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Abstract

With the widespread application of electrical automation equipment in industry, fault diagnosis
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and prediction technology has become an important research direction to ensure the reliability and
safety of equipment. This study focuses on the application of deep learning technology in the fault
diagnosis and prediction of electrical automation equipment. It systematically organizes the foun-
dational knowledge of deep learning and its current applications in related fields, conducting a com-
parative analysis of the advantages and limitations of different deep learning models, thus clarify-
ing the research positioning of this paper. On this basis, taking into account the types and charac-
teristics of electrical automation equipment faults, effective data collection and preprocessing
strategies are adopted, and feature extraction methods are employed to distill fault information.
This research further explores the practical application of deep learning models in fault diagnosis,
including key techniques such as model construction, training, and parameter optimization, and
validates the effectiveness of the model through experimentation. Additionally, for fault prediction,
a predictive model that aligns with the dynamic characteristics of faults is constructed, and case
analyses demonstrate its application potential in actual industrial environments. The results of this
study not only enhance the monitoring and maintenance efficiency of electrical automation equip-
ment but also contribute to the advancement of the intelligent manufacturing field.
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Table 1. Comparison of deep learning models
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Figure 1. Flowchart of deep learning model for fault diagnosis
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Table 2. Experimental results of fault diagnosis
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TESERRRL A, SR RO AN [FI A SR, 5520 A e e T e R 8, 1 R TR R RIS 1 /B, 2 71
B, 4 /NEF, 8 /NI Je 24 NI, $RAERIEILET T R

RS PR T ARG e STt i 5 T 00 P DG, e R RRAL T, 01 Grad-CAM 55, 3 BTS2 ) DT X 4k,
A S AR S R AR I A o 38 IR T VR TR B 2 S TR AL, 45558 T 2B B &%
KILIBATHRE AT, RE08 SER AR AT MBS W 5 T, B3R AR H A R & 1 e AV S AT EEE

5.2. FAMEEYHIAIE ST
FE (I TUREE S S R B i s S 2 W 5 B BRI 7T ) AR PN BoR &= v, XS
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H TIREE S MEZ(DBN) BN Z(CNN) H i ER(AE). JEHAIZ M2 (RNN), KR HCIZ M 4%
(LSTM). [ #1852 70(GRU) LA S Sl 2 J5 155 2 PR BE 2 S ek o R P SE B TE ke s I B 48 Bl
SRIFVPAL, DA 2 AR S BR B A 37 5t b B0 At .

Table 3. Predictive model performance evaluation table

3. FUMARRIME REITE IR
B HERE%) FHE%) ABRE%) Fl1oH%) JIGNEHE) ROC HLTHERAUC)

DBN 95.8 96.4 95.2 95.8 244 0.983
CNN 973 96.9 97.7 973 321 0.991
AE 92.5 93.1 92.0 92.5 136 0.969
RNN 94.7 95.0 94.4 94.6 299 0.978
LSTM 98.1 98.4 97.9 98.2 412 0.995
GRU 98.5 98.7 983 98.5 385 0.997
Ensemble 99.2 99.1 99.3 99.2 463 0.999

NRRER VS ST FE 4 SR & BEVE AT AT 524, PP A4 I A v i (6 F 42 RE 4R B B (B8 5K B SEBR ZA0 ] it
AR, A R RS A B RN T TARRAS . o “ PN R L REVE A 2R 7 Dy AT T 2 AR T
R, RPVERGCS T AR R TR AR RO, TR LB M S R R Y 2= R A 5T . B PR
K, AR TRV E T 2 AL SN T, R SR TERESR bR, W AUC EEGI T 5831
1, BERT R, RN, XA b B A (8] A0 53 Y% RE 7 I ) 22 5 B A 9 B P 41, i
AR ZRINT (5] 55 A B 25 5 1 R TR AE SR 2 37 53 B 8 T AT 1

W C A R K PAR B AR . R S A Skm S DAIRAT SCHR S BBt 7 R v 2, i
WAL WIS RS QU E . & TR ST (K S i 5 S HOR B AT, BB WAty DRI 76
FOREBIVERI AT I, AT BERIE TR BRI (e 22 B AE R T b iR B, R T 2B T AT )
AW TE T BAR A% O AE T G5 B IR L 210 0 B B B A B AT R R RRHER I W S T, O DLSEiR Ak
P UESEHSEBR N I, WIWR TG Y 7 IR B 2% ST AE i AU 2 W Uk A B 5 SEBR TR, O Jim B S
FPRM TR AT HRR LA

5.3. SEBRRL RARBISHT

FE LS A B A W12 T 5 T £ SR B FH 249, R DR AR s A 5 N T 96 B 5 = F g B 73
MRS, XSRS BE FAR AN F AT A6 0 B 25 AT IR DU AT R [ 73 M7 o 1% R G R F B A& 28 (CNN)
gk, sieAWEET7E, i 4000 2 EEE AT UIZE, SEONERE PR T Adam 4L E, 5
S EFBE N 0.001 6

WA AL BB OAE . R IR RENSE, 35 9 RN 1 kHz, Ll 5 AL H 5HHIE
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