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Abstract

In air-insulated switchgear, partial discharge (PD) recognition still relies predominantly on a single
diagnostic quantity. Although existing multi-quantity approaches improve accuracy, they remain
challenged by efficient feature fusion and robust adaptation to varying ambient conditions. To ad-
dress these limitations, this study proposes a multi-quantity PD identification method based on a
Hierarchical Multi-Scale Feature Extraction Network (HMFENet). A self-developed sensor suite that
integrates temperature, humidity, ultrasonic, ozone, nitrogen dioxide, and ultraviolet channels was
employed to acquire data for four representative PD defect types. HMFENet adopts a three-tier ar-
chitecture: within each tier, prime-sized convolution kernels first extract multi-scale features, after
which Transformer encoders perform cross-modal fusion and capture long-range dependencies in-
herent in the complex PD signatures. Experimental results demonstrate that HMFENet surpasses
both conventional machine-learning and advanced deep-learning benchmarks under all evaluated
metrics, achieving a recognition accuracy of 97.50%. The proposed scheme offers a reliable tech-
nical solution for online monitoring and fault early-warning of switchgear installations.
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JR 0 78CFE (Partial Discharge, PD)/2 fa 444 A SR AE FIAME A T R AR R G, W R AEIELGHM R
SR ROEERZEN B BEM BN VERE T & IR, S ) Ram w2 aefaeis
TR IIfEE L. M TR RN S, RSO . GEMEl2. WM. K5
e DL K A TR 5 R 2 E — B FR S L BRARTT AR I PERE, & A S A IR, 5]k ok S vl
MR, ERET = [2].

B J5 0B I A AR N T B AR R, B IR S ORAS I 77 v B — S Al 1) 2 5 i
REMILAR . FEDLIY BN v, A% 8t J= ORI 5 v i 85 25 3 L R v (Transient Earth Voltage, TEV). ik HL
W% (Pulse Current, PC). #5514 (Ultra High Frequency, UHF)& 14 — S8k . TEV iE RBUE SERA
REFIE NEERFA[3]: PC kT IMR(EFIARGL, HPTTHAEIZE[4]: UHF e By, AR — SR 1R
B T RE 2 MR A S IR HIE L5, T LR s — i AA e AR, 22 Ea AR kg
W2 BN . SCER[614& H T B TR AT TEV Al B =GR %, K BP #42 M 4% (Back Propagation
Neural Network, BP)FLE & Hkml & 7E— 2, $&m 1 )= A i 2 Wr g vk i 22 s R . SCRR[7] 27 &R T
P YR VRIS AR R 35, A /N L A A KNI (K-Neearest Neighbor, KNN3 51 53606 7 55 i3
ATAEHR . SCHR[B]HE HE —Fh i T4RF SR 75 25 BRI S RS I AT DA Jo 3 s P 8 3%, PR s A SR
A5 T RS FF M EAL(Support Vector Machine, SVM) 7328 FLaR R, - I BIMETIEZ2 5 IR 51 R i A0 il B2
SENT LY . SCRR[9)20 M FF IR Jo B A 5 AN 3. SSUSRIARAT AR AE, 4 S vk . BB A v
FEE AL P B AR, IZODHEE RIS, R X o M 22 S e h i A B . RS 2 S E ARl
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TIEREN A R0 IR B — A 7 20 SR R A, AELATS T Wi v R =) S T P 22 25 R B RPALE M S A AR L
IR EEHE S AL, W TFSCHE R EECR 2 S BRI, RS I BRI AT AR B =

N T R BB R, AR SCHE T R ER AR A AR, SR T AR T R R RIE R B 4%
(Hierarchical Multi-Scale Feature Extraction Network, HMFENet)[{] % 2 & il & R &l e IR B 7. %07
VOl R A IR L AN, AR RAM T E MR A0 2 M SR, NS RIERHERRBUEE (Multi-
Scale Feature Extraction Block, MSFE) 1 Transformer, SZEL 1 xR EBECEELR AT AR GR ] 5445
TIFEME, ZINERES A RO IR — R R R R, IR B S RE, &SR AR AR, fR e
JRI TR ARSI R VEE B AL AT SEE . A T ISR T IR RO, ASSCAE 10 KV A ST R JR H R SR
G EREE RT3 R M T TR R D A SR TR SRR, SRR R I A J) TR
i TR 500K, 85 AR R VEREXT HL, SRR J AT SRR A 0Bk o
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Figure 1. Schematic diagram of the partial discharge test platform for 10 kV switchgear
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Figure 2. Discharge defect models for suspended discharge, air gap discharge, surface discharge, and tip discharge
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FRIAITY L RGBT T (R AY, Sl A R R AN WA T, W% B ik B IRt AR
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Figure 3. Physical diagram of the multi-parameter sensing device
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Figure 4. Hierarchical multi-scale feature extraction network structure
E 4. BREREFFEHRIRMESEN

MSFE #EUEL T 1R 0], i@id 7E 1D-CNN 1 5] N =245 #, [F I RE% H 308 2 i B (1) A2 Y
T AE AL BEA i S0 AN 4 Jo B R 0 1) 22 OB RRAE o 6 TSP A A A8, BT KT 2 (s T LR
NPT R, 35— RS R 1 3 p R E N SRR 5 T A RO IR B, o —
EERBKIREZA S, B2 EHBNOREIZA S, RARA R R ERE. 26 =)2 05 ARF
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1T MSFE BLICAEIE R 2 AR MO BUL, T AK & % AR E AL R 2B,
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sz{H“+H”+H@—4H”ewWieuzs§ @)
A KO, KOR KOS BCRS 1 REI 3 BRI, | ERE, ER 153,

R e, SCAFRFREZ R LTI, AR LA ReLU s ek S AN s p R IA fE
TIMARRNERAE 2 S RE ST o R E I RBCERL KRG K = [k, Ky Ky, K, | > TR — 2 AT

A
Fo (X) = ConviD(x,k = k) (3)
F,(x) = Concat(F,(x),F,(x), - F,(x)) @)
Layer, = a(BatchNorm(Fp (x))) (5)

A, ConviD A—4EBRIR, x AR E PSS, k AREBERZ AN, F (x) A EIf—
HERRPHEME R, R R — s R Bs 2 & — 2 % .

Ze31d MSFE #EHAG R0 2 RUEZHRFIESK R, B A S AR R BRI RAIE, 285 1 AT Se AR il 73
AT A2 e, 53] Q. K. VHFERET BVERHE, A

. oK™
Attention (Q,K,V) softmax[ & JV (6)
Hr, QKT RIRHINTFHNSALE Z IR, di oy K HERELERE KN, ROR AR R, ArRARR LA
RS de ABEATZE G B IR EE IR IE . 40U i AR g5 SRt Softmax BR B M R A A e, S48
BV AT INBOR RS B A T BRI, AEE IR SR B e 2 . R A
JARZH— SRR AT R .

TEMZE 1) 3 /) stage BeitH, 55— stage [ MSFE B Py R FH 45 R RUBE 1R BR A 2 B U 1] 3 471
W IARHE. B stage I, MSFE R A BT SR Z R 1B 880y, AH LR IR Sz 37 AR AR /N,
o #5 H ) S J5 432 stage R DABE U IAS 40 A4 AIE , 753X — b R rh ] SR HCE I 8] 7P 510 s M4 J 3 R i 2
JZRAE R . B stage H [ Transformer J it s F) FH H 58 K RFIE 2% 21 B8 1 KA SR P RFAE R R R, IF
BRI 7R NS R IR 2 SRR . it 3 A stage HUARFAESRIURIE J ki R s, BIALE 4 /T
B R B S P W BUR R A, B J5 DA— AN 3 2 A8 OB SR A T 45 2R

4. SCIGEERFTHT
4.1 BFRIESERNSHTE

AL LA PyTorch /A SFMR AR TR, #ERL % NVIDIA GeForce GTX 1660 Ti {2 (6 GB & 77) Al
Intel Core i7-2600 GHz AbFRZR IREPE K AF N HEAT ISR, VIZRI I Bhas 24 20 &, YIaRfEBE N 0.001, it
REEER/NBCE DN 32, IR IR E DY 200 9 T PSR TR 2 AT S5 IO PERE, (8 22 SO0 2K e KL
TSR RUAE L 23 2 b TRME 5 S PR 2 1) ) ZE B

DOI: 10.12677/m0s.2025.1410630 376 5 1 A


https://doi.org/10.12677/mos.2025.1410630

R 25

HMFENet RS HE W1k 1 fos. MSFE #ify 3 E 451, XS H0p iR N dEH,
HOlIER, BRE AN EW A, =A stage M RIEFEGERIZIR stage #i8; WO FE, % stage N
W= BRI 2R TR . ZEE U@ K~/ REUZ A G S T AT R I B A
B, WERSGHRERRE, FEA0EIEE. §EREZ KX DNTREERMRS S, Fhd
KIER N FHURZIT IR, 2REREH: d/NRZEEAE, 2SBEHER) 1L, Transformer 44
T A A& B 2 N 28 S50 AR B Nl TE L, fti@EE %], HA& stage 1) Transformer 4mfidds =
B T AR [F] RBERFAE [A) (F 42 R ARG R . BRI S I A 2 5 MEATT, A T RIS
DU Fefr SR P TR LR A

Table 1. HMFENet model parameter settings
Fz 1. HMFENet {2 BV SHILE

W28 JZE B A4 R W 2% 25
[7, 16, 11], [7, 16, 13]
1 MSFE Block [32, 32, 3], [32, 32, 5]
[64, 32, 1], [64, 32, 2]
2 Transformer Encoder [64, 64]
[64, 128, 7]
1 MSFE Block [128, 64, 5]
[64, 32, 1], [64, 32, 2]
2 Transformer Encoder [64, 64]
[64, 64, 3]
1 MSFE Block [64, 32, 3]
[32,32, 1], [32, 32, 2]
2 Transformer Encoder [64, 64]
1 FC [64, 5]

4.2. STIBAEE

£ 10KV JFIRAG R B ST 6 ERER RO SRRt DL —ZEmt 8] e 5% X2 3L, 3% 7 DIURKFAL :
TR MR PR IR SR AL 7 IR 22 A (Xt I A B PR TS0 FEL AT 568 38 5 M 75 R i P2 AT« —
SAACRIRL . RAIREAE SN SR, e rpid P U s 2 I S 20 1 bR A BLF AR A B A 2R . —
YEmS (A P AR e A0 B, 36 591 MR, AR BRI . AU . AR A TR AR 5 4
100 A, HA AR EAE . i OREEE — BRI AT Lo, IIZRATZ I B/ BRI —f b 3 ) 40 B DA
7:1:2 BYLEBIRI > IR . AR SR AT A .

4.3. LI IEHR
R AR R YERE, A S 32 BR B RS 0 (Precision) . A [A13R (Recall). F1 43 ¥ (F1-Score) A1y ff
2 (Accuracy) VUM FR o 7R HLZS R A, R 22 1 S AL TIOR8 B R A o SE R N TBCR R A, 2 3l

Precision = Ll @)
TP +FP
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oy, TROABRUIERG RIS i FIREARS, PR OB EE ok A S0 T 300 | IR AR HL
7 [ A 8 i A S B TR A PP e IR TR A R A BB, A SRR

Recall = R 8)
TP +FN,

b, PN OB RYRS GRS | TN D9 AN R B A TS R S T
F1 70 B RE i SR B R (R A2, BT PR s A A e, AR

F1_Score — 2x PI’eC-IS-IOI’] x Recall ©)
Precision + Recall

AR R BT R R B T FEAR B 7 BT, AT
TR +TR +TP, + TR, + TP,

Accuracy = Total (10)
He, TPov TPiv TPav TPay TP4 2 ALEANBAAT 4 RS A28 AL B AEBIEL, Total A FTH A HFEAR &

4.4, B FFREIRTEE 5iERSCIE

ARSI 10 KV TFOAE RFTBCR I T & EICEEHRE #7505 . BT IRk R A
7% RNN (Recurrent Neural Network). LSTM (Long Short-Term Memory) 1 Transformer #:47 %}, KA
X = R A 73 ol A5 A A AR s A IR LA S 4 Jey 50 8 0 T e B A

LSTM Transformer
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Figure 5. Loss variation graphs of different models

5. TEMREYHI Loss TILE

5 9 DU PP ALY 2R BE RN IRAIE S () Loss 28 fhith 2k . ATLAMIZZ3), RNN I LSTM #i%f1) Loss 7611 %
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FNBGAE IS FE e BRI K, 7E 200 A YNZRJE A5 B2 RAB AR XS #2510 Transformer BEAL[1 Loss T %
PR, URSSGH B B R - HMFENet A5 7 B AR 7E W A FE ORI 3, 1E K2 50 AN E S Loss & T Fase
I H BB R T A =AY, o H 5 S AR A Sl

K 6 JEoR T VORISR RVERERE,  F TR A e SR R AT 4 R RE . MIRREE R 5 120
AR, pRFZE, 00 1. 2. 3. 4 R BRI AR BRI TR . IR
FEFERT I, HMFENet IR AR AE R IMEE, Rl @ AERE BRI AN 5 H R 5% 20 B SBUICE  TH
RIS BLED o 1X R B HMFENet A5 J40571) HH 0 R s R 1, B R IX 43t S [ 20 P st b e

Rt — BB UE FTdE MSFE Block 5 2 A AR Rk, 40k 2 Bz, 7E RNN. LSTM Al Transformer
FEAERAY_EAR YOI MSFE Block A1 3 stages /2 2% AR T X oo BT SEIG I AE — SIS W B I 255
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Figure 6. Confusion matrices of different models

6. TEMRELRFREME

ML A = A FEERI L 25 Ok E, HMFENet £ A 3P 46 b5 E#AL T 481 RNNL LSTM M1
Transformer #8Y, 7E1ZAT55 FR/R THLH . RNN GZHc B F51E R, A 2K KE: LSTM AT
DAACEE 7 51 508, (HEEKTH). REME & L5 BB E N R SRIEIRIEMBLS, SEEMICEAE;
Transformer B 7Y B ARFEAL B P 21 EAARES, AE0) R i 2 R Ak () i FE e /A TR - AHEL 2T HMFENet
BT 2 REEFHESEEL,  Rets A ROhRG 2 Pt s 2, 32 mnR ol vEmh i Fl & etk .

Table 2. Comparison of ablation experiments
2. JHRRSEIEXTEE

i Al% P/% R/% F1/%
RNN 90.83 90.67 94.58 91.97
RNN + MSFE Block 93.33 95.27 93.31 94.06
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RNN + MSFE Block + 2 stages 94.17 94.60 95.26 94.87
RNN + MSFE Block + 3 stages 95.00 96.17 94.63 95.35
RNN + MSFE Block + 4 stages 91.67 91.32 94.62 92.55
LSTM 91.67 91.62 94.31 92.48

LSTM + MSFE Block 95.00 95.06 95.72 95.26

LSTM + MSFE Block + 2 stages 95.00 94.38 96.44 95.20
LSTM + MSFE Block + 3 stages 95.83 96.00 96.17 95.93
LSTM + MSFE Block + 4 stages 89.17 89.96 92.53 90.56
Transformer 95.83 95.32 96.89 95.87
Transformer + MSFE Block 96.67 96.02 97.46 96.61
Transformer + MSFE Block + 2 stages 93.33 92.76 95.64 93.77
Transformer + MSFE Block + 4 stages 74.17 78.45 85.07 76.97
HMFENet 97.50 97.27 97.91 97.53

4.5. TEIHEBEMEREXTEL

N T Bl HMFENet 752 2 &Rl G s i RIS g PERE, A ST 1 245 R HI
R U A AR, HAEZ S 85 5 70t b A B8 2 )RR B 2 ST R E R U DT LS
SR, BT SVM [17]. RF (Random Forest) [18]. XGBoost (Extreme Gradient Boosting) [19]45 45 i
F%, BN EETEAE R s G SRR 2 B B T2, BB BT EREE . IR B 5 2] SR 1 AT
SCHTATLEE) RNNL LSTM A Transformer #2484, i4ik#% 7 VggNet (Visual Geometry Group) [20]. ResNet
(Residual Network) [21]. DenseNet (Dense Convolutional Network) [22]#1 Swin Transformer [23]ixX L848R A
[FIVRFE . ANRNERSZ BF Bt LA [F) B R RS SRR SR AT V5

Table 3. Comparison table of different models
3. FEEE LR

PSR SVM RF  XGBoost VggNet ResNet Swin-T RNN  LSTM  Transformer =~ HMFENet

A (%) 80.49  89.43 90.24 9024 9187 88.62 90.83  91.67 95.83 97.50
P (%) 81.22  89.86 89.38 90.41 9106 8849 90.67 91.62 95.32 97.27
R (%) 86.70  90.85 92.01 91.89 9336 91.83 9458 9431 96.89 97.91
F1 (%) 81.90 90.31 90.53 90.90 91.99 89.64 9197 9248 95.87 97.53

W 3 It 7 HMFENet SA R ELZE R, MRS AT LLE 1, (L4852 I8 (I SVM.
RF. XGBoost) [ g et ik T8 B 2 ST AL (1 Vggnet. ResNet. Swin-T. RNN. LSTM. Transformer £/l
HMFENet) . 1X 3 22 K ORI FE 5 S B RS 78 O AU 1 8 2022 2] 51248, fiide 58 m 2 O BR RHAE,
A% G455 SIS B2 T N MR GURFE R AT 2 21, DR T AN g BB 27 o S R A 28 . R4 Swiin Trans-
former 7EFLE FEARMEMRHESRELEE 7), (HTEZEHREE AR 2R ARG, AT e =& Ry Hou & ok
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