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Engineering faces global transition: from predicting failures and remaining useful lifetimes (RULs) to 

optimizing operations and maintenance (O&M) of assets in a production system. Developments has been carried 
out in the field of condition monitoring and fault prediction. Next step has to be the integration of fault prediction 
and maintenance and repair scheduling techniques into production planning. A new framework was developed 
utilizing the updated RUL prognostics during the decision-making stage (Nguyen and Medjaher, 2019). Recently, 
plentiful research has been conducted to establish the connection between prognostics and decisions (de Pater, 
Reijns and Mitici, 2022; Mitici, de Pater, Barros and Zeng, 2023). 

The widespread adoption of smart and intelligent devices and techniques generate vast amount of monitoring 
data, which help make decisions for a smart manufacturing. Smart manufacturing can be defined as making 
information as well as manufacturing procedures available as and when required, such that it is possible to make 
decisions regarding the course of any critical business operation (Petersen, 2020). Both maintenance scheduling 
and production planning are core factors for a smart manufacturing system. Extensive literature has focused on 
the joint optimization for maintenance and production planning, but few of them make full use of monitoring data. 

Our aim is to establish a data-driven intelligent optimization approach which solves the real-time joint O&M 
decision-making problem under uncertain demand. 

In this study, we consider the joint decision making on production operations and asset maintenance for a 
production system, considering the dynamic market demand and stochastic degradation of machines.  

The production system includes a fleet of machines with the same degradation characteristics. The degradation 
levels of the machines determine their RULs, which are predicted based on the online degradation data. The 
machines can undergo preventive maintenance for a working machine in good conditions or emergency 
maintenance for a failed or nearly failed machine, and the maintenance restores the machines to as-good-as-new 
condition. A machine under maintenance is unable to make production. It takes one period to accomplish the 
entire procedure of maintenance including teardown and setup. The demands are predicted based on historical 
data and the predicted demands are regarded as deterministic input for an optimization model. The surplus items 
over the demand incurs the holding cost, while the unmet demand incurs the lost-sale lost. The decisions for each 
period, including the production plan, maintenance policy, and transaction tactics, need to be made at the 
beginning of a period with the aid of prediction of RULs and forecast of demands. 

 To solve the above-mentioned integrated optimization problem over infinite periods, a rolling horizon (RH) 
schema is used. The RH schema can decompose the large-scale problem into a series of subproblems with the 
same structure and has been successfully applied to address lot-sizing problems (Glomb, Liers and . 
The -th iteration of RH considers a finite planning horizon of  periods (periods . 
Adopting the RH schema, we propose an online real-time predictive maintenance and production planning 
(PdM&PP) approach. Figure 1 presents the outline of the proposed approach, including four interactive modules. 
The RUL prediction model is trained with historical database and makes online RUL prediction using the latest 
collected degradation data. In the demand forecast module, the demands for the coming  periods are forecasted 
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using historical data or other information from market department. The joint optimization module establishes a 
mixed integer linear programming (MILP) over  periods at each iteration. The linearity in the optimization 
model ensures the real-time solution, which can be obtained using well-developed linear programming algorithms. 
In the system production module, only the O&M decisions for the current period induced from the solution are 
implemented. The simulation method can be developed to mimic the operations of the production system. Then, 
the system status changes over a period and is tallied at the end of the period.  

Simulation results 
To show effectiveness of the PdM&PP approach, results of four policies are compared by Monte Carlo 

simulation experiments. Policy 1 is induced from the PdM&PP approach with CNN as its RUL prediction model 
and Holt-Winters as demands forecaster. Policy 2 uses the same framework as the PdM&PP but adopts the 
lifetime-distribution based RUL prediction. Policy 2 does not use the online degradation data and RUL prediction. 
Policy 3 makes the maintenance schedule and determines the production operations seperately over the entire 
simulation horizon (Chen, Zhu, Shi, Lu and Jiang, 2021). Policy 4 makes the O&M decisions sythetically with 
the assumptiont that the true RULs and demands are known and used in the joint MILP optimiztion model. Policy 
4 is the case with perfect information and is unrealistic. Figure 2 shows the simulation results, verifying the 
effectiveness of the PdM&PP approach. Particularly, Policy 3 performs the worst, implying that the integration of 
O&M decisions is superior. Policy 1 outperforms Policy 2, implying that using online degradation data is 
superior to the lifetime-distribution based RUL prediction that uses historical data. Policy 2 generates the results 
close to Policy 4, implying the goodness of the PdM&PP approach as Policy 4 is the perfect case. 
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Fig. 2. Comparative analysis of different polices 

Fig. 1. Outline of the PdM&PP approach 
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