
Abstract: 

With ever increasing global competition, monitoring and diagnosis methods based on key 

performance indicator (KPI) are increasingly receiving attention in the process industry. 

Primarily due to the scale and complexity of modern automation processes, application of 

signal processing and model-based monitoring methods is too costly and time-consuming. On 

the other hand, due to the availability of cheap measurement and storage systems, a large 

amount of process and KPI data is obtained. As a result, developing data-driven KPI 

monitoring methods has become an area of great interest in both academics and industry. 

Therefore, this thesis is focused on the data-driven design of systematic KPI monitoring and 

diagnosis systems for industrial automation processes. 

Depending on the relationship between the low-level process variables and the high- level 

KPIs, industrial processes can be classified into three groups: 

1. Static processes (SPs) are those described by algebraic equations; 

2. Lumped-parameter processes (LPPs) are those described by ordinary differential 

equations; and 

3. Distributed-parameter processes (DPPs) are those described by partial differential 

equations. 

For each of these groups of processes, analytical redundancy plays a very important role when 

developing efficient process monitoring tools. For SPs, multivariate-statistics-based methods 

have been used. However, their applicability is restricted by high mathematical complexity, 

high design costs and low diagnostic performance. For this reason, an alternative improved 

method has been proposed in this thesis. For LPPs, complex model-based methods have been 

implemented. Therefore, to reduce the design costs required for monitoring LPPs, efficient 

Subspace identification based approaches are presented. Finally, since there are very few 



available model-based methods for DPPs, this thesis presents novel approaches for KPI 

monitoring in DPPs. For all these methods, the design procedures are based on the process I/O 

data and do not require advanced mathematical knowledge.  

After performance degradation has been detected, it is important to identify the root causes to 

prevent further losses. In industrial processes, performance degradation is more often caused 

by multiplicative faults. In this work, a new data-driven multiplicative fault diagnosis 

approach is proposed. This approach aims at assisting the maintenance personnel by 

narrowing down the investigation scope. As a result, overall equipment effectiveness (OEE) 

can be significantly improved. 

To show the effectiveness of the proposed approaches, case studies on the Tennessee Eastman 

benchmark process, the continuous stirred tank heater benchmark and the simulated drying 

section of a paper machine have been performed. The proposed methods worked successfully 

with these processes. 


