF Hft 25 [% 4% (14 i B 4 00 AH X 15 22 43 591 4n
5~7 i,

0.06
0.05
0.04
0.03
0.02
0.01
0.00

-15 o )
1Z/“/E{,fi'/ v 510

TRLEEAART R 2

100

2060 50

20 7 38 >,_| +
I

B 5 4% RBF &b eytastig £

Figure 5 Relative error of traditional RBF algorithm fitting

R¥E/107
>

TR AR X

30 100

60 0.
40 G
20 7 !

""wa/// p 100 P

B 6 PSO-RBF ik 489 48 3% £

Figure 6 Relative error of PSO-RBF algorithm fitting

TR X R 22107

-10
nk/'/%ff/ . 10 0 ’&K\%@

B 7 SOPSO-RBF % #4445 48 2732 £
Figure 7 Relative error of SOPSO-RBF algorithm fitting
Hi P 5~7 AT, 4 55 RBF i 28 9 45 K i 3 1
1) SR RAH X 152 22 R 6.59 06, HLAH X 35 25 3% 3k f K

PSO-RBF 5 ¥ & ) 2% SR 00 40 XF 4% 252 e KH M
1.54 % , 4~ ¢ SOPSO-RBF % vk #5145 5% 114 45 X 15

ZERCKRMEN 1.08% ., KK 5~7 X b B, %45
RBF it 28 % £ 1t A X 15 22 38 KT PSO-RBF 5835 il
SOPSO-RBF 8. i1t i 22 , PSO-RBF 5. 32 A %t
25 1 W KT SOPSO-RBF 57 % A % 15 22
B, A SOPSO-RBF 55 ¥ BA 4 1 45 K
FERZALRE T . B, A 3¢ SOPSO F 35 A % PSO

HA TR R AES7 . % RBF M4 M 4% S5tk f B
ORI A o e RE A B — P R Hz
RE A AR T

445 RBF # 2 M 4%\ PSO-RBF # 28 [ 45 il A<
3C SOPSO-RBF #t 28 % £ Xof I 3 # A 114 1 J7 AR 152
ZE M-SR R R ZE Tk 1 PR .

i # 1 Al %0, SOPSO-RBF 892 3 4 K X} 5% 22
My 0.17% .43 %1 4 PSO-RBF % % Fil £ 4t #h 2
RO 2% 3 vk i 54.84% F1 4.97% 3 )7 iR 25 Mg N
4.32X 107", 43 5 2 PSO-RBF 1 25 ® 4% 1 14 55 #
2 41 36% 1 0.567% . HIE, A 3C SOPSO-
RBF 8 i K I 7 B & 4 =5 F PSO-RBF fl 1% 48
RBF #.:.

x1
Table 1

LA KW kR AN TR E SR
Comparison of temperature measurement

error results of existing detection methods

Ik Mrgeft/ % Mg fH
RBF 3.42 0.076 200 00
PSO-RBF 0.31 0.001 200 00

SOPSO-RBF 0.000 432 43




537 B S M

BERANGF Bk PSO Ak RBF 4 A v ik 2 o 1 T B 4G I 77 72 213

4 GEE

BEXH A RE PR 2 T i 1 2 i R A DL B R A
TR A SR M T — A ot R T AL AE Y RBE i
SR AT LSBT A R A AE A S 1 il R A ofe
AN . SE A5 R R W % 05 vk Al A Ak S B AR 42
fish G 00 P R 2% S 1l E L LB AT B O ME R L i
B TR HL AE 2R g 1 IR e LR 45 9 6 A I R 1)
L AR LT BRI T 1 AR SR Y D7 I 0 R A
JEE B A TR T AR R AR R O SR I A R
Pl /IMELI] R, 38 T 53k Y 4 JR 1 R AE D (R
T RBF M 28 2% 36 3T 5532 AL RE ) BT a8 45 4 1T 2%
B, B 7 TR AT O 2 iR RE R AR R A I 5 e
00 LI P e R T %

SE K

[1] ALBU M M,SANDULEAC M,STANESCU C.Syncre-
tic use of smart meters for power quality monitoring in
emerging networks[J]. IEEE Transactions on Smart
Grid,2017,8(1) :485-492.

(2] BRAAR, oA, 200, % A& RES 22 e e K
TR [ HHL TR 244, 2020, 40(81) : 323-342.
CHEN Weigen, ZHANG Zhixian, LI Jian, et al. Intelli-
gent sensing technology for power equipment state
parameters| J ].Proceedings of the CSEE,2020,40(S1)
323-342.

(3] Z=Mme, Be e W, T 0 . 45 728 i I 2 B A% 85 IR 25 & &

AR KR L] L R AR ,2020,46(9) :3097-3113.
LI Peng,BI Jiangang. YU Hao,et al. Technology and ap-
plication of intelligent sensing and state sensing for
transformation equipment[]]. High Voltage Engineer-
ing,2020,46(9):3097-3113.

[4] ALAHAKOON D., YU X.Smart electricity meter data
intelligence for future energy systems:a survey[ ] ].IEEE
Transactions on Industrial Informatics, 2016, 12 (1)
425-436.

[5] Sk4RF. Bur. & M, %10 kV Fl e W i i S i 4l i
PR SRR 07 FO A [ ] R AL 4% 5 2020, 56 (11) £ 203~
209.

ZHANG Zhenyu,CHENG Nuo, LUO Xiang,et al.Elec-
trical-thermal coupling model analysis of high tempera-

ture superconducting power cable utilized in 10 kV pow-

er distribution system[]J]. High Voltage Apparatus.,
2020,56(11) :203-209.

[6] CHONG S,RUI S.JIE L, et al. Temperature drift mod-
eling of MEMS gyroscope based on genetic-Elman neu-
ral network [ J].Mechanical Systems and Signal Process-
ing,2016,72:897-905.

L7 X4 B, 1 BLak , 48 T o @Rl A i A HL ) H

B IR R Bk B T L E A L LT ] R g, 2021, 54 (12)
177-185+194.
LIU Haoran, ZHOU Kai, WANG Yuhao, et al. An on-
line location method for local defects in power cables
based on electromagnetic coupling injection[ J]. Electric
Power,2021,54(12) :177-185-+194.

(8] 2 TVL. A 8. I 56 TR T BER L 1 SVC

FHJE R GE IRk & 45 ) As BT [T ] B ST Bl 5 8R4,
2020,35(5) :60-65.
CAI Weijiang, LI Xuefeng, ZHAQO Shizheng. Design of
oscillation controller for SVC damping system based on
particle swarm algorithm[]]. Journal of Electric Power
Science and Technology,2020,35(5) :60-65.

(9] K& . BaE Ty, 206 . 55 5 T LSTSVR BB 1 30 2 11 55

T A5 s 1 247 3 R b S8 2 B IR BE LT D 01 H 3k
A ,2020,40(8) :197-203.
ZHANG Lei, YANG Tingfang, L1 Wei, et al. Prediction
of transformer average oil temperature and winding hot
spot temperature by edge computation based on LSTS-
VR model[]]. Electric Power Automation Equipment,
2020,40(8):197-203.

[10] LI J,SUN Y,DONG N.A novel contact temperature
calculation algorithm in distribution switchgears for
condition assessment[ J|. IEEE Transactions on Com-
ponents, Packaging and Manufacturing Technology.,
2019,9(2):279-287.

(110 JAALRE At B, M, 48 38 F 8 g 2N 2040 IR Y 2

MRS RETNERE]L AR ZESHEAR¥R,
2020,35(1):163-168.
ZHOU Jingsong. YU Jingfeng, TANG Shengfeng. et
al.Research on temperature early warning system for
substation equipments based on mobile infrared tem-
perature measurement[]]. Journal of Electric Power
Science andTechnology,2020,35(1) :163-168.

(121 P2y, 53k AR 55 A RE HL BB R H 3 b A E T K &
4 3L JE 2 LU % RS 43 AT LD ] 45 43R, 2020, 57
(11):121-127.



214 GRS R - S - R - S NI SR 2022 4F 9 1
BAI Jingfen, LU Da, XU Li, et al. Analysis of tempera- jective learning algorithm for RBF neural network [J].
ture condition influence of automatic calibrating conveyor Neurocomputing,2010,73(16) :2799-2808.
line in smart electricity meter[J]. Electrical Measurement [17] W3, B, 2008, % 5T GA-BP i & W 24 5
& Instrumentation,2020,57(11) :121-127. % ) i R R B ) U U5 ik ). 5 O AR U

[13] Xk, ERIL.EF FETH TR FHAENE 2021,37(4) :1-7+14.

437 =X R R 1 T R P B v [ ). el 77,2020, 48 HAN Jingshan, LU Haiping, LI Danyu,et al.Prediction
(8):51-55. of transmission line galloping using improved bp neural
LIU Yu,WANG Junjiang.JIAO Qing,et al.Fault loca- network based on genetic algorithm[ ]J]. Power System
tion of distribution network with distributed power and Clean Energy.2021,37(4) :1-7+14.

supply based on quantum behavior particle swarm opti- (18] JeMb .M % 5 BelrffE. 3 T RBF #0245 19 + 1K Sk
mization algorithm[ ] ]. Smart Power, 2020,48(8):51- FAAE e Pk T [T ). K PH BB 2% ), 2021, 42 (3) . 171-
55. 178.

[14] BRI, & &, % Tk QPSO-SVR Ay fii 25 GUAN Peng.JIAO Yuyong, DUAN Xinsheng. Non-lin-
KB HLHEA IR BE 0 [T 4% 3. 0 5 2 7, 2019, 39 ear prediction of soil thermal conductivity based on
(2):267-272+440. RBF neural network [J]. Acta Energiae Solaris Sinica,
PI Jun, HUANG Jiangbo, HUANG Lei, et al. Aero- 2021,42(3):171-178.
engine exhaust gas temperature prediction based on (19 T, T0d, SRRk , & 58 T Wk o e 96 1 B 1% O ik

[15]

[16]

QPSO-SVR []].Journal of Vibration, Measurement &
Diagnosis,2019,39(2) :267-272+440.

FERRARI S.BELLOCCHIO F,PURI V,et al. A hier-
achical RBF online learning algorithm for real-time 3-D
scanner[ ] ]. IEEE Transactions on Neural Networks,
2010,21(2) :275-285.

KOKSHENEV I,BRAGA A P.An efficient multi-ob-

MR IRE RN RGO R B RGP 5%
#l,2020,48(24) :180-187.

WANG Haibao, WANG Zheng, ZHOU Xianzi, et al.
Temperature monitoring system for distribution net-
work equipment using a pulseconversion temperature
sensing method[J].Power System Protection and Con-

trol,2020,48(24) :180-187.



