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Abstract

Insulated gate bipolar transistor (IGBT) is a semiconductor device commonly used in power elec-
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tronic devices. It has a wide range of applications in power conversion and drive systems, and its
stability and reliability are of great significance for power systems and industrial applications.
Traditional data-driven methods cannot achieve uniformity for different scenarios, and their pre-
diction process is not intuitive enough. This article proposes a more universal and direct method
for predicting the remaining lifespan of IGBT. Firstly, the steady-state and transient data during
accelerated aging of IGBT are analyzed, and 9 characteristic factors related to aging are extracted.
A convolutional neural network model for predicting the remaining lifespan of IGBT is estab-
lished, and optimized using genetic algorithm to improve the performance and convergence speed
of the prediction model. The results show that the improved convolutional neural network predic-
tion model based on genetic algorithm has high accuracy and small error, and can more accurately
predict the remaining life of IGBT compared to SVR, MLP, and CNN networks.
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Figure 1. CNN structure
E 1. ERMEMEEEREE

R AL, FAE AR AR R AT 3R, DR N AR AE . BRRE M E—
JEARE M — NSOy, SRR BRI RRR T, BRI DO R G R A 2T
fi, BIRIRRIEARE R . 35, FHEEDE T AT T AT BRI, RABRIERLR . il
g, BRETERERIILK(), RGBSR, W 2528 0N IR :

output _size = roor(iﬂj @)
s

AXrf,  floor BoRBUEREL | RaafiNILK, f BREHRZILK.
WAL Z B HEEERZ 2 )G, B A S 31T 55008 FoR G R Z 5 H R 4E 4L, BRAR )54
MENGEIRE. WLERWM TR P ki, AR TR,
Y pool_avg =avg(x[i, i]).ieLk]. je[LK] 2
Y pool_max :max(x[i,j]),i e[Lk], je[LK] (3)
L BRAWALIE S, BE—NLERR BN T — g E R, (EAm NS ERE, &
2 SE R IE RS 2 IO, IR RIM T R, SE o ZRE T .
ENNGEERMPE KN, FEERNSHOR: BFZ. SEREENBED G R S5, W

DOI: 10.12677/sea.2023.126092 942 B TR


https://doi.org/10.12677/sea.2023.126092

T %

NG R Z R EYIRERWE KR, BVIESHECNBENL=E, R RS0 K R ol Fllesh, 159308 5
fife, 2 FRONIAS BE[14] [15].

2.2, IBMEEE

AL SR MR R R AT, EMEEIAE A A, TR B 22 SO 57 #4 ,
PR RERE A IR A, SRR AHE AL B R A 8] PR (1 X, e YR — B RIS N AR
A, T SRAS i BRI B [16] [17] [18]. AR SEEA RIFRIEHMEN & R RAE S, FIAR EER

PRI 2 iR
(1) QUBRIARFEE: WIAE N2 BEHLIL FE 1 — 2 R AR (K)o I 8 R (1 K BL S BB
(2) TGN : 38 N PR B A E O BE S IMR TR o X T HIaE R, RIS SAT —Ik, )5

FEN LR 2 XRS5, FXEEASHT—RAT. TGN T2 IS H BOB & A
ONIE R FEAG Y e A AR S A o TT 58, RIS SR R T & N R A5 23 I B KA

(3) iEFE AZSCRARSE: Fiks®, A2 SCRFRARMMAL ST N BRI R, 5™ 4 73— o — R
T A AR B AR . IR FRARAE SSTAE AT AR IR LA B SRR I E A A
JaAs A2 SR AT LUK QU MA ) — D s A Qe R E BE LI AT 22 1L

afFhEE
) }
= %Y
JE A
Bled ==

" sEnE

BRIRETEE

Figure 2. Genetic algorithm structure
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Figure 3. GA-CNN structure
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Table 1. Extracted features
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Mean u=Y " s /N
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Table 2. Structural parameters of convolutional neural networks
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Figure 4. RUL predictionresults
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Figure 5. Comparison of RUL prediction results
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Table 3. The errors of RUL prediction
= 3. HFaTMIREX L

A R RMSE MAE
SVR 82.16% 55.64 41.62
MLP 92.92% 35.06 28.01
CNN 96.68% 23.22 17.87
GA-CNN 98.43% 16.47 13.04
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