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Abstract: To solve the problem of low recognition accuracy of transformer insulation oil gas fault diagnosis, the
slime mold algorithm (SMA) is improved by the reverse learning strategy to form the improved slime mold
algorithm (ISMA), thus to improve the global optimization ability and optimize the support vector machine (SVM).
An ISMA-SVM optimized fault diagnosis model is established, and the sample set is used for learning and training.
The diagnosis and recoginition results are compared with that of the greywolf algorithm (GWO-SVM) and the
particle swarm optimization (PSO-SVM), it shows that the accuracy of the ISMA-SVM fault diagnosis and
recognition is 93.3%, which is 6.66 and 10.66 percentage points higher than that of the GWO-SVM and PSO-SVM,
respectively.

Key words: insulating oil; gas fault; slime mold algorithm; support vector machine; diagnostic identification

AR IBAT T 2P AR S SR, HAE IR
H I R B POIRES B R R BB R A % 41T
ARSI, R 54T, BANZAN i,
FRIREI, R 40 kit =l s D0 A T B
M SR (dissolved gas analysis, DGA) i
CWEERZ M UEM EAER, 520 &AL
WHPEIRES . Z R = WEE. SR = HEE. X
SRS SEEAT R, (RSB RRAE 73 AR A
s e SRS L R N = W 4 8 P T {5
DN S o VR SR IR [ S S A RS B A DR R 1)
FEAS, XPHLAS IR R G AT 22 1SR, wT iR T
e R R 2 A0 B Zh L REFE .

I %% B HA: 2022-08-12 MEELHE: 2023-01-02

H £ I B: EEHERGRAR SRS (HNKI22-H36)

LB TR 2R e UIRER SR SEI41, Jp 2 R 2R 61
SCREFEALTE | ARER=ASIHLET | DU o] 45 [10-44]
%, 5 DGA HIZiG RIS Wik BRI R T A2 T 45
W2 MR R, (B — SR, AR e
AT PR o Ll G 22 I 2% B9 RIVASE A 1R 5 1Y) 2 3] g
71, ABFAEARTIYIGRIN F5 ZARKHIYIGRAEA, Ik
TR RS s DU H I 25 )1 kR T AN E 2
2o TEMROR IR 1) U 2 A 2 DR XE s B SRR A%
o 3P S R BT R B A TR E PR, BRAIR T LS
Py BRI WA AR 40 8 Re il W A S AR v
[EESR 1PN S =g W

Y 2 S AR AL S TR AR DR, FEA

Supported by: Science and Technology Project of China Huaneng Group Co., Ltd. (HNKJ22-H36)
HE—IEEEN: wE 106, B, Wid, EIEHFFITR NI KL R, 1986560740@4g.com.



166 kAL &

2023 4

BEAN, 8% KHHZFmENL (support vector
machine, SVM) & 7 SIE AT I 25, T AZ R
A S AR 2 2 AT R I AR (B, RN
A G3F10) . SVM 1 REERL I 4% R B S B0 A8 ] ]
T, nTHEREELIMmL. CFHRHKIR
(greywolf optimizer, GWO) HiEfLib ik GWO-
SVM, FIkRi+#F (particalswarm optimization, PSO)
FAAL PSO-SVM, /A7y SR I A | —
SERUR . BB L1213 (slime mould algorithm,

SMA) RTTE KA, WWSGREETR . FLAE IR,

HHEBRAN RN A0 SMA LA
ISMA Cimproved slime mould algorithm ), #4J i%
ISMA-SVM, DA SEREARSEREAT 20 %%, JF S
GWO-SVM H1 PSO-SVM 5t Lt , 48 7t H 12 Wi ff P

1 SMA & SVM &£
1.1 SMA
SMA AR B B A AT IR 3 (17 v i, TR

P2 S AT SR VR B R (T, TE R PR )

IR R BRI 4 . IR, SRR, %

5, BNEBRORRAE. URPEAC, WI%AE, MBI AL

R . BT SRR .

xa+n={xao+www-xxo—xuoyr<p(n
v, - X (t) , r=p
1+rxlg((bF =S,., /bF —wf)+1), i=C

VW9m:L+rg« ® S

—rxIlg((bF =S, /bF —wf)+1), i=0

@)
At NHAEEARREG Xo() R AL E
Xa(t)~ Xe(t) A5 t JOEAIBEHLN MM E; WOy
ENFERE; vou Ve ATERIZHL; rerand [0,1] AT HE
BOTRER, R NER R bF AT wf Y
HATEARE . RGN i=C NG R A
&, =0 AARHRAE: Sl &M EEHEFF, LAREE
RACRAL
Hr,wwE[-a,a] v ve A 1 FFEE] 0, r€rand [0,1]
AR p FISHa AR
p=tanh|S, — DF|
a=arctanh(—(t/t,,,)+1)
X 1€1,2,3...,0; Sp NS AT MAE N EE(E; DF N
B G N AE s tmax AR KIS AREL
FOBA AR A AN R, RMETEIR R
WO EREE, WIRTEAE, EHRERIKE
B o b BRI L BE T ) SRR :

()

®)

http://rlfd.tpri.com.cn

rand - (UB-LB)+LB srand < z
X(t+D) =1 X, 0+, - W-X, ()= Xg(t)): r<p (4)
v, - X (t) , T=p
. UB fi LB NIk LR 7 rand 2y [0,1]2
EFENLE: 2 VB EXSH, ZXHEBON 0.03,

S m) 2= 2] (opposition based learning, OBL)
ARG R A, SRAMERAG R, AR R
L. RIFE AR AR, AR R A
AN, JE I IE R BT B, DUBEARAMAREAT R IR
B, FEEMEE AN, Iniglsk, AR R
RETo AU AN E X AT KRN

X (1) =k, (a; (t) + k;b; (1)) = X;; (1)

a,(t) = min(X, (1)) b, (1) = max(X, (1)
o kis ke rand(0,1) 9 FESEAMAARNT AP HEN B o
1.2 SVM &%

PRt SVM B o e, DA Al
BTSN A3 2. AR R 28 W12 W 70 8 8 T AR 4tk
25195, ANEMHLHE SVM B, 5 A% R
PR YE 7S (R AL o 4E B 1A Je, IR 4E =S (A
HATENMEAL, SRR 7y ST -6,

KH—X—2 4328 SVM JEXS AR R 28T 5
BEEATIZNT, B, SRS, HEAEAY
KIBFEFIRT, CRUEDRAEFTE:.

SVM R B L MR, BRI

min ¢(w) :%||W||2 =%<W-W>+Ci§i2 (6)

(5)

sty [(wex)+b]-1+£ =0 @)
A wARERE; ¢ METTRTF; ENREIRE;
Xi NEEARFE; b NREE.
SIAZ R KX, x)J5, FAbk:
minQ(a):%Zn:aiajyiyjK(Xiaxj)_Zn:ai

i,j=1

st. =0 i=12,---,n (8)

Zyi i:0
Hor, 7RI RIR N
f(x) =sgn{zn:ozi*yi K(x,X)+ b*} 9)

12 m 3R % (radial basis function, RBF) NJF
R, RIEAR AR, ARORRT, AR
Y54 . 24 RBF N SVM #% s, HE
EAN:




%14 ¥ WS Ak ISMA-SVM 5 NI B 167
K(xi , xj) = exp(_y ")(i — xj”z), y > 0 (10) iﬁ(iﬁl%’—i’%éﬁﬁﬁ ° jﬁﬁiﬁ&ﬁﬁ%’iﬂ%ﬂﬂ%ﬁﬁ, Eiﬁﬁ)\

K. 7N RBF KRB 2 %L, dese SR 27
T
2 ISMA-SVM #[&Ei2 s B
2.1 ISMA-SVM

SVM 424 BB i T 7E ST T ¢ A S8 7
ASCER ISMA X ¢ Fly 40, HilkkEis Wrisi Al g
SEVIREE 1 TR

CLSMAKS A BI040 || 450 4 s 3 57 7% {4
REEESH e 1

| it 45 sz e g |

|
AR B AR
& 1
l

RAHER KK

=]
FE

1 2SR
Fig.1 Flow chart of fault diagnosis
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Tab.1 Fault data of the dissolved gas in oil
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