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Introduction  
Over the last decade, filtration in membrane bioreactors (MBR) has been extensively studied 
since fouling is one of the main bottlenecks for the development of this technology (Santos et 
al. 2011). To help filtration management and design, different models have been proposed 
and calibrated, essentially on lab-scale and pilot-scale experiments. On the one hand 
mechanistic models based on physical filtration laws were proposed, resistances in series 
coupled with mass balances being the most common approach (e.g. Jiang et al.  2008; Busch 
et al. 2006; Li & Wang 2006; Sarioglu et al. 2012…). These models contain a large number 
of parameters and variables, such as sludge supernatant composition and especially soluble 
microbial products (SMP) concentration, shear stress, or size distribution of particles and 
membrane pores. On the other hand, empirical models based on statistical analysis of data can 
integrate unknown mechanisms in multivariate linear correlations (Jang et al. 2006; Tian et al. 
2011). In this study, a multivariate statistical approach was used to establish links between 
long-term fouling and variables usually measured or calculated on full-scale plants. The 
purpose is to identify relevant variables or groups of variables explaining long-term 
permeability evolution. 
 

Materials and Methods  
A 60,000 PE MBR plant (fig.1) in the Paris area was extensively monitored over nearly one 
year. Mixed liquor from the two biological treatment trains (anoxic, anaerobic and sequenced 
aerobic tanks) is mixed and then filtered by hollow fibre modules (Zeeweed 500d, Zenon) 
installed in four membrane tanks (MT). For 8 month (January-august 2011, fig.2), carbon 
(COD), nitrogen (NH4, NO3), and phosphorus concentrations in influent and permeate were 
measured by online sensors and laboratory analysis and the MLSS concentration was 
analysed in the reactors. Flows, TMP and other SCADA data were collected and analysed 
during the whole year 2011.  
A time series analysis program was implemented in R to isolate stable flux periods and 
improve the permeability calculations so as to integrate a correction of permeability for (i) 
temperature, (ii) head loss in permeate tubes, and (iii) pressure sensor drift. 
A multivariate statistical study was performed to find links between daily operational 
variables (flux, iron dose, coarse bubble aeration time, SRT, MLSS, MLVSS, temperature, 
organic load) and factors indicating permeability variations (daily average permeability, 
impact of backwashes, instantaneous permeability evolution, impact of maintenance 
cleanings). First, a Principal Component Analysis (PCA) was performed on all explanatory 
variables to reveal correlations between them and identify independent variables. Then, 
principal components were used as independent variables to model the long-term permeability 
evolution. Differences between predictions by the different principal components separately 
and by combinations of principal components were compared to emphasize which variables 
are more predictive for the evolution of the long-term permeability. 
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Results and discussion 
The four membrane tanks had significantly different fouling behaviour. Similar trends can be 
observed during some periods but never for the four MT simultaneously (fig.3). These 
differences cannot be explained by differences in concentrations of the fouling components in 
the sludge because the sludge of the two aeration tanks is mixed prior to filtration. The main 
trend is a cyclic evolution of permeability: it increases from January to June, and reduces 
from July on, with an acceleration of the fouling between October and November before 
intensive chemical cleanings. 
  
The PCA results show the fouling correlation between explanatory variables: the first 
principal component represents the solids contents of the sludge (SRT, MLSS) and 
temperature. The second component essentially represents membrane flux and aeration. The 
third component represents the iron injection (fig.4). When a multivariate model is calibrated 
on these three variables, the first principal component seems better correlated with fouling 
than the eight others (the results with the first three components are shown in fig.5), while a 
combination of the first three principal components gives a better result. 
Unfortunately, the measured variables inside this first component are too correlated to allow 
discerning effects of each on the membrane fouling. Furthermore, principal components 
weights in multivariate models differ from one MT to another. 
 
Some authors found a correlation between temperature and membrane fouling (Rosenberger 
et al. 2006, van den Brink et al. 2011) to explain seasonal variations of permeability. In our 
case, the membrane permeability variations seem not to be correlated with it (for example a 
permeability decrease occurs before the temperature decrease in MT1, 3 and 4). For other 
authors, a high SRT which is supposed to influence the SMP concentration (Rosenberger et 
al. 2006) can have a positive impact on permeability. In the monitored plant the variations in 
SRT were limited to the range of 50-70d and out of the range 10-50d that are supposed to 
impact quantities of SMP (Kimura et al. 2009; Miyoshi et al. 2009; Liang et al. 2009: Al-
Halbouni et al. 2008; Malamis & Andreadakis, 2009). Even if severe fouling periods seem to 
occur in the four membrane tanks, they don’t occur at the same time. It emphasizes the limits 
of statistical analysis for determining the causes of fouling. To deal with these limits, a more 
mechanistic approach could be chosen: for instance one could explain the permeability 
decreases by the spatial heterogeneity of membrane fouling with complete pore blocking 
models. Some authors (Li&Wang 2006 or Jiang et al. 2007) emphasize the fact that when 
parts of a membrane are severely fouled, the local flux on another area of the membrane 
increases until reaching a critical flux that leads to severe fouling of membrane. The history of 
each filtration unit should probably be included in the analysis for a better prediction. Further 
experimental work is required to confirm this hypothesis. 
 

Conclusion 
An improved permeability calculation procedure was used to better understand full-scale 
filtration behaviour in a full-scale MBR. Long-term monitoring of four membrane filtration 
modules in parallel allows emphasizing phenomena that are not visible on the short-term and 
are not reproducible on the four membrane tanks. It appears that among the explanatory 
variables used, a combination of SRT, MLSS, F:M ratio, pH and temperature is best to 
represent the long-term drifts of permeability. But this approach fails at quantifying 
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homogenously permeability of the four MT and at predicting rapid fouling events. A 
complementary mechanistic approach based on historical data could help to explain 
phenomena like pore blocking or fiber network clogging. 
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Figures 
 

 
Figure 1: Schematic plant layout 

 
 
Tableau 1: Main operational variables 

 
 
 
 
 
 

Design capacity 60 000 P.E 
Mean influent flow (January-August 2011) 8200 m3/d 
Activated sludge tanks volume 2 x 7550 m3 

Membrane tanks volume 4 x 70 m3 

Pretreatment Grit removal, fat removal, sieving 0.8mm 
SRT 50 – 70 d 
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HRT (for mean flow rate) 38 h 
Membrane type Hollow fibre ZEEWEED 500d (Zenon) 
Mean pore size 0.04µm 
Material PVDF 
Membrane area 4 x 4550 m2 

Filtration flux 10 - 50 LMH M
em

b
ra

n
es

 

Instantaneous SADm 0.62 Nm3/m2/h (50% time) 
Mean organic loading 4200 kgCOD/d 
Mean F:M 0.052 kgCOD/kgMLVSS/d 
MLSS (aeration tanks) 5 – 9 g/L 
MLSS (membrane tanks) 6 – 10 g/L 
Temperature 10 – 21 °C 
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Iron dose 400 kgFeCl3/d (winter)  
1400 kgFeCl3/d (summer) 
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Figure 2: Evolution of main operational variables during the monitored period (for MLSS, the solid line is 

the on-line measurement and the dashed line is the estimation from dry matter analysis) 
 
 
 

 
Figure 3: Corrected permeability variation in the four membrane tanks. Arrows indicate chemical 

cleaning of the respective tanks 
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Figure 4: Contribution of the eight explanatory variables on the first three among eight principal 

components of PCA  
 

 
Figure 5: Results of modeling on the MT1 permeability evolution with each of the three first principal 

components separately and with the three together 
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