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Abstract; Fault diagnosis based on deep learning is an important research direction in the intelligent management of industrial safety.
Failures frequently occur in the actual industry production, leading to reduced production efficiency, and in severe cases, production
stoppages or even casualties. Due to the complex and variable production environment, fault features are difficult to extract and
recognize, andreal-time monitoring and rapid diagnosis are required at industrial sites. Traditional fault diagnosis methods typically rely
on expert experience for feature extraction and pattern recognition, which makes them difficult to adapt to the complex and dynamic
industrial environments. To address these issues, a deep learning based multimodal industrial fault diagnosis ( DMIFD) method is
proposed. Extreme gradient boosting ( XGBoost) is employed to select process parameters related to industrial faults, which are then

used as the multimodal input data for the model. The deep extreme learning machine (DELM) is used to extract nonlinear and high-
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dimensional features from the production process parameters to identify equipment in abnormal states. The key parameters of DELM are

optimised using the frost and ice optimisation algorithm ( FIOA) to achieve optimal model performance. The RIME-DELM module

outputs equipment samples in normal states, while the samples of abnormal equipment are further input into a deep belief network

(DBN) and a least minimal squares support vector machine (LSSVM) to perform specific fault type classification. The proposed method

is applied to the aluminium electrolysis production process to validate its effectiveness. Field conducted in an aluminum electrolysis plant

show that the model achieves an abnormal state detection accuracy of 97. 96% , an Fl-score of 0. 975 3, a fault type diagnostic accuracy

of 96.75% , and a Macro-F1 score of 0.944 7. Compared with common deep learning models and through ablation experiments, the

DMIFD model demonstrates higher diagnostic accuracy and provides more accurate and reliable support for fault diagnosis in practical

industrial production.

Keywords : deep learning; fault diagnosis; multimodal fusion; neural networks; process control
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Fig. 1 RIME-DELM algorithm flow chart
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Fig.2 DMIFD model structure diagram
*£1 DMIFD #E S5 E ActivF,C) ;
Table 1 Parameters of DMIFD model [ Best_score, Best_pos, Curve ] = RIME ( popsize , Max_iteration,
e 2H H Ib,ub,dim,fobj) ;
DELM
[iiis e 40
PE— ELMAEhiddenLayer =[8,40 ]
e KRB KA 30
RIME AR ActivF = ‘hardlim’
PUE T3 -1 .
C = inf;
U L 5 ! BestWeight = Best_pos;
Fe )2 4 3 OutWeight = DELMTrainWithInitial ( BestWeight, p_train, t_train,
DELM [ A 40 ELMAEhiddenLayer, ActivF,C) ;
RV ESY 0.01 T _ siml = DELMPredict ( p _ train, OutWeight,
24 ) ELMAEhiddenLayer) ;
K123 30 T _ sim2 = DELMPredict ( p _ test, OutWeight,
I SN EDSN
DBN hj ELMAEhiddenLayer) ;
=SSP . 001
AR 000 [ accurany, flscore] = evaluate(T_test, ylabel) ;
EARIEL 2 000 DBN-LSSVM
BHRBEH 30 f_ = size(p_train, 1);
FES S5 100 hidden =[f_, 30, 30]
LSSVM
IE N4k 5% 0. 01 Ir_rbm = 0.001;
B s RBF epoch_rbm = 2 000;
type = ‘¢’

kernel_type = ‘RBF_kernel’ ;
codefct = ‘ code_OneVsOne’

DMIFD BB A 1 iR,

%k 1. DMIFD &% g = 30;
c = 100;
WA WI = stepdbn( p_train, hidden, lr_rbm, epoch_rbm) ;
x=load( ‘ your_dataset_features. mat’ ) ; Feather_1 = dbn_ff( p_train, hidden, WT) ;
y=load ( ‘ your_dataset_labels. mat’ ) ; Feather_2 = dbn_ff(p_test, hidden, WI) ;
RIME model = initlssvm ( Feather_1,t_train, type, ¢, g, kernel _type,
popsize = 40; Max_iteration = 30; Ib = —=1; ub = 1; codefct) ;

fobj = @ (X) fun (X, p _train, t _train, ELMAEhiddenLayer, model = trainlssvm('model) ;
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t_siml = simlssvm(model, Feather_1) ;
t_sim2 = simlssvm( model, Feather_2) ;

[accurany, flscore] = evaluate(T_test, ylabel) ;
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Fig.3  Aluminium electrolysis process flow chart
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Table 2 Data acquisition information
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based on process parameters
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Table 3 Process parameters related to aluminium

electrolytic cell conditions
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Table 4 Aluminium electrolysis cell condition classification

evaluation indicators
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HKFAA =5 em BAR/KE>30 em SEHK
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Table 5 Aluminum electrolytic cell condition label and

sample distribution
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Fig. 6  Abnormal state detection results of DMIFD model
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