Recursive PCA of e-nose data for anaerobic digestion reactor state monitoring
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INTRODUCTION
Agricultural anaerobic digestion is a renewable energy of growing interest in Europe. Operators of on-farm anaerobic reactors aims at maximizing reactor feeding to increase gas production but high feeding rate may lead to organic overload and reactor collapse. Presently, there is no on-line solution to prevent this kind of disorders which lead to substantial reactor performance decrease [1]. This work aimed at evaluating the use of an e-nose for anaerobic reactor state monitoring through multivariate statistical process control techniques to answer the need for a simple and accurate on-line reactor state indicator for on-farm anaerobic digestion operators. 

MATERIAL AND METHOD
Four pilot-scale continuously stirred tank reactors were intensively monitored over a period of 300 days. Ammonia (NH4-N), pH and alkalinity were measured each day in the liquid phase while CH4, CO2, H2, H2S, gas production rate were measured in the gas phase every two hours. A home-made e-nose was also monitoring the gas phase and was switching automatically from one reactor to another each 30 min. The e-nose was composed of six metal oxide gas sensors and was working in cycle which were: i) sample uptake (1 min); ii) sample analysis (13 min); and iii) sensor flushing (14 min). Stabilized conductance of sample analysis cycle was employed for data analysis.

RESULTS AND DISCUSSION
Hotelling's T² and squared prediction error (SPE) were used as reactor state indicators. They were derived from the e-nose data through a PCA model applied as suggested by MacGregor and Kourti [2] for multivariate process monitoring. As shown in Figure 1, the reactor natural dynamics and sensor drifting deteriorated rapidly the performance of the PCA model where both T² and SPE constantly violate their limit from day 50. It was obvious that the changing conditions could not be covered by a static PCA model. Therefore, a recursive PCA model with an exponentially weighted forgetting factor was employed following the method of Li et al. [3]. The performance of the PCA model was strongly enhanced, as observed in Figure 2. T² and SPE values were compared to other monitored variables and presented a good ability to inform about process state. A slow and escalating ammonia inhibition was noticed and detected with both the T² and SPE values, while its detection was problematic with other state variables. Additionally, PCA model indicated reactor recovery period. Organic overload was also clearly detected but the disorder was observed with pH and alkalinity some days before the T² and SPE value. Globally, the e-nose apparatus, through adaptive PCA monitoring, presented really good results to indicate anaerobic reactor stability.
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Figure 2. Static PCA model process monitoring. Dotted bars represent the 95 and 99 % control limit.
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Figure 2. Recursive PCA model process monitoring. UCL=upper control limit.
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