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Highlights
· A novel and effective framework for root cause diagnosis.
· Applicable to both single fault and multiple faults.
· Integrating mechanistic model, pattern matching and optimisation.

1. Introduction
With increasing demand on process safety, fault detection and diagnosis (FDD) has attracted considerable attentions [1]. Despite the significant success in fault detection and isolation, root cause analysis remains a challenge for data-driven methods [2]. On the other hand, dynamic process simulations, based on mechanistic models, encapsulate a large amount of process knowledge especially the causal information, thus could be an effective tool in root cause diagnosis. Although hybrid mechanistic-empirical modelling is well known, its application in FDD for medium-to-large scale industrial processes has not been well explored. In this work, a generic root cause analysis method applicable to both single and multiple faults is developed by use of mechanistic model and pattern matching technique. Case study with the Tennessee Eastman (TE) process [3] is conducted to demonstrate its effectiveness, and the current limitations and potential solutions are discussed.
2. Methods


Figure 1.  Flowchart of the proposed root cause analysis method.
The proposed strategy is summarised in Figure 1. Firstly, a fault database is built by simulating process faults at different magnitudes offline. Then, the operational data sample is compared with the database to screen fault candidates. From the candidates, the root cause is further confirmed by use of an optimisation based fault reconstruction method, in which a multi-objective optimisaiton algorithm (NSGA-II: Non-dominated Sorting Generic Algorithm II [4]) is used to search for the root cause of the fault based on pattern matching [5] and process simulations. Two similarity metrics are employed in the pattern matching, i.e. PCA similarity (Spca) and Mahalanobis distance similarity (Sdist). Spca measures the similarity between datasets by relative angles between their principle components while Sdist by the distance between their centers.
3. Results and discussion
[bookmark: _GoBack]Figure 2(a) and 2(b) show the results in diagnosing single fault (caused by IDV1) and multiple faults (caused by IDV1+IDV7), respectively, in which IDV indicates the disturbances as described in [3]. Similarities (Spca and Sdist) displayed in Figure 2 represent the average values over individuals at each iterations in the optimisation. Figure 2(a) successfully identifies IDV1 as root cause of the single fault due to its much improved similarity values after optimisation. In Figure 2(b), the similarities of all the candidates are still low (symbols connected by solid line) after optimisation. Considering multiple faults scenario, we further evaluate candidate combinations and identify IDV1+IDV7 (the red dotted line) as the root cause due to its much improved similarities.
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Figure 2  Similarity of candidates after fault reconstruction; I(i) indicates the i-th iteration during the optimisation.
4. Conclusions
This work proposes a novel root cause diagnosis method and demonstrated its effectiveness with the TE process. It is worthy to note its effectiveness depends largely on two aspect: 1) real-time model update technique to lessen model-plant mismatch; 2) pattern matching method effectively extracts similar features between operational and simulated dataset.
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