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A study on the acquisition of steel mill rolling production data using
filters and preventive maintenance methods by improving the
efficiency of machine learning
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Abstract This study proposes a predictive maintenance scheduling model to optimize the cost and
improve useful life of machines in complex repairable systems. A preventive maintenance model was
applied using a developed Kalman filter and Bayesian machine learning to minimize the total
maintenance cost while maintaining a defined level of availability and stability. Maintenance costs
include loss costs due to random failures, repair costs, replacement costs, and total planned downtime
costs. Multi-level preventive maintenance measures such as inspection, repair, and replacement are
included in the overall planning period. An optimization model was used based on data from a rolling
process extracted from a smart-factory production-management system for a steel mill. A simulation was
performed to provide an optimal solution. A program in R was used to apply the Kalman filter and
Bayesian machine learning algorithm. To provide an optimal solution using an optimization model, a
Kalman filter and a Bayesian machine learning algorithm were applied using R. If the proposed
algorithm and mathematical model are used in a smart factory, it could improve competitiveness
through cost reduction by reducing maintenance costs by 8-10%.
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Table 1. The algorithm use cases for an machine

learning and Kalman filter for the
automation of predictive maintenance
Type Application Reference [Evaluation
Life Loss Mahoor et al.
Prediction [11] Vulner
RUL able to
KF (Time to Failure) Kwon et al. [12] precise
Prediction estimat
Anomaly Hovsepyan et al. ton.
detection [13-15]
Fault detection
and process line Isaacs et al.
maintenance [16-20]
notification
RUL prediction Rahul et al.
[21-27]
Vulnerab
Optimal le to
maintenance Shuai Guo [28] realtime
ML schedule
data
Automated Error Chen et al. process
Detection [29-31] ing.
Hybrid decision Cho et al. 32.33]
support
Machine learning
based on fuzzy Leung, C. K.[34]
logic
Error prediction
and dynamic Ullah et al. [35]
change
Data quality _ . Present
improvement and glG]Gharbl et al. methodo
analysis/prediction logy
t
State-of-charge c(;mple
estimation and He et al. [37]
ment
error reduction
each
Linear data other's
. processing and Agarwal et al. weaknes
Hybrid nonlinear [38-401 ses.
estimation However
ARMA and sensor ’ thef
information Manoj, K. S. [41] use o
. the
prediction
null
RUL prediction hypothes
and fast data Shuai Guo [28] is is
evaluation ignored.
Improved stability
and accuracy of Hsieh et al. [42]
received signals
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Fig. 1. A systematic schema of Kalman Filters
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Fig. 2. The results of Kalman Filtering
ref.: yl(upper level), y2(sensor-1 data, n=10x3,400),
y3(average), y4(lower level)
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