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1.1. Abstract 

The presence of micropollutants in the environment has triggered research on quantifying 

and predicting their fate in wastewater treatment plants (WWTPs). Since the removal of 

micropollutants is highly related to conventional pollutant removal and affected by 

hydraulics, aeration, biomass composition and solids concentration, the fate of these 

conventional pollutants and characteristics must be well predicted before tackling models 

to predict the fate of micropollutants. In light of this, the current paper presents the 

dynamic modelling of conventional pollutants undergoing activated sludge treatment 

using a limited set of additional daily composite data besides the routine data collected at 

a WWTP over one year. Results showed that as a basis for modelling the removal of 

micropollutants, the Bürger-Diehl settler model was found to capture the actual effluent 

total suspended solids (TSS) concentrations more efficiently than the Takács model by 

explicitly modelling the overflow boundary. Results also demonstrated that particular 

attention must be given to characterizing incoming TSS to obtain a representative solids 

balance in the presence of a chemically enhanced primary treatment, which is key to 

predict the fate of micropollutants.  

Keywords: Activated sludge modelling, Conventional pollutants, Contaminants of 

emerging concern, Influent characterization, Solids balance 

1.2. Introduction 

Conventional pollutant modelling in activated sludge wastewater treatment plants 

(WWTPs) has been carried out for purposes of design and control (Demey et al., 2001; 
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Mulder et al., 1997), optimization (Printemps, Baudin, Dormoy, Zug, & Vanrolleghem, 

2004; Weijers et al., 2012), process upgrades (Coen et al., 1996) and for evaluation of 

greenhouse gas emissions (Guo & Vanrolleghem, 2014). Such modelling activity 

involves purpose-dependent calibration of models representing the bioreactor and the 

settler, which are the two essential constituents of an activated sludge plant. A series of 

Activated Sludge Models (ASMs) have been developed by Mogens Henze et al. (1999) as 

a tool to model bioreactors, and the implementation of these models for dynamic 

modelling of conventional activated sludge units began in the late 1970s (Smith & 

Dudley, 1998).  

 

In addition to the bioreactor model, a representative secondary settler model is essential 

for accurate modelling of the bioprocesses in the bioreactors as the return sludge from the 

settler influences the solids balance in the whole system (Smith & Dudley, 1998). The 1-

D 10-layer Takács model (Takács, Patry, & Nolasco, 1991) has long been the most 

widely used model to describe the settling dynamics in secondary settlers. A more 

advanced model was developed later, the Bürger-Diehl model (Bürger, Diehl, Farås, & 

Nopens, 2012; Bürger, Diehl, & Nopens, 2011), that calculates the flux between the 

layers in a more mathematically sound way, as well as allows the addition of 

compression settling (i.e. settling due to compressive forces) and inlet dispersion (i.e. 

mixing around the inlet region). This model also explicitly takes the overflow and 

underflow boundaries into account to better represent the flows leaving the settler 

(Bürger et al., 2012; Bürger et al., 2011). The Bürger-Diehl model was applied by Torfs, 

Maere, Bürger, Diehl, and Nopens (2015) and its benefits over the Takács model were 

discussed in the same study. Besides the selection of a suitable settler model, proper 

characterization of incoming solids in terms of model components is essential to achieve 

a proper solids balance (Rieger et al., 2013). Proper characterization of the influent 

organics is also essential, as it affects the system’s solids mass balance. Characterization 

of incoming solids can be either based on chemical oxygen demand (COD) or total 

suspended solids (TSS) measurements (Rieger et al., 2013). There is currently, however, 

little information in the literature on the impact of the chemically enhanced primary 

treatment (CEPT) preceding the activated sludge treatment on the solids composition in 
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the input stream to the activated sludge unit. 

 

Investigating the fate of micropollutants of emerging concern, such as pharmaceuticals, 

personal care products and hormones in conventional wastewater treatment processes has 

been gaining attention due to their presence in ecosystems and their proven adverse 

effects on the aquatic environment (Clouzot et al., 2013). Several models have been built 

to predict the fate of different types of micropollutants in WWTPs (Dionisi et al., 2006; 

Lindblom, Press-Kristensen, Vanrolleghem, Mikkelsen, & Henze, 2009; Plósz, Langford, 

& Thomas, 2012; Urase & Kikuta, 2005; Vezzaro et al., 2014). Among these efforts is 

the extension of the ASM No. 2d model, which is among the commonly-used ASMs 

(Mogens Henze et al., 1999), under the ScorePP Project to include the fate of 

micropollutants (Vezzaro et al., 2014). The main processes considered to influence the 

fate of micropollutants in WWTPs are biodegradation, sorption, photolysis, volatilization 

and hydrolysis (Rogers, 1996). The extent to which these processes remove 

micropollutants from wastewater depends on a number of conditions, including the 

oxygen supply that affects volatilization, the solids concentration that affects adsorption, 

as well as the solids retention time (SRT) that influences the diversity of biomass and the 

presence of slowly growing microorganisms, both of which are associated with a higher 

degree of micropollutant biodegradation (Kreuzinger, Clara, Strenn, & Kroiss, 2004; 

Suarez, Lema, & Omil, 2010). For example, the presence of nitrifying biomass, which is 

one type of slowly growing microorganisms, has been shown to correspond to improved 

biodegradation of miropollutants (Suarez et al., 2010). The abundance of nitrifying 

biomass can be indicated by the removal of its main substrate, ammonia. In this context, 

it is important to stress that if the goal of the modelling exercise is to model 

micropollutants, it is not necessary to predict the detailed diurnal variations in the 

concentration of ammonia, but it suffices to capture the general ammonia removal in 

order to get a proper estimate of the nitrifying biomass. Hence, the emphasis of the 

conventional pollutants calibration exercise should be adapted to its final goal (i.e. 

supporting proper modelling of the fate of micropollutants in this context). 

 

This paper presents a procedure for the calibration of a conventional activated sludge 
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model based on standard data available from WWTPs (i.e. with a minimal additional 

sampling effort) for the specific objective of a subsequent development and calibration of 

a micropollutant model that is tackled in another study. The conventional pollutant 

modelling involved hydraulic modelling of the WWTP, selection of a bioreactor and a 

settler model and subsequent calibration of the submodels. Particular emphasis was put 

on the prediction of the overall profile of oxygen concentration, the solids inventory and 

the solids retention time (SRT) as these are the most important variables influencing the 

micropollutant removal processes. The modelling approach also aimed at providing 

insights on the characterization of incoming wastewater when modelling activated sludge 

systems that are preceded by CEPT.  

1.3. Methodology 

1.3.1. WWTP 

The WWTP under study is located in Guelph, Ontario. The main characteristics of this 

WWTP are summarized in Table 1, and the schematic of the WWTP is presented in 

Figure 1. Preliminary treatment is achieved by screening and aerated grit removal, after 

which ferric chloride (37-45%) is added at a rate of 1 L/min and the load is split into four 

treatment lines. Each of these lines consists of two primary clarifiers, two aeration tanks 

and one or two secondary clarifiers in parallel. The incoming flow rate to each of these 

lines is different, with line 1 receiving the highest flow. For this paper, only the activated 

sludge unit (aeration tanks and secondary clarifier) of the first line was investigated. Each 

of the two parallel aeration tanks (East and West) in line 1 contains three passes in series. 

The combined effluent of both aeration tanks is directed to one secondary clarifier. 

Following secondary treatment, the recombined effluent of the lines enters rotating 

biological contactors (RBCs), followed by sand filtration for tertiary treatment. RBCs and 

sand filtration were installed to ensure that the TSS and ammonia levels at the final 

effluent meet environmental regulations. The final effluent disinfected by chlorination is 

discharged into a nearby river.  
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Figure 1 Schematic of the Guelph WWTP. Wastewater streams are represented by continuous lines and 
sludge streams by dashed lines. 

Table 1 Main characteristics of the studied WWTP, as well as the average hydraulic retention time (HRT), 
average solids retention time (SRT) and average temperature (T) over July 21-24 2014 in the first activated 
sludge line (line 1) 

Characteristic  Treatment stage Guelph  
Population served 135,000 
Design capacity (m3/d) 64,000 
Average incoming flow rate (m3/d) 50,750 

HRT (h) 
Primary clarifier (line 1) 3.72 
Aeration tanks (line 1) 30 
Secondary clarifier (line 1) 2.90 

SRT (days)                     Line 1 7.76 
Average T (°C) 20 

 

1.3.2. Data collection 

Flow rates of aqueous and sludge streams exiting line 1, as well as the volumes of the 

individual units were obtained from the operators at the WWTP. Table 2 gives an 

overview of the characteristics monitored at the different sampling locations, as well as 

the frequencies of the measurements. At the primary and secondary effluents, samples 

were collected by onsite Hach Sigma samplers as daily flow-proportional composites. In 

the aeration tanks, grab samples were collected for the analysis of the Mixed Liquor 

Suspended Solids (MLSS) and Mixed Liquor Volatile Suspended Solids (MLVSS). 

Routine measurements that were performed onsite every few days were acquired from the 

WWTP over one year and are denoted as “Y” in Table 2. These include Chemical 

Aeration 
tank (East)

Secondary 
clarifier

Primary 
clarification RBCs

Sand 
Filtration

Line%2
Line%3
Line%4

Line%1

Aeration 
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Oxygen Demand (COD), Total Suspended Solids (TSS), Total Kjeldahl Nitrogen (TKN) 

and Nitrite and Nitrate Nitrogen (NO2 & NO3, respectively). The remaining 

measurements, denoted “S”, were performed in a sampling and measurement campaign 

performed over three consecutive dry days in July 2014 and include soluble Chemical 

Oxygen Demand (CODs), 5-day Biological Oxygen Demand (BOD5), Ammonium 

nitrogen (NH4), Total Phosphorus (P) and alkalinity. Analysis for all measurements was 

performed by the onsite lab, following APHA/AWWA protocols outlined by Rice, Baird, 

Eaton, and Clesceri (2012). Online dissolved oxygen concentration (DO) measurements 

were available from onsite oxygen sensors installed at the first and third pass of both 

aeration trains. For all output figures (Figures 2-5), the time axis begins in July and ends 

in June the following year, with the winter period falling in the middle of the axis. 

Table 2 Schedule of the monitoring of wastewater characteristics in the primary effluent, the secondary 
effluent, the waste sludge and inside aeration tanks, including measurements performed frequently over the 
year (Y) and those performed over a few days in the summer (S) during a more intensive measurement 
campaign. 

Variable COD CODs BOD5 TSS TKN NH4 P Alkalinity NO2 & NO3 DO 

Primary effluent  Y(1) a Sa S Y (1) Y (2) S S S - - 
Aeration tanks - - - Y (1)b - - - - - Online 
Secondary effluent  Y(2)  S - Y (2) Y (2) S - - Y (2) - 
Waste sludge - - - Y (1) - - - - - - 
a S: represents measurements collected over three days in the summer of 2014 (July 21-July 24). Y: represents 
measurements collected from July 2013 to July 2014 with the frequency (times per week) between brackets, b This 
included MLSS and MLVSS  
 

1.3.3. Simulation environment and model bases  

Simulations were carried out with the WEST modelling and simulation software (Mike 

Powered by DHI, Hørsholm, Denmark). The ASM2dTemp modelbase available in the 

WEST software was used to describe the bioreactor processes. For the secondary settler, 

the widely-used Takács all fractions propagator model (Takács et al., 1991; 

Vanrolleghem & Nopens, 2014) and the more recent Bürger-Diehl model (Bürger et al., 

2012) were each tested for the system under study.	
  

1.3.4. Hydraulic calibration 
Hydraulic calibration of the activated sludge unit under study has been performed earlier, 

and details on the results can be found elsewhere (Baalbaki et al., 2016). In brief, HOBO 
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conductivity loggers (Hoskin Scientific, St-Laurent, QC, Canada) were deployed over a 

period of three weeks (June 12 – July 8, 2014) at the primary effluent, aeration tank 

effluent and secondary effluent to collect electrical conductivity data (one reading per 

minute). The measured conductivity was used as a tracer for the hydraulic calibration, 

along with the volumes of the treatment units and flow rates. After varying the number of 

tanks in series and the influent layer of the settlers, the final layout that describes the 

hydraulic behaviour of the activated sludge was decided based on minimizing the root 

mean square error (RMSE) between the predicted and the measured conductivity trends. 

The best-fit model structure consisted of three aeration tanks in series and one secondary 

clarifier with the feed stream entering at the mid layer (Baalbaki et al., 2016). In the final 

model structure, it was necessary to separately consider the two parallel trains of aeration 

tanks (i.e. two parallel trains of three tanks in series) to capture the distinct hydraulic 

behaviour of each train, since the incoming wastewater and return sludge flow rates are 

observed to be different for each train. 

1.3.5. Influent characterization 

Characterization of the chemical oxygen demand (COD) in the influent was performed 

following the STOWA guidelines for modelling with ASM (Roeleveld & Van 

Loosdrecht, 2002; STOWA, 1996). This protocol was chosen over other fractionation 

protocols (e.g. Melcer et al. (2003)) for its simplicity and reduced need of measurements. 

The COD was fractionated into four main components, as illustrated in Table 3: inert 

soluble fraction (SI), biodegradable soluble fraction (SS), slowly biodegradable particulate 

fraction (Xs) and inert particulate fraction (XI). The differentiation between soluble and 

particulate material for ASM models is based by convention on a filter size of 0.45 µm. 

Following the STOWA protocol (Roeleveld & Van Loosdrecht, 2002; STOWA, 1996), 

the SI fraction was assumed to be equal to the soluble COD measurement that remains in 

the effluent. The SS fraction was obtained by subtracting the inert soluble COD (SI) from 

the measured soluble COD in the influent. The Xs was obtained from the total 

biodegradable material, which is estimated by the ultimate BOD (i.e. at time infinity) 

extrapolated from the measured BOD5. Finally, the XI fraction was found as the 

difference between the total COD measurement and the previously defined fractions. 
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These calculations were performed over the three dry summer days of the sampling 

campaign and the obtained fractions were applied for the whole year.  

 

Details of the TSS fractionation are also illustrated in Table 3. A common approach to 

fractionate the TSS in the influent to the model is by using the particulate COD 

concentrations as a basis (e.g. by using a fixed TSS/COD ratio which is by default 0.75 

for non-biomass and 0.9 for biomass (Mogens Henze et al., 1999)). This will be referred 

to as the COD-based TSS. The used influent TSS/COD ratios assume a certain fixed 

amount of inorganic suspended solids (i.e. iSS, such as minerals) that are not measured as 

COD (Mogens Henze et al., 1999). These ratios can be adjusted by the modeller to vary 

the quantity of iSS that needs to be included to fit the measured output TSS. When the 

TSS/COD ratios related to the influent fractionation are adapted to account for 

inorganics, the ratios pertaining to the biological conversion model must not be altered. 

The inorganic fraction does not take part in the biokinetic processes. It is assumed to be 

physically incorporated in activated sludge flocs, to remain unchanged during the process 

and to eventually be removed with the waste sludge after the secondary settling step. As 

an alternative to the COD-based TSS, characterization of input TSS could also be 

performed on the basis of TSS measurements. The standard measurement of TSS for 

wastewater is, however, known to exclude some organic and inorganic colloids due to the 

used filter size that is larger than the one used for COD analysis (Table 3). Since these 

colloids attach to activated sludge flocs once inside the bioreactor and thus contribute to 

the MLSS, the fractionation needs to be adjusted accordingly to account for these 

colloids. Ideally, both TSS characterization methods (i.e. based on particulate COD and 

based on TSS measurements) should give the same results but differences can occur 

when not properly accounting for colloids and inorganics. In this study, both approaches 

were considered for the characterization of influent TSS. The way the state variable TSS 

is standardly incorporated in the ASM2d model accommodates both approaches since, 

next to the organic fraction of TSS, it also allows to introduce the iSS fraction of TSS.  
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Table 3 The relationship between the measurement and the fractionation of COD and TSS, as well as the 
modelling of particulates in the ASM2d model. XAUT and XHET represent nitrifying and heterotrophic 
biomass concentration, respectively. 

COD fractionation 
(Filter size: 0.45 µm) 

TSS fractionation 
(Filter size: 1.2 µm) 

Modelling particulates 
(ASM convention: >0.45 µm) 

Soluble (<0.45 µm) Colloids (0.45 µm – 1.2 µm) Organic colloids and particulates 

 
Inert (SI) 

 
 

Substrate (SS) 

 
Organic: measured as particulate 

COD (Xs) 
 

Inorganic: not measured as COD, 
nor as TSS 

ASM2d state variables implicated: XS, XI, 
XHET, XAUT, TSS 

 
TSS/COD ratio: 0.75 – 0.9 

 
Sludge balance (MLSS) changes with 

consumption of the organic material and 
subsequent growth of biomass 

Particulate (>0.45 µm) Solids (>1.2 µm) Inorganic colloids and particulates 

Inert (XI) 
 
 

Substrate (XS) 
 
 

Biomass (XHET, XAUT) 

 
Organic: measured as particulate 

COD and TSS 
 
 
 

Inorganic: measured as TSS 

ASM2d state variable implicated: TSS 
 

The used TSS/COD ratios assume a certain 
amount of inorganic material 

  
The inorganic part of TSS is considered 
inert. It gets physically incorporated into 
sludge flocs and is removed via the waste 

sludge after secondary settling 
 

The characterization of nitrogen (N) and phosphorus (P) in the influent was performed 

using measurements of total nitrogen and total phosphorus. The nitrogen and phosphorus 

contained in organic matter was calculated using typical fractions of N and P contents in 

COD provided for ASM2d by Mogens Henze et al. (1999) and shown in the 

supplementary materials (Table S1). The ammonia was then calculated as the difference 

between the total nitrogen (TKN) available from the measurements and the calculated 

nitrogen content in organic matter throughout the year. The calculated ammonia results 

were successfully verified over the three days of the sampling campaign during which 

measurements of ammonia were available.  

 

As shown in Table 2, data for COD and TKN were available at a frequency of one to two 

measurements per week for a year. However, to increase the resolution of the model one 

value per day is needed for the conventional pollutants. For combined sewers, COD and 
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TKN can be correlated with the influent flow, and the correlations are used to increase 

the time resolution of the characterized influent if frequent flow data are available 

(Rousseau et al., 2001). However, analysis of the data for the studied WWTP did not 

show meaningful correlations between the flow rate and the aforementioned 

measurements (not shown), which is likely related to its separate sewer system. 

Therefore, the time resolution of the influent measurements was increased by fitting the 

less-frequently measured data to a best-fit polynomial function. These polynomials 

captured the yearly profile of the measurements and allowed interpolation for daily 

values to be used for input generation. The fits are given in the Supplementary Material 

(Figure S1). More detailed diurnal patterns of conventional pollutants in the influent were 

deemed unnecessary given the modelling goal. Thus, the achieved conventional pollutant 

model should not be evaluated based on sub-daily dynamics.  

1.3.6. Simulation approach and calibration 

Preliminary simulations were carried out using the default ASM parameters listed by M. 

Henze, Gujer, Mino, and Van Loosdrecht (2000) and default settler parameters suggested 

in the COST Simulation Benchmark manual (Copp, 2002). Each dynamic simulation was 

preceded by a steady simulation for a period equivalent to at least three times the SRT 

(i.e. 20 days) in order to determine the initial conditions for the dynamic simulation 

(Rieger et al., 2013).  

 

Model calibration efforts were focused on fitting variables that directly impact the fate of 

micropollutants, such as dissolved oxygen concentration, solids concentration and 

nutrients concentration. The first step was the calibration of the oxygen mass transfer 

coefficient (kLa) to match the measured DO, which was in general observed to be 

abundant (i.e. average > 5mg/L). The second step involved achieving a match between 

the simulated and the measured TSS concentration at different locations in the activated 

sludge process, such as the waste sludge (i.e. WAS TSS), the aeration tank (i.e. MLSS) 

and the secondary effluent (i.e. Effluent TSS). The solids balance was first pursued by 

calibrating the settling parameters. Results of this initial calibration work could give an 

indication as to whether adjusting the settling parameters is sufficient to obtain the 

correct solids balance, or if, alternatively, characterization of the input solids is the 
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appropriate approach for achieving the solids balance. The third step involved achieving 

an agreement with measured nutrients: NH4 (and its product NO3), as well as COD. This 

last step can depend on several biokinetic parameters such as growth rates, decay rates 

and substrate affinities. However, for a conventional activated sludge process, these 

parameters are relatively well known (M. Henze et al., 2000), and large calibration efforts 

should be avoided. That is because discrepancies between model predictions and 

measurements that require the calibration of these parameters may indicate other 

underlying calibration problems related to the hydraulic model or the solids balance.  

 
The parameters that correspond to each step were varied using the scenario analysis tool 

in WEST software, and the best-fit model was decided upon by visual inspection. While 

the simulations were set to provide hourly values of the output variables, the 

measurements of the same variables were based on daily flow-proportional samples. 

Therefore, it was necessary to calculate the daily flow-average of the simulated results 

using the equation: 𝐶 = 𝑄!𝐶! 𝑄!, where 𝐶 represents the flow-average concentration, 

𝑄! and 𝐶! represent the flow rate and the simulated output concentration at a certain time 

point “i”. This provided simulated values with similar time scale as the experimental 

measurements for the purpose of comparison.  

 

1.4. Results and discussions  

The first step towards the calibration of the conventional pollutant model is the 

characterization of the influent wastewater. This was followed by calibration of the 

model for the prediction of the dissolved oxygen concentration followed by solids 

concentration, including characterization of influent solids and finally, model calibration 

with respect to the nutrient concentrations. 

1.4.1. Wastewater characterization  

The recorded flow rates throughout the year seemed to be stable due to the mostly 

separate sewer system (i.e. with very few combined sewers), which is expected to reduce 

the seasonal variations in flow rates due to the seasonal variations in rainfall. The 

recorded temperatures varied from 15 °C to 22 °C throughout the year. The measured 
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COD concentration trends showed an increase in winter compared to the summer, which 

might be due to increased degradation of COD in the sewers and primary clarifier at the 

higher temperatures in the summer. It is important to note that the primary clarifier of this 

plant has a long retention time of almost 4 hours (Table 1), making that degradation in 

the clarifier more significant than in typical primary clarifiers. On the other hand, the 

incoming ammonia concentrations to the activated sludge unit under study showed no 

significant seasonal variation throughout the year. This could be attributed to the absence 

of nitrogen removing processes in the mostly anaerobic conditions of a sewer system and 

primary clarifier. In addition to ammonia, the TSS profile did not show variation over the 

one-year period. The measured TSS values had an average value of 70 g/m3 in the 

primary effluent, which corresponds to a TSS reduction of 84% in the primary clarifier. 

This TSS reduction is larger than the typical reduction of 40-60% (Office of Water 

Programs, 1980) in primary clarifiers, likely because of the chemically enhanced settler 

that is known to achieve high TSS removal. The incoming TSS characterization is further 

discussed in Section 1.4.3 as part of the calibration for solids.  

 

Table 4 summarizes the fractions of the incoming COD obtained over the three days of 

the sampling campaign and applied for the whole year. It should be noted that the extra 

measurements used for obtaining these fractions over three days in the summer fall on the 

same fitted polynomial that describes the data over the full year (i.e. Figure S1). This 

indicates that there were no special events on these days that could affect the wastewater 

composition. Typically, the biodegradable material contained in the primary effluent is 

predominantly particulate (i.e. slowly biodegradable material) rather than soluble (M. 

Henze et al., 2000); however, the characterization results shown in Table 4 indicated 

more biodegradable matter in the soluble phase than in the particulate phase (Ss > XS). 

This could be attributed to two main factors. First, the higher TSS reduction known to 

occur in chemically enhanced primary clarifiers contributes to the low fraction of 

particulates in the primary effluent. Second, hydrolysis could occur prior to the aeration 

tanks due to the long hydraulic retention time (HRT) of the primary clarifier (3.72 h), 

which thus permits the conversion of the slowly biodegradable COD (particulate) into 

readily biodegradable COD (soluble).  
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Table 4 COD composition (%) for the primary effluent wastewater under study, determined following the 
STOWA protocol. 

SI/COD SS/COD XS/COD XI/COD 

6.8 37.7 21.5 34.0 
 

1.4.2. Dissolved oxygen calibration 

The average dissolved oxygen over one year was 5 mg/L for the first pass (pass 1) and 7 

mg/L for pass 3 of both aeration tanks (i.e. East and West), indicating excessive aeration 

in the system under study. The oxygen mass transfer coefficient (kLa) was estimated in 

order to reach a match between the simulated and the measured dissolved oxygen in each 

aeration tank. An initial guess of the kLa was made by implementing DO controllers that 

were set to reach the average measured DO by varying the kLa value. The kLa values 

were estimated to be 8.6 and 11 hr-1 for the East and West aeration trains, respectively. 

Dynamic simulations with these kLa values yielded DO values that are in agreement with 

the measurements over the whole year, further verifying the validity of the calibrated kLa 

values. The estimated kLa was higher in the West aeration train than in the East train 

although the measured DO values were similar in both trains and both trains had the same 

volume and similar MLSS concentration. This higher kLa in the West train may be 

attributed to the higher primary effluent and return sludge flows directed towards the 

West train, which leads to higher oxygen demand and thus a need for a higher oxygen 

transfer rate to achieve a DO concentration that is similar to that in East train. From both 

measurements and simulations, it was observed that the DO was higher in pass 3 than in 

pass 1 for each aeration tank. This spatial variation in the DO throughout the passes could 

be explained by the fact that while the supplied oxygen is the same in all passes, the 

incoming load undergoes biodegradation in pass 1 first, leaving less substrate (i.e. less 

chemical oxygen demand) in pass 3, which results in a lower oxygen consumption rate. 

1.4.3. Solids calibration 

Reaching a proper solids balance by achieving a match between the measured and 

simulated TSS in aeration tank (i.e. MLSS) and, more importantly, TSS in the waste 

sludge (i.e. WAS TSS) is an essential requirement for predicting the fate of 

micropollutants. This is explained by the fact that the WAS TSS impacts the extent of 
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micropollutant removal by adsorption, as well as the SRT that influences the extent of 

micropollutant biodegradation (Kreuzinger et al., 2004). 

1.4.3.1. Initial simulations 

For the purpose of initial simulations, the TSS in the influent was characterized based on 

particulate COD concentrations according to the typical approach and using typical 

TSS/COD ratios suggested by Mogens Henze et al. (1999). However, the results obtained 

using this approach showed simulated MLSS concentrations that were higher and 

contained more seasonal variations throughout the year compared to the measured MLSS 

that showed no seasonal variation (Figure 2(a), Case A). A similar discrepancy between 

simulation results and measurements was observed for the TSS in the secondary waste 

sludge (results not shown). This discrepancy in the solids balance was concluded to be 

caused by the mischaracterization of the incoming solids to the activated sludge system. 

This was further supported by the fact that manipulating the settler’s parameters failed to 

achieve a correct solids balance and to capture the actual WAS TSS and MLSS 

concentrations. To remediate the discrepancies in the solids balance and to achieve an 

agreement between the simulated and the measured MLSS and WAS TSS concentrations, 

the characterization of incoming solids was analysed in more detail.  

1.4.3.2. Characterization of incoming solids 

As discussed earlier, the COD-based TSS concentration (i.e. input TSS calculated using 

TSS/COD conversion factors) showed seasonal variation, similar to the COD, resulting in 

a seasonally variable MLSS time series, unlike the measured MLSS profile (Figure 2(a)). 

In addition, the average simulated MLSS was observed to be higher than the measured 

MLSS using the COD-based TSS in the input. In fact, unlike the measured COD, the 

measured TSS did not show any seasonal variations throughout the year, indicating that 

the TSS/COD ratio is not constant throughout the year. The presence of the CEPT might 

cause seasonal alterations to the actual TSS/COD ratio (i.e. caused by changes in the 

chemical efficiency and solids settling as a result of temperature variation (Tik & 

Vanrolleghem, 2012)), indicating that the typical ratios used for the calculations of the 

COD-based TSS in the primary effluent (Mogens Henze et al., 1999) may not be valid 

and that an alternative route for TSS characterization is required. Therefore, simulations 
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were carried out using the measured TSS as an input, which was found to yield a 

simulated MLSS profile that, as desired, did not show seasonal variations, but that was 

lower than the measured MLSS and in almost perfect agreement with the measured 

MLVSS time series, as shown in Figure 2(b). The latter indicated that a fraction of the 

input suspended solids was not properly accounted for in the fractionated influent.  

 

Figure 2 Measured and predicted MLSS concentrations. The latter was obtained using the Takács model 
and standard settling parameters: Case A: COD-based TSS in the influent, Case B: Measured TSS in 
influent, Case C: 1.35 x measured TSS in the influent. The time axis is from July 2013 to June 2014. 

As mentioned earlier in Section 1.3.5, the measured TSS does not account for organic 

and inorganic colloidal matter, which results in the underestimation of the actual TSS in 

the influent (M. Henze et al., 2000). To remedy this, the TSS at the input was scaled up 

by a ratio of 1.35, which was shown to lead to satisfactory predictions of the MLSS in the 
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bioreactors and TSS in the secondary waste sludge (Figure 2(c) and Figure 3 

respectively). This obtained ratio between the calibrated and the measured TSS in the 

input to activated sludge treatment is slightly lower than that reported by M. Henze et al. 

(2000) for an ASM2d model (i.e. 1.5). The lower ratio in the present study is suggested to 

be attributed to the presence of the CEPT that may reduce the colloidal fraction with a 

higher efficiency than a conventional primary clarifier, requiring a smaller correction for 

TSS compared to conventional primary clarification. In fact, it was previously shown that 

a well-operated CEPT is capable of almost completely removing colloidal material 

(Balmat, 1957; Heukelekian & Balmat, 1959; H. Ødegaard, 1992; H.  Ødegaard, 2005).  

 

Figure 3 Measured and predicted TSS concentrations in waste sludge (WAS TSS) after input solids 
characterization. The time axis is from July 2013 to June 2014. 

1.4.3.3. Calibration with respect to effluent TSS 

Once the MLSS and WAS TSS were successfully matched, the settling model was further 

calibrated to predict the TSS concentration in the effluent. Predicting the TSS in the 

secondary effluent is essential for the subsequent prediction of adsorbed micropollutants 

in the secondary effluent stream, as well as to properly calculate the SRT, which 

determines the micropollutant biodegradation capacity of the sludge. Both the Takács and 

the Bürger-Diehl settler models were tested as shown in Figure 4 with the combination of 

parameter values summarized in Table 5. Although the Bürger-Diehl model allows for 

including the compression and the dispersion phenomena, the low measured sludge 

volume index (SVI) values (i.e. average of 58 mL/g) indicated sludge with very good 

settling and thickening properties, making it reasonable to assume that compression 
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settling does not play a significant role in the system under study. Accounting for 

dispersion, which is another phenomenon included in the Bürger-Diehl model and 

expressed as a function of the input flow rate, was deemed unnecessary. This is explained 

by the absence of significant flow variations in the input to the activated sludge unit, due 

to the presence of a separate sewer system. Using the Takács model with the default 

values for the settling parameters, the simulated TSS in the effluent was observed to be 

much higher than the measured one, as shown in Figure 4 (Takács A). Lowering the 

simulated effluent TSS to match the measured profile was achieved by increasing the rP 

parameter (i.e. from 2.86 to 7 L/g) and lowering the f-ns parameter (i.e. from 2.28 to 0), 

as shown in Figure 4 (Takács B). The observed impact of varying these parameters is 

explained by the fact that lowering the f-ns leads to a lower fraction of non-settleable 

solids decreasing the effluent TSS, while a higher rP value increases the settling velocity 

and, therefore, decreases the TSS in the effluent.  

 

On the other hand, when using the Bürger-Diehl model, the simulated TSS profile is 

lower than the profile obtained using the Takács model for default parameter values 

(Bürger-Diehl A vs. Takács A, Figure 4). Even though both compression and dispersion 

of the Bürger-Diehl model were turned off, the better prediction is explained by the 

existence of two extra top layers in the Bürger-Diehl model that account for the flux over 

the outlet boundary. Using a larger number of layers in the Bürger-Diehl model (30 

layers) as compared to the 10-layer Takács model was also anticipated to result in more 

representative effluent solids concentrations by diminishing numerical dispersion. Since 

an agreement between the measured and simulated effluent TSS was not yet achieved 

using default parameters, the rP parameter was adjusted to 5 L/g, which resulted in a 

match between the measurements and simulations (Figure 4, Bürger-Diehl B). This 

indicated that a less extensive calibration was required for the Bürger-Diehl model (i.e. 

only one parameter) compared to the Takács model in order to match the effluent TSS 

measurements. This justified the use of this model for the settler rather than the Takács 

model. The fit of the final model for effluent TSS is shown in Figure 4 (Case Bürger-

Diehl B).  
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Figure 4 Comparison of predicted effluent TSS concentrations obtained using the Takács and Bürger-Diehl 
settler models with different parameters (Table 5). The time axis is from July 2013 to June. 

Table Error! No text of specified style in document..5 Parameter values tested for each of the settler 
models (Takács and Bürger-Diehl). Results corresponding to these cases are shown in Figure 4. 

Case rH (L/g) rP (L/g) f-ns (%)  
Takacs A (default) 0.576 2.86 2.28 
Takacs B  0.576 7 0 
Bürger Diehl A 0.576 2.86 2.28 
Bürger Diehl B 0.576 5 2.28 

 

1.4.4. Nutrients calibration 

As shown in Figure 5, once the model was able to accurately predict the solids balance, 

the effluent nutrient and COD predictions were on average in good agreement with the 

measurements, keeping in mind the goal of the modelling, without performing any further 

calibration of biokinetic parameters. In particular, the slightly reduced nitrification by the 

end of the winter (i.e. between days 200 and 300 on Figure 5) was well captured by the 

calibrated model. This emphasizes the importance of obtaining the correct hydraulic 

model and solids balance before modifying the biokinetic parameters. The simulated 

COD (Figure 5) did not show the same fluctuations as the measured values but the 

general profile matched the collected data. The high nitrate values observed in the 

secondary effluent of the studied treatment plant (Figure 5) can be explained by the high 

DO in the treatment lines (well above 2 mg/L) throughout the year, rendering it 

impossible for denitrification to occur. The measured nitrite concentrations in the 

secondary effluent were <0.5 mg/L, except during the winter where it rose slightly (not 
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shown), indicating that the activated sludge plant under study is a fully nitrifying plant as 

most of the ammonia is completely converted to nitrate. Since the presence of nitrifying 

biomass and other slowly growing biomass is expected to enhance the removal of 

micropollutants through biodegradation (Suarez et al., 2010), capturing the general 

profile of ammonia removal is essential for the prediction of the fate of micropollutants. 

 

Figure 5 Measured and predicted conventional pollutant concentrations: a) nitrate, b) ammonia and c) 
COD in the secondary effluent using the best-fit model. The time axis is from July 2013 to June. 

1.5. Conclusion 

In this study, an activated sludge model was calibrated with one-year, full-scale 

conventional pollutants measurements and a relatively small, dedicated three-day detailed 

measurement campaign as a preparatory step for the subsequent fate modelling of 

micropollutants. The following conclusions and insights on the modelling of the fate of 

conventional pollutants in an activated sludge process were reached: 
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1- Proper characterization of incoming TSS by accounting for the colloidal matter that is 

not included in the TSS measurements was found to be one of the main influencing 

factors on the solids balance. 

2- The chemically enhanced primary treatment was considered to seasonally influence 

the particulate composition of the primary effluent, requiring special considerations 

during the characterization of the incoming TSS fraction to the activated sludge unit. 

3- The Bürger-Diehl model for the secondary settler resulted in improved calibration of 

the effluent TSS compared to the Takács model, which is related to the inclusion of 

additional layers to model the outlet boundaries. 

4- Careful calibration of the solids balance through detailed influent characterization and 

appropriate selection of the settler model allowed the measured nutrient profiles in the 

effluent to be captured by the model using default ASM parameters. 

 

The routine measurements available from the WWTP based on 24-h composite samples 

were proven to be sufficient to successfully model the general yearly profiles of WAS 

TSS, effluent TSS, DO and nutrients. Since these variables are linked to the main 

removal processes of micropollutants (i.e. through SRT, aeration and solids balance), it is 

shown that the measurement effort and resources required for the conventional modelling 

that is performed as a preliminary step for calibration of the micropollutant model can 

remain limited.  
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Supplementary material: 

Table S1 Organic nitrogen and phosphorus content in the fractions constituting organic matter (Henze et 
al., 2000). 

Fraction in COD SF
a SA

a SI Xs XI 

Nitrogen 0.03 0.01 0 0.04 0.02 
Phosphorus 0.01 0 0 0.01 0.01 
aSF: fermentable organic matter (soluble), SF: Acetate organic matter and other fermentation products 

(soluble). SF+SA=SS	
  
	
  

	
  

Figure S2 Polynomial fit of measured COD (upper) and TKN (lower) in the primary effluent. Time axis is 

from July 2013 to June 2014. 
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