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ABSTRACT

Biofiltration has been established as a promising alternative to conventional air
pollution control technologies. However, gas biofilter modeling has been less developed
than experimental research due to the complexity of describing the fundamental
processes and the lack of globally accepted physical, chemical and biological
parameters. In addition, biofiltration modeling based on degradation activity of fungi

has been rarely considered. For this reason, in this work, a dynamic model describing
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toluene abatement by a bacterial and fungal biofilter is developed, calibrated and
validated. The mathematical model is based on detailed mass balances which include
the main processes involved in the system: convection, absorption, diffusion and
biodegradation. The model was calibrated and validated using experimental data
obtained from two equal lab-scale biofilters packed with coconut fiber and pine leaves,
respectively. Both reactors were operated under similar conditions during 100 days at an
empty bed residence time of 60 seconds and an average inlet load of 77 g toluene m™ h°
! Biofilters were initially inoculated with a bacterial consortium, even though reactors
were mostly colonized by fungi after 60 days of operation according to microscopic
observation and reactors pH. Removal efficiency increased notably from 20 % for the
bacterial period to 80 % for the fully developed fungal biofilters. Since Kinetic
parameters are strongly dependent on the biological population, semi-saturation
constants for toluene and maximum growth rates were determined for bacterial and
fungal operation periods. Kinetic parameters were fitted by means of an optimization
routine using either outlet concentrations or removal efficiency data from the coconut
fiber biofilter. A novel procedure in gas biofilters modeling was considered for
checking the model calibration, by the assessment of the parameters confidence interval
based on the Fisher Information Matrix (FIM). Kinetic parameters estimated in the
coconut fiber reactor were validated in the pine leaves biofilter for bacterial and fungal
operation. Adequate model fitting to the experimental outlet gas concentration for both

bacterial and fungal operation periods was verified by using a standard statistical test.

Keywords: Kkinetic parameters estimation, modeling, toluene abatement, fungal

biofilters, confidence interval, Fisher Information Matrix.
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INTRODUCTION

Traditionally physical and chemical processes have been applied to treat polluted air
emissions. However, the high costs of operation and energy consumption associated to
conventional treatments have lead to increase the attention on biological processes.
During the last years biofiltration has emerged as an efficient and reliable biological
process to treat pollutants from contaminated air emissions. This technology has been
successfully used to remove a wide range of pollutants such as volatile organic

compounds (VOCs), ammonia and sulphurous compounds, amongst others [1,2,3,4].

In general, a biofilter consists in a reactor packed with a carrier material (organic or
inorganic) serving as a support for biofilm growth. The contaminated air stream to be
treated is passed through the fixed-bed and the pollutant is transferred from the gas to
the biofilm by absorption. In the biofilm, diffusion and biodegradation take place
simultaneously. Thus, biofiltration employs the metabolic activity of microorganisms to
degrade pollutants which are the energy source for microbial growth. Bacteria and fungi
are definitely the two dominant microorganisms in biofilters but depending on the
biofilter operation microorganisms may develop according to their capacities to adapt to
the biofilters ecosystem [5]. Bacteria normally present a rapid substrate uptake and
growth. Under favourable conditions bacteria will be the dominant consortia, even
though fungi may be also present. On the other hand, fungi generally grow slower than
bacteria, but they are capable of degrading a broad variety of pollutant and can

withstand with more adverse conditions [6,7].
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High moisture content in the biofilter must be kept in order to maintain
biodegradation activity. Usually, the moisture content in the biofilter is achieved by
humidifying the air stream before entering the reactor and/or sprinkling water from the
top of the biofilter periodically. Additionally, watering is employed to remove the
excess of biomass and to avoid clogging episodes and toxics accumulation within the
reactor [8,9]. Generally, micronutrients are supplied during watering periods to support

microbial activity.

Toluene abatement by biofiltration has been widely investigated using biofilters
inoculated with bacterial consortia [10,11]. Several packing materials and operating
conditions have been employed to study toluene removal performance. Recently,
biofiltration based on the degradation activity of fungi has been satisfactorily applied to
treat both slight and considerable hydrophobic compounds such as toluene, hexane and

a-pinene [5,12,13,14,15].

In the case of toluene, results have demonstrated that fungal biofilters are capable of
obtaining higher elimination capacities than biofilters based on bacterial activity. Weber
and Hartmans (1996) reported a larger elimination capacity in a biofilter inoculated with
fungi (45 g m>h™) instead of one inoculated with bacteria (28 g m=h™). Likewise
Maestre et al. (2007) studied the performance of four organic packing materials in
biofilters inoculated with activated sludge from an urban wastewater treatment plant. An
enhancement of removal efficiencies (RE > 80%) and EC up to 95 g m>h™* were
obtained when biofilters evolved from neutral to acidic pH (i.e. when the consortium in
the packed bed switched to fungi). In their experiments, Garcia-Pefia et al. (2001) and

Woertz et al. (2001) obtained removal efficiencies up 95% with maximum toluene
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elimination capacities in the range of 258-270 g m>h™ which is 2 to 7 times greater than

the elimination capacities typically reported for bacterial-based biofilters.

Several hypotheses have been provided to explain the superior performance of
fungal biofilters in comparison to biofilters based on bacterial activity. It has been
reported that bacterial biofilter stability is often hindered by the poor absorption of
pollutants on the biofilm besides acidification and drying out of the filter bed [7].
Fungal population presents several advantages due to their ability to tolerate acidic and
dryer conditions than bacteria [18,19,20]. Additionally, it has been hypothesized that
aerial mycelia of fungi can take up pollutants faster than flat, aqueous biofilm surfaces
in the case of hydrophobic compounds [7,15,21]. Also, it has been recently suggested
that a greater affinity of hydrophobic pollutants (i.e. air/biofilm partition coefficient) is
encountered in fungal biomass rather than bacterial biofilms [21,22]. As a drawback,

releasing of spores to the environment may occur in cases of severe drying.

Some of the main purposes of modeling are to organize experimental data, to
understand simple relationships between parameters and pollutant removal, to design
equipments according to a specific operation, to predict the performance under given
conditions and to perform processes optimization [4]. In any case, biofiltration
modeling has received less attention in comparison to experimental approaches.
Numerous studies dealing with mathematical models of toluene removal by biofiltration
can be found in literature. Simple and complex models have been employed to emulate
toluene biofiltration under both steady-state and dynamic operating conditions

[23,24,25,26,27,28]. In all modeling works reported in the literature toluene removal in
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biofilters is based on bacterial degradation activity without taking into account fungal

operation.

In addition, kinetic parameters (i.e yield coefficient or biomass concentration) are
frequently taken from the literature in which experimental conditions may be
considerably different and the results may vary significantly. Although direct
experimental determination of kinetic parameter is not a trivial task due to the difficulty
to reproduce experimental system, it must be stressed the necessity to calibrate each
model for each specific experimental conditions instead of using the values of
parameters reported in previous works. Only a reduced number of studies have dealt
with direct calculation of kinetic parameters from experimental data by using complex
determination routines [29,30], even though the results obtained were close to those
obtained by curve fitting experimental data using classical optimization routines. On the
other hand, in biofiltration, unlike water treatment, the interval of confidence in the
model parameters estimation has not been commonly assessed, even though it should be

as important as the estimation of the parameter values themselves [31].

The aim of this work was to contribute to the general understanding on how
switching populations from bacteria to fungi can be modelled in a biofilter. Taking this
into consideration, in this work, a general dynamic biofiltration model applied to
toluene removal is developed, calibrated and validated. Mathematical equations are
based on discretized mass balances taking into account the main chemical and physical
phenomena involved in the system. Previous experimental results obtained previously
[12] in which a toluene degrading biofilter inoculated with microbial populations

evolved to a fungal biofilter were used herein as input data to calibrate and validate a
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biofiltration model. In addition a statistical procedure is applied to check the confidence
intervals of the parameters obtained during the model calibration procedure. Finally a

rigorous statistical test is used in order to assess the accuracy of model predictions.

MATERIALS AND METHODS

Experiments were carried out using a lab-scale plant consisting of two PVC columns
with an inner diameter of 8.6 cm and a height of 90 cm (Figure 1). Reactor 1 and
Reactor 2 (R; and R,) were packed with coconut fiber and pine leaves respectively, to a
height of 50 cm meaning a total bed volume of 2.9 L each one. Water content was kept
around 80 % in R; and 70 % in R,, while the organic matter content prior to biofilters

startup was 80 % in the former and 90 % in the latter.

As shown in Figure 1, a primary air stream passed through two water columns in
series in order to increase the inlet air relative humidity up to 90 %. A secondary air
stream was pumped by a peristaltic pump (Masterflex L/S) into a glass bubbler unit of
200 ml of volume containing pure liquid toluene (Panreac 99.5%). Both gaseous
flowrates were mixed in a mixing chamber and the resulting gas mixture was fed from
the base of the reactor. Throughout this study, the gaseous stream was supplied in up-
flow mode to obtain homogeneous humidity conditions and avoid a long residence time
of secondary products in the bed [4]. The outlet gas stream was passed through an
activated carbon vessel to retain any remaining pollutant. Pressure drop across the
fixed-bed reactor was measured in the gas phase by means of a water-filled U-tube
manometer. Also the reactors weight was periodically measured during the

experimental period.
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In order to keep a suitable moisture content, provide the necessary nutrients for the
microorganisms and wash out dead cells and end-products of toluene degradation, tap
water or a nutrient solution was automatically sprinkled daily over the biofilter beds at a
flowrate of 200 mL d* by means of a diaphragm dosing pump (Alldoss, Primus 221).
The nutrient solution was composed by KH,PO,4 (1 g L™), KoHPO, (1 g L), NH4CI (1
g L™, NaCl (1 g L"), MgSO, (0.2 g L™), CaCl, (0.02 g L™) and trace elements (1 mL
LY. Periodically the excess of solution (leachate) was manually collected at the bottom

section to report measurement of the medium pH.

A structured control system with a PLC (Siemens, S7-314C-2DP) and a commercial
SCADA software (Siemens, WinCC v.5.2) were used to automate the pilot-plant. The
system was used for regulating the water addition and to monitor the inlet gas

temperature and relative humidity (Testo, Hygrotest 600 PHT).

Gas samples were collected from sampling ports at the inlet and outlet of each
reactor by means of Tedlar® bags. Toluene concentration was measured in triplicate in
each port using a gas chromatograph (series 6890N GC, Agilent Technologies)
equipped with a capillary column (HP-5, Agilent technologies) and a flame ionization

detector (FID).
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Figure 1

MODEL DEVELOPMENT

The model was built considering the most relevant phenomena occurring during the
biofiltration process like convection, absorption, diffusion and biodegradation. The
theoretical model describing the elimination of toluene in a biofilter bed is based on the
mass balance in the gas phase and within the biofilm. Important assumptions underlying

the model are based on consolidate models reported [3,26,27,32]:

(1) Gas phase circulation regime is modelled as plug flow pattern. Thus, axial
dispersion is not considered.

(2) Gas-biofilm interface equilibrium is described by Henry’s law.

(3) Planar geometry and perpendicular diffusion in biofilm are used to derive model
equations considering that the solid support size is significantly higher than the
biofilm thickness. Diffusion in the biofilm is described by Fick’s law.

(4) Biofilm is formed on the external surface of the packing material. Thus, biomass
does not grow in the pores of the packing material and reactions only take place in
the biofilm phase.

(5) Physical properties of the species in the biofilm are assumed to be the same as in
water since this is the main component.

(6) There is no accumulation of biomass in the filter bed in each period and biomass
properties (thickness, specific surface area and kinetic coefficients) are uniform

along the bed. This assumption was experimentally verified by monitoring a
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practically constant pressure drop and reactor weigh in the whole studied
operation period as shown in Maestre et al. (2007).

(7) Adsorption of pollutant onto the support is neglected due to the low pollutant
concentration and the low adsorption capacity of the packing material. Moreover,

under steady-state conditions, the adsorption process is in equilibrium [27].

Mass balance in the bulk gas phase

Model equation for the bulk gas phase in the dynamic state is shown in Eq.1.

oC oC N a
9 _ _ v, g _""g-b (1)
ot oz &
with boundary conditions: atz=0, C, =Cy

where Cq is the concentration of toluene in the gas phase in g m; v, is the interstitial
gas velocity in m h™, Cqi is the inlet gas concentration in g m3, z is the position along
the biofilter height in m, Ng., is the specific mass flux from the gas to the biofilm phase
for toluene in g m?h™; a is the specific surface area (surface area per unit volume of bed
reactor) in m?> m™ and ¢ is the bioreactor bed porosity. Interstitial gas velocity is
calculated considering the porosity of the reactor bed (Eg. 2) and the mass flux given by

Fick’s law (Eq. 3).

v, = (2)

10



10

11

12

13

14

15

16

17

18

oc,
Ng—b =_D( ox J (3)

x=0

where Qg is the volumetric air flow in m® h™'; A is the cross-section area of the
bioreactor in m% D is the diffusion coefficient in m?* h*, C, is the pollutant
concentration in the biofilm phase in g m™; and x is the position in the biofilm from the

surface in m.

Mass balance in the biofilm phase

Model equation for the biofilm under dynamic conditions is shown in Eq.4.

aCc, . 0°C,

—2=D +r 4
at axz ( )
with boundary conditions: atx =0, C,=Cy/H
atx =0, oC,
x

where r is the substrate consumption rate in g m>h™; § is the biofilm thickness in m and

H is the gas-liquid distribution coefficient given by Henry’s law.

Kinetic expression

Several kinetic expressions have been used in VOCs degradation by biofiltration

such as zero or first-order kinetics depending on the pollutant concentration in the

biofilter [26,33]. Haldane-type kinetics have been also used for modeling interaction

11
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between pollutants during the biological degradation in the biofilm [34]. Currently, in
most of works, the specific consumption rate for toluene degradation is described by a

Monod-type kinetic expression as this work considers (Eg. 5).

()

where Ks is the semi-saturation or affinity constant in g m™ and vmay is the volumetric

maximum growth rate in g m>h as described in Eq. (6):

Umax = Himax 5 (6)

<
o

where Pmax is the specific growth rate in h™, X is the biomass density in g m™ and Yp is
the biomass to substrate yield coefficient. The volumetric kinetic expression is generally
used in biofilter modeling due to the difficulty to determinate the biomass density in the
system with a non-destructive technique and without modifying experimental
conditions. Moreover, Umax and the active fraction of the degrading biomass separately
are not identifiable. Consequently, there is not a unique parameter set able to describe

the behaviour of the system and lumped parameters have to be estimated together [35].

In this case, oxygen limitation was not included in the kinetic expression because of the
low pollutant concentration, the low biofilm thickness and the hydrophobic character of
toluene. Previous simulations (results not shown) were performed to confirm that
oxygen consumption was not a limiting process in the degradation of toluene. Oxygen
concentration in the biofilm was superior to 5.5 g m™ under the maximum oxygen

consumption rate. Thus, oxygen was not depleted in the whole biofilm thickness and

12
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oxygen concentration was high enough to have no influence on the toluene consumption
rate. Otherwise, a Monod term including oxygen concentration should be added in a

multisubstrate type Kinetics.

Moreover, it must be stressed that other phenomena that affect the degradation rate
such as nutrient limitation might be present in the kinetic of the model. In the present
work, the effect of nutrient concentration was lumped into the volumetric maximum
growth rate in the kinetic expression. Either provided by the packing material or
externally fed through the watering system, nutrient concentration was considered to be

constant along the height of the reactor during biofilters operation.

Mathematical solution

The set of partial differential equations was discretized in space along the bed height
and biofilm thickness. The conversion of the tubular reactor into serial stirred reactors
was checked. An optimal discretization of the biofilter was found resulting in eight

nodes along the bed height and eight nodes along the biofilm thickness.

The resulting set of ordinary differential equations was solved using MATLAB in a
home-made modeling environment. A variable order method was used for solving stiff
differential equations based on the numerical differentiation formulas (NDFs), which
are generally more efficient than the closely related family of backward differentiation
formulas (BDFs), also known as Gear's methods. The time step used in the numerical
solution routine was established in 1 hour, which was significantly lower than the time

interval of the experimental data (i.e normally higher than 24 hours). Since the inlet

13
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toluene concentration and inlet gas flow changed along biofilters operation, a linear
interpolation was considered for the time interval comprised between two consecutive

inlet data.

Model calibration and validation

In the model calibration step, the volumetric maximum growth rate and the saturation
constant were the set of parameters to estimate. To start with the procedure, initial
guesses were assigned to Kinetic parameters according to the literature. Predicted outlet
concentrations by the model were compared with the experimentally measured data and
the deviations between both were used to obtain updates for kinetic parameters. The
values of parameters were sought to minimize the objective function (OF) given in Eq.

(7) for each period simulated.

OF = Ji[cgmm, p)~Cyoul ™

where C is the outlet concentration of toluene in gas phase predicted by the model

g,out

*

g,out

ingm™; p, and p, are the unknown parameters to fit; C, . is the outlet concentration

of toluene experimentally measured in gas phase in g m™, and N is the total number of

data sets.

The parameter estimation was performed using a MATLAB algorithm based on a
multidimensional unconstrained nonlinear minimization (Nelder-Mead). This is a direct

search method that does not use numerical or analytical gradients.

14
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Regarding confidence intervals of estimated parameters, these were assessed through
a numerical method based on the Fisher Information Matrix (FIM) [36,37]. The FIM
matrix is related to the quantity and quality of information obtained from experiments
and considers the sensitivity of optimized parameters and the measurement errors of the
experimental data. Assuming white measurement noise and no model mismatch, the
inverse of the FIM provides the lower bound of the parameter estimation covariance
matrix, which can be used for assessing the estimation uncertainty of the parameters.
Moreover, since output sensitivities of parameters are calculated using a model, the FIM
also depends on the structure of the model. This property has widely been used to study
the practical identifiability of the models under the available experimental data in the
field of wastewater treatment [37] but previous works have not been found in gaseous
pollutant modeling. Model validation of the present work was checked by performing a

statistic analysis based on a paired t-student test at 5% level of significance.

RESULTS AND DISCUSSION

Experimental conditions

The calibration and validation of the developed dynamic model was carried out

using part of the experimental data of the previous work of Maestre et al. 2007, in

which performance of four organic packed biofilters was studied under different

operation conditions in a period of 240 days. The suitability of the different packing

materials was compared for the treatment of toluene. In the work presented herein, the

15
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first 100 days of operation of two out of the four biofilters were chosen for modeling
purposes. In this period, reactors were operated at average inlet load of 77 g toluene m™

h at an EBRT of 60s.

Reactors were initially inoculated with activated sludge from a municipal
wastewater treatment plant and operated during the first 50 days as bacterial biofilters.
After 50 days of operation the pH dropped at values as low as 3 and fungal activity was
detected proving both biofilters evolved from bacteria to fungal reactors [13]. It is
hypothesized that the pH decrease is related to the production of acidic by-products
such as benzoic acid, which arise from toluene degradation [38]. Simultaneously, a
notable increment of removal efficiency (RE) from around 20% to 80% was observed
along the operation time in both biofilters (Figure 2), which was related to an increment

on the amount of nutrients provided after day 44.

Figure 2

Three different operation periods were identified and used for modeling purposes. In
each selected period a pseudo steady-state operation was experimentally verified. Thus,
pseudo steady-state conditions were assumed for biomass accumulation in each period
to perform parameter determination and further model validation. In the first period

(from day 22 to 38), namely Period A, a watering rate of 200 mL d™ of tap water was

16
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supplied. Thus, watering was only used in order to keep suitable moisture in the system.
During the Period A, the pH in the collected leachate was near the neutrality for both
reactors. No fungal colonies were observed during Period A. In the second period (from
day 50 to 66), namely Period B, 200 mL d™ of a nutrient solution were supplied in
excess due to the low removal efficiency achieved in Period A. A transition from
bacterial to fungal reactor was identified in both reactors by microscopic observation,
which correlated well with the decrease in the pH observed in both reactors (Figure 2).
A third and last period (from day 78 to 94), namely Period C, was mainly carried out by
fungal consortia according to microscopic observations. In a previous work, two fungal
genus were isolated and recognised as Aureobasidium sp. and Clonostachys sp [12].
The pH measured in the leachate was below 3 in Period C, which hindered the presence
of other kind of microorganisms in the medium. The watering rate and nutrient supply

was kept for both reactors with the purpose of ensuring an excess of nutrients.

Kinetic parameter determination

Since both reactors were operated under identical loading and EBRT conditions,
kinetic parameters may be determined using experimental data from either reactor R; or
R,. Thus, kinetic parameters were calculated using experimental data from reactor Ry
(coconut fiber) for each period A, B and C. Therefore, a set of volumetric maximum
growth rate (vmax) and half-saturation constant (Ks) was assessed for each period (Table
1). For bacterial operation (Period A), a vmax 0f 815 + 290 g toluene m™ h™* was obtained
and a value of 5.01 + 2.95 g m™ was determined for Ks. Results were in accordance

with values found in the literature [27,28].

17



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

Table 1

For fungal operation (Period C), a vmax Of 5000 + 230 g toluene m™ h™* was found,
indicating that fungal operation presents a significant better capacity to biodegrade
toluene than bacteria. Thus, a higher vma is in part due to the increment on nutrients
concentration that caused an increase in the biomass concentration, parameter that is
lumped into the vmax. In the same way, low values of Kg, 0.21 + 0.04 g m™ were
calculated for Period C, demonstrating a higher affinity between the studied pollutant
and fungi than between the pollutant and bacteria. Previous works comparing Kinetic

parameters between fungi and bacteria have not been found in the literature.

In the period of transition (Period B), the first sign of change in the behaviour of the
system was observed. The volumetric maximum growth rate obtained by optimization
was similar to that of Period A but the saturation constant decreased until 0.16 £ 0.09 g
m™. Though there was not a dominant population in the biofilter, a higher presence of
fungi was detected in the bioreactor. Thus, estimation of kinetic parameters in Period B
let to follow the evolution from bacterial to fungal operation by means of an increase in
the affinity between toluene and the microbial population. In comparison to this period
of transition, a better degradation capacity was obtained in Period C, according to the

Dmax €Stimated.

18
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Outlet toluene concentration was accurately fit to experimental data (Figure 3)
through the evaluation of the objective function (Eq.8). Period C needed a superior
number of iterations (data not shown) to search the minimum of the function due to a

higher number of experimental data.

Figure 3

It should be emphasized that the effects of potential changes in some parameters are
lumped in the estimated Kinetic parameters. Owing to the system restrictions (only gas
phase is measured), the separate determination of additional parameter in both bacterial
and fungal operating periods could not be conducted. In order to include the potential
variation of the specific area, determination of this parameter in reactor 2 was

performed in the stage B where the evolution from bacterial to fungi was confirmed.

A sensitivity analysis of model parameters was performed in order to determine their
influence on model predictions (Table 2). This analysis revealed that the specific
surface area and the Henry coefficient are the most sensible parameters in the model.
Comparison of physicochemical parameters in bacterial and fungal consortia applied to

biofiltration has been only conducted for the partition coefficient [22]. They found that
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the partition coefficient (i.e. gas/biofilm) for a fungal biofilm was about 50 times lower
than that for a bacterial biofilm for an extremely hydrophobic compound. Although
potential variations in physicochemical parameters may lead to improve the removal
capacity of the reactors, an additional simulation was performed for the fungal period
(Period C) to demonstrate that enhancement of the removal capacity is mainly due to
the modification of the microorganisms consortia in the reactors. (Figure 4). Simulation
results show that model predictions could not match experimental data by using the
same kinetic parameters found for the bacterial period and different, lower values of the
partition coefficient. H values ranging from 1 to 100 were used for the gas/water and
gas/biofilm ratios. Results demonstrated that the enhancement of the degradation
capacity of the biofilters is mainly related to the colonization of the filter bed by a

fungal consortium.

Table 2

Figure 4

The large confidence intervals assessed through the FIM method in all periods were

in great part due to the low quantity of experimental data measured in the whole

20
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operation time. In Period C, the relative errors associated to the optimized parameters
were estimated around 5% for vmax and 21% for Ks, according to the FIM method. In
Period A, the estimated confidence intervals reached values up to 36% and 59% for vmax
and Ks, respectively. This is related to a lower sensitivity of the kinetic parameters in
model predictions according to the low biological degradation achieved during the
bacterial period (around 20%). Thus, the low identifiability of kinetic parameters in
Period A clearly demonstrated that the physical behaviour of the reactor is correctly
described by mass transfer equations, according to predicted concentrations in
comparison to experimental data (Figure 3). For the same reason, a similar variability of
the inlet load in the whole operation period produces higher output fluctuations in

Period A than in Period C (Figure 3).

Model validation

Once the Kinetic parameters were calibrated for Ry (coconut fiber), model validation
was performed by comparing the simulation results to experimental data in R, (pine
leaves) for Period A and Period C, in other words, for bacterial and fungal operation.
According to Baquerizo et al. (2005), results predicted by the model are strongly
dependent on the specific surface area available into the biofilter, which does not
correspond to that of the virgin packing material once biomass has grown over its
surface. In consequence, the specific surface area is the only physicochemical parameter
that needs to be separately determined for both reactors. Thus, prior to the validation
step, a specific surface area of 420 m? m™ was optimized by simulation from
experimental data in Period B for the pine leaves reactor, and further used for model

validation in the rest of periods (Figure 5).
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Figure 5

In case of Ry, the specific surface area for coconut fiber for a colonized biofilter was
chosen in concordance to that reported by Baquerizo et al. (2005) for an almost identical
biofilter. Other physicochemical model parameters used in the present work are shown

in Table 3. Bed porosity was determined experimentally by standard methods [39].

Table 3. Physicochemical model parameters for R; and R;

Model predictions for Period A are shown in Figure 5a illustrating a good
agreement with experimental data for the bacterial period. Moreover, the almost
constant removal efficiency shows the steady-state achieved in each period. In Figure
6b, simulated results for Period C in the pine leaves reactor show that experimental data
is properly predicted by the model, even if the model predicts lower outlet toluene
concentration values in first days than those obtained experimentally. This is probably

explained by the biomass transition from bacteria to fungi because some bacteria might
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be still present in the reactor during the first days of Period C. Results are more
satisfactory at the end of the period indicating a pseudo biomass steady-state operation

in terms of biomass populations.

Figure 6

A statistic analysis based on a paired t-student test was evaluated in the validation
process in order to quantify the agreement between results predicted by the model with
the optimized Kkinetic parameters and experimental data. The t-test executed on the
outlet toluene concentration yielded an absolute value of 0.93 for the validation in R,. A
t-value of 2.04 at 5% level of significance for 30 degrees of freedom [40] indicates that
the difference between outlet toluene concentration measured experimentally and outlet
toluene concentration predicted by the model are not statistically significant in the
whole operation. Thus, it could be certainty affirmed that periods were satisfactorily

described by the model under both bacteria and fungal operation.

CONCLUSIONS

A dynamic model to simulate toluene abatement by bacterial and fungal biofilters
has been developed, calibrated and validated through a set of different experimental

conditions for biofilters with switching populations from bacteria to fungi. The model
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was able to predict satisfactorily different operation periods, including bacteria,
transition from bacteria to fungi, and fungi based operation be means of a small number
of parameters. Results clearly demonstrate that a higher complex model is not necessary
to describe properly the performance of the biofilter. However, a correct procedure in
biofilter modeling force to determinate model parameters for each situation instead of
taking them from literature. Moreover, the physico-chemical model was checked by
model predictions in the operation where biological degradation was not the
predominant process. Otherwise, estimation of Kinetic parameters corroborated the
biomass evolved from bacteria to fungi in both biofilters in concordance to pH changes
reported along the entire experiment and microscopic observation. Kinetic parameters
confirmed that fungi provide a better capacity to degrade toluene from gas phase.
Moreover, a higher affinity was observed between fungi and the pollutant in comparison
to pollutant and bacteria consortium. Thus, determination of volumetric maximum
growth rate and semi saturation constant for both biofilters with their corresponding
confidence interval pointed out that biofilters colonized by fungi showed a better
performance than those colonized by bacteria. The model calibration was checked by a
novel procedure in gas biofilters modeling based on the Fisher Information Matrix and
the model validation was verified using a rigorous statistical test. Deviations on model
predictions are explained by biomass modification in the bioreactors obtaining better

results at the end of each period due to the pseudo biomass steady-state achieved.
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