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Abstract

The complexity of the mechanisms underlying organic matter mineralization and nutrient removal in algal-bacterial photobioreactors during
the treatment of residual wastewaters has severely hindered the development of mechanistic models able to accurately describe these processes.
Artificial neural networks (ANNs) are capable of inferring the complex relationships existing between input and output process variables without
a detailed description of the mechanisms governing the process, and should therefore be more suitable for the modeling of photosynthetically
oxygenated systems. Thus, a neural network consisting of a single hidden layer with four neurons accurately predicted the steady-state operation
of a continuous stirred tank photobioreactor during salicylate biodegradation by an algal-bacterial consortium. Despite its simplicity and the low
number of data sets for ANN training (23), this network topology exhibited a satisfactory fit for both training and testing data with correlation
coefficients of 99%. Although the use of ANNs for modeling conventional wastewater treatment systems is not novel, this work constitutes,
to the best of our knowledge, the first reported application of ANNs to photosynthetically oxygenated systems and one of the few models for
microalgae-based treatment processes. This modeling approach is therefore expected to contribute to improve the understanding of the complex
relationships between light, temperature, hydraulic retention time, pollutant concentration and process removal efficiency, which would eventually
promote the development of algal-bacterial processes as a cost effective alternative for the treatment of industrial wastewaters.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction photosynthetic O, supply [3-5]. Additionally, microalgae-based

processes permit to conduct secondary, tertiary and quaternary

In a world simultaneously facing water crisis and global
warming, photosynthetically oxygenated biodegradation pro-
cesses offer an attractive and reliable alternative to conventional
energy-demanding and greenhouse gases-emitting wastewater
treatment processes [1]. In the presence of sunlight, microalgae
consume the CO» released during the bacterial degradation of
organic pollutants, producing in turn the O; required by the latter
process [2]. This oxygenation mode is cheaper (no energy need
for aeration) and has less environmental impacts (low release
of greenhouse gases and volatile organic contaminants) than
conventional treatments because sunlight drives the “in situ”
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treatment in a single step due to the ability of algae to remove
large amounts of nutrients and heavy metals [6—9]. Recent stud-
ies have also shown photosynthetic oxygenation could support
the aerobic treatment of toxic wastes containing pollutants such
as black oil, phenanthrene, phenol, or acetonitrile [5,10-12].
However, despite the merits of this technology, there are only
a few full-scale systems in operation [13,14]. Thus, although
more complex, traditional treatment systems often manage to
provide a more consistent treatment efficiency than micro-algae
based systems, precisely because the poor understanding of the
ongoing processes in algal-bacterial systems makes it difficult
for a plant operator to adjust system operation. In microalgae
based systems, bacterial activity is for instance linked to oxygen
supply, which is itself a function of light penetration and microal-
gae concentration [15]. In addition, microalgae inhibition can
occur at high light intensities (photoinhibition), high biomass
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concentrations (mutual shading), and high pollutant concen-
trations if the process is not properly controlled [9]. Process
control is therefore crucial to promote the development of photo-
synthetically oxygenated processes. Unfortunately, no detailed
mechanistic model for describing algal-bacterial process has
been developed so far.

Artificial neural networks (ANNSs) represent a valuable
instrument in the design and optimization of wastewater treat-
ment processes [16,17]. They are computing systems capable of
modeling complex relationships between inputs and outputs that
infer a function from observations. A properly trained ANN thus
codifies a set of rules within its structure that relate input and out-
put parameters without the need for mechanistic models [18].
This is particularly useful in applications where the complex-
ity of the mechanisms underlying process performance is high,
which is the case of biological treatment processes for pollution
control. Therefore, ANNs have gained an increasing considera-
tion in wastewater treatment modeling and control [17,19]. Cinar
et al., for instance, successfully modeled the performance of a
submerged membrane bioreactor treating cheese-whey wastew-
ater using ANNSs by using a cascade-forward backpropagation
network consisting of a single 3-neurons hidden layer [17]. Like-
wise, effluent BOD and suspended solids (SS) concentration
were accurately predicted in a major WWT plant in Cairo using
two ANNs constructed with past operation data [16]. Besides
providing a valuable tool for performance prediction, ANN can
be used in real-time control during WWT. For instance, Ruey-
Fang et al. improved nitrogen removal in a sequential batch
reactor by using an ANN-based real-time control strategy which
permitted to reduce the retention time of the aerobic and anoxic
zones by 45% and 15.5%, respectively, thereby reducing aera-
tion costs by 45% [20]. Similarly, Choi and Park and Aguado et
al. employed neural networks as software sensors for inferring
wastewater quality parameters such as effluent COD or TKN
concentrations [19,21]. This latter application is particularly use-
ful when the on-line measurement of process variables is costly
or technically difficult as a software sensor can accurately predict
these key variables from other more easily monitored influent
or operation parameters.

This study evaluates the ability of ANNs to describe the
steady-state operation of a continuous algal-bacterial photo-
bioreactor using salicylate as model contaminant. The potential
of the trained ANN as a simulation tool is also investigated. In
addition, the merits and limitations of this modeling approach
are thoroughly discussed.

2. Materials and methods
2.1. Modeling approach

ANNSs are universal approximators for Boolean and con-
tinuous functions that are capable of modeling the complex
relationships between input and output parameters without
requiring a detailed mechanistic description of the phenomena
governing the process [22,23]. In ANNs, each neuron receives
the information from the surrounding neurons multiplied by
a specified weight (w), introduces a constant called bias (),
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Fig. 1. Basic structure of an artificial neuron.

applies a transfer function (f) to the outcome and sends the
result to the surrounding neurons (Fig. 1). The intelligence of
ANNSs and their capability to solve hard problems derives from
the high degree of connectivity, which gives neurons a high com-
putational power [24]. Thus, based on past operation data, ANNs
are capable to model existing relationships between inputs and
outputs and provide solutions to unforeseen problems.

In this study a feed-forward network consisting of a single
hidden neurons layer was selected. With such structure, the infor-
mation from the input neurons undergoes a transformation in
the hidden layer neurons before it is sent to the output neurons
(Fig. 2). The number of neurons per layer should be high enough
to allow the network reproducing the behavior of the system.
However, a too large neuron number can cause data overﬁtting, a
situation that can be encountered when correlating experimental
data. This is due to the fact that the large number of parame-
ters to be adjusted when using too many neurons might induce
the network to memorize the data used in the training while
loosing one of its more functional characteristics: generalization
[25].

In the following, a general description of the ANN developed
is presented. This network consists of m inputs, n outputs, a
single hidden layer of p neurons, and D experimental data sets
for network training. X represents the matrix of input variables
(dimensions: m x D), Yd (n x D) and Ys the matrices of observed
outputs and model outputs, respectively, and S (p x D) the matrix
of outputs from the hidden layer. The bias of the hidden layer and
output layer are herein represented by A (n x D) and B (p x D),
respectively. Finally, the weights matrix of the output layer (Z)
and the weights matrix of the hidden layer are illustrated by Z
(n x p) and W (p x m), respectively.

A sigmoid transfer function ( f) was used in the hidden layer
because such neural networks are universal approximators for
arbitrary Boolean and continuous functions [22,26]. In addi-
tion, sigmoid functions introduce non-linearity into the model,
which significantly increases the computational power of these
modeling networks.
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Since the ANN outputs (removal efficiency, RE) in our system
were within 0—100%, the same sigmoid transfer function ( f) was
used in the output layer. Thus, the results from the output neuron
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Fig. 2. Basic architecture of the artificial neural network proposed.

obtained using Eq. (1), were linearly transformed into RE:

p
Ysia=f @i+ zij-Sja (@)
j=1
m
where sjy = f (bj + ijk -xkd> 3)
k=1
Into matrix notation, Egs. (2) and (3) can be expressed as:
Ys=f(A+2Z-95) 4@
where S = f(B+W-X) &)

The optimum values for connecting weights, bias, and num-
ber of neurons in the hidden layer were obtained through network
training. In this study, a supervised hybrid algorithm combining
backpropagation and random methods for searching the mini-
mum of the error function was used as training methodology
[27]. The mean squared error (MSE) between the experimental
and model outputs was selected as error function:

1 n D s
MSE = ﬁz;;(md — Ysig) (©6)
1= =

To model pollutant biodegradation in an algal-bacterial
photobioreactor, light intensity, temperature, hydraulic reten-
tion time (HRT), and pollutant concentration were selected
as the four input variables for being the most impor-
tant parameters influencing the output variables. Pollutant
removal efficiency was selected as the unique output param-
eter [15]. Pollutant RE in algal-bacterial photobioreactors
is often limited by the oxygenation capacity of microalgae,
which itself is a function of the temperature, light supply,
biomass concentration (X), and inlet pollutant concentration
(S) (oxygenation=£fT, light, X, §)) [15,28]. In most of the
studies reported in literature process performance was lim-
ited by oxygen supply caused by either insufficient light

supply, or too high biomass or too high pollutant concentra-
tion [5,15,29]. Thus, increasing light intensity or temperature
enhanced microalgae activity and with it photosynthetic oxy-
genation, which improves bacterial salicylate biodegradation
(higher RE). Decreasing the HRT however caused an increase
in pollutant inlet load and a decrease in process RE, which
translated into inhibitory salicylate concentrations in the pho-
tobioreactor. Finally, a moderate increase in salicylate inlet
concentration increased algal-bacterial concentration when
the oxygenation capacity of the reactor was not fully used
whereas large increases in pollutant load, at values exceed-
ing the system’s oxygenation capacity, caused a decline in RE
as a result of the salicylate inhibitory effect on microalgae
[29].

Input variables were normalized by setting the mean to O
and the standard deviation to 1 before feeding the network.
Among the 26 steady-state experimental data sets available
to build the ANN, 23 were used for network training and 3
for validation. Due to the low number of experimental data
available, the number of point for validations was low. All sim-
ulations were carried out using MATLAB™ (The Mathworks
Inc., USA).

2.2. Experimental

Data for network training and validation was taken from
Muiioz et al. [15]. The algal-bacterial process was set up in
a magnetically stirred, 600-ml conical glass vessel. The pho-
tobioreactor was inoculated with a mixed culture formed by
the bacteria Ralstonia basilensis (GenBank accession number
AY047217) and the microalgae Chlorella sorokiniana 211/8k
(CAAP Collection, UK). Light was provided by three fluores-
cent lamps (Gelia E27, 15 W) in a triangular configuration. The
photobioreactor was operated at illuminances ranging from 2000
to 15000 lux, salicylate inlet concentrations from 0.75t0 2 g -1
temperatures from 25 to 31 °C, and HRT from 0.5 to 4.5 days.
After each change in one of the process parameters the reac-
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tor was allowed to equilibrate (i.e. reach a steady-state), and
once the salicylate outlet concentration was stable (for a period
of 1 HRT) the reactor was monitored for a period of at least
2 HRT. During that period of time, 3—7 samples (depending on
the duration of the HRT) were withdrawn, and each sample was
considered as a replicate for this specific steady-state. Salicylate
inlet and outlet concentrations were monitored to assess process
performance (evaluated as salicylate RE) and the mean values
of RE within each steady-state used for both model training and
validation. Apart from the steady-state presented in Mufioz et
al. [15], two extra data sets corresponding to process operation
in the absence of light supply (no photosynthetic oxygenation
leading to bioreactor washout) were included within the training
and data sets [15]. The influence of the tested parameters (light,
temperature, HRT, and salicylate inlet concentration) on process
performance (RE) was analyzed using a one-way ANOVA with
significance at P <0.05. For a more detailed description of the
statistical treatment refer to [15].

3. Results and discussion

Wastewater treatment (WWT) in activated sludge processes
is usually described by mechanistic models such as the ASM2D
or ASM3 models [30]. Unfortunately, the application of these
models is often limited by the availability of certain microbio-
logical model parameters or by the mathematical complexity to
describe certain inhibitory mechanisms when dealing with toxic
effluents [30-32]. Likewise, the complexity of the mechanisms
underlying BOD and N removal in algal-bacterial processes
has seriously limited the development of mathematical models
capable to accurately describe and predict these systems.

In this study a network topology using four input neurons
(light, HRT, temperature, and pollutant concentration), one out-
put neuron (RE), and one hidden layer of neurons was used to
describe the steady-state salicylate removal in an algal-bacterial
chemostat. It must be stressed that a single layer of hidden
sigmoid neurons constitutes the simplest structure capable to
simulate any function with a finite number of discontinuities.
During network training, the MSE rapidly decreased when
increasing the number of neurons in the hidden layer up to four
neurons (Fig. 3a). Further increases did not cause a significant
decrease in MSE values. The number of neurons composing the
hidden layer of the ANN was thus selected as the maximum
number of neurons providing a significant decrease in the MSE
between the experimental and model predicted RE in the training
data sets. Similarly, during process validation, the MSE reached
a minimum when the ANN was trained with four neurons in
the hidden layer (Fig. 3b) and increased when increasing the
number of neurons, which was likely due to data overfitting.
Therefore, four neurons provided the best fit of the experimen-
tal data while minimizing at the same time data overfitting. The
fact that four neurons decreased the MSE between experimental
and predicted RE in the validation data only confirmed the good
data fit obtained during ANN training, and was not selected as
the main criterion to establish the optimum number of neurons.

The model herein developed provided a satisfactory correla-
tion of the training data sets with a correlation factor between
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Fig. 3. Influence of the number of neurons in the hidden layer on the mean
square error during network training (a) and testing (b).

observed and model outputs higher than 99% and a MSE of
0.11% (Fig. 3a and 4a). Model testing with the three steady-
states, evenly distributed in the range of experimental RE and not
used during training, exhibited a satisfactory correlation factor of
99% and a MSE of 1.35% (Fig. 3b and 4b). In addition, paired
t-test analyses showed no significant differences (at P <0.05)
between experimental and model generated RE for all data set
used in model training and validation. The correlation achieved
in the present study was however remarkable, taking into account
the relatively low number of steady-states used for training and
testing. The availability of a high number of experimental points
for ANN training would have certainly improved the predictive
capability of the network [16]. This demonstrates the high cor-
relating capacity of this type of black box models. Each steady
was maintained for at least 2 HRT, which limited the number of
steady-states attained during 1 year of experimentation to 26.
The work herein presented is intended to illustrate the merits
of ANNs for modeling and prediction of the performance of
microalgae based processes, and constitutes, to the best of our
knowledge, the first attempt to model the treatment of industrial
wastewaters using algal-bacterial systems.

Despite their merits, ANNs present several drawbacks such
as the great deal of computational efforts needed to adjust the
network parameters or the fact that the individual relationships
between input and output variables are not based on engineering
or mechanistic judgments. In addition, ANNSs are only capable to
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Fig. 4. Model predicted vs. experimental removal efficiencies during network
training (a) and testing (b).

predict process performance within the range of environmental
and operational conditions used during network training, which
can seriously limit their applicability.

In order to illustrate the capacity of the ANN constructed
herein to provide reasonable predictions of process performance,
the influence of light intensity, HRT, and temperature on salicy-
late removal efficiency was evaluated and compared to empirical
results previously reported in literature.

Steady-state simulations showed that operation under high
HRT resulted in high RE (Figs. 5 and 6). The RE of the contam-
inant in the photobioreactor raised due to the inherent decrease
of the pollutant loading rate at higher HRT and due to the fact
that the oxygenation capacity of the system increased supported
by the increasing biomass concentration with increasing HRT.
The negative impact of mutual shading, caused by the increasing
biomass concentration (due to the increasing substrate consump-
tion), was negligible compared to the RE enhancement derived
from the longer HRT. Operation at high retention times (HRT >3
days in this photobioreactor configuration) is therefore recom-
mended to provide an oxygenation capacity higher than the
influent BOD load. This is in accordance to the experimental
observations of Muiloz et al. who reported complete removal
of acetonitrile when a tubular photobioreactor was operated at
high HRT (2.5 days) [5]. Simulation results confirmed thus the
superior performance of enclosed photobioreactors compared
to conventional stabilisation ponds, where retention times rang-

Fig. 5. ANN prediction of the influence of the HRT and light intensity on
the removal efficiency of an enclosed algal-bacterial photobioreactor treating
1 gsalicylate1~! at 30°C.

ing from 10 to 30 days are required for complete WWT under
similar BOD concentrations [3,9].

The influence of light input on process efficiency was only
significant at low light intensities (2000-5000 lux) (Fig. 5). This
is explained because algal activity increases with light intensity
up to a certain level where the photosynthetic apparatus becomes
saturated [33,34]. This relationship is, however, only valid at low
cellular densities where all the cells received the same amount
of energy. At high cell densities mutual shading is likely to occur
and light intensity within the reactor becomes a function of the
biomass concentration, which itself is a function of the HRT
[35]. Thus, the fact that RE, and therefore the concentration of
the algal-bacterial biomass, was influenced by the HRT might
explain the different rates of increase of RE with increasing light
intensities (Fig. 5). In addition, high HRT supported total pol-
lutant removal and consequently the influence of light intensity
under these particular conditions was negligible.

100+
80+

60+

RE (%)

40

20—+~

Fig. 6. ANN prediction of the influence of the HRT and temperature on
the removal efficiency of an enclosed algal-bacterial photobioreactor treating
1 g salicylate1~! under continuous lighting at 4000 lux.
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Process efficiency significantly increased at high tempera-
tures as RE approached 100% at 32 °C even at 0.5 days of HRT.
Complete pollutant removal was achieved at a HRT higher than 2
days when the process was operated at 30 °C (Fig. 6). This result
is not surprising considering the fact that the process was limited
by microalgal activity (i.e. oxygen supply, [5]) and taking into
account that C. sorokiniana is a thermophilic microalgae capable
to support good photosynthetic productivity even at46.5 °C [36].
This is also in agreement with the results of Mufoz et al. who
observed an increase in phenanthrene removal rates when pro-
cess temperature increased from 25 to 29 °C [29]. Therefore, the
good correlation coefficients for both training and validation data
sets, together with the results of the paired #-test and the realistic
descriptions of process performance illustrated in Figs. 5 and 6
provide a satisfactory evidence of model robustness and predic-
tion potential. In addition, the fact that the ANN was capable to
successfully simulate the influence of HRT, T and light intensity
on process RE producing a smooth surface function confirmed
the absence of overfitting in the model herein proposed despite
the low number of experimental data set available for training.
Indeed, overfitting would have generated random peaks or val-
leys within the surface functions generated in Figs. 5 and 6.
However, these phenomena were not observed in the model
simulations carried out.

Finally, the sensitivity of the predicted removal efficiency
(RE) to the input parameters in the model was investigated. This
analysis was performed using the ratio between the relative vari-
ation of the removal efficiency and the relative variation of the
target parameter as response variable. Thus, the sensitivity ratio
(SR) for a generic parameter P was defined as follows:

ARE/RE
SR = 100———— @)
AP/P

In our particular case, the study was performed during oper-
ation at illuminances of 7500 lux, salicylate inlet concentrations
of 1g1~!, HRT of 1.5 days, and temperatures of 29°C. SR
of 56, —186, 122 and 127% were obtained when increasing
lighting, salicylate inlet concentration, HRT and T by 20%,
respectively. These results predict a decreasing process perfor-
mance at increasing salicylate concentrations and point out the
HRT and temperature as the main operation parameters enhanc-
ing process efficiency.

4. Conclusions

Despite its simplicity, the ANN herein proposed was capable
to accurately describe the steady-state operation of a photo-
synthetically oxygenated biodegradation process. The network
provided a satisfactory fit of both training and testing data,
being to the best of our knowledge, the first reported applica-
tion of ANNs to microalgae-based processes, and one of the
few modeling approaches available in literature in the field of
applied phycology. This good performance should be however
validated with a greater amount of data, since in this particular
case, the long time required to achieve each steady-state limited
the number of experimental data available for network training
and validation. The use of ANNS represents thus a robust mod-

eling approach which is expected to contribute to improve the
understanding and control of the complex relationships between
environmental and operational variables, and treatment perfor-
mance in photosynthetically oxygenated processes.

Acknowledgements

This research was supported by SIDA (The Swedish Inter-
national Development Cooperation Agency) and the Spanish
Ministry of Education and Science (JCI-2005-1881-5 contract).

Appendix A. Supplementary data

Supplementary data associated with this article can be found,
in the online version, at doi:10.1016/j.jhazmat.2007.11.027.

References

[1] UNFCCC, United Nation Framework Convention on Climate Change.
http://unfccc.int.

[2] W.J.Oswald, Micro-algae and waste-water treatment, in: M.A. Borowitzka,
L.J. Borowitzka (Eds.), Micro-Algal Biotechnology, Cambridge University
Press, 1988, pp. 305-328.

[3] A. Abeliovich, Algae in wastewater oxidation ponds, in: A. Richmond
(Ed.), Handbook of Microalgal Mass culture, CRC Press, 1986, pp.
331-338.

[4] J. Bell, H. Melcer, H. Monteith, I. Osinga, P. Steel, Stripping of volatile
organic compounds at full-scale municipal wastewater treatment plants,
Wat. Environ. Res. 65 (1993) 708-716.

[5] R. Muiioz, M.S.A. Jacinto, B. Guieysse, B. Mattiasson, Combined carbon
and nitrogen removal from acetonitrile using algal-bacterial reactors, Appl.
Microbiol. Biotechnol. 67 (2005) 609-707.

[6] G. Laliberté, G. Proulx, N. Pauw, J. De la Noiie, Algal technology in
wastewater treatment, Ergenisse Limnologie 42 (1994) 283-302.

[7] R.O. Caiiizares-Villanueva, Biosorption of heavy metals by using micro-
bial biomass (Biosorcion de metales pesados mediante el uso de
biomasa microbiana), Revista Latinoamericana de Microbiologia 42 (2000)
131-143.

[8] Malik, Metal bioremediation through growing cells, Environ. Int. 30 (2004)
261-278.

[9] R. Mufioz, B. Guieysse, Algal-bacterial processes for the treatment of
hazardous contaminants: a review, Water Res. 40 (2006) 2799-2815.

[10] E. Safonova, I.A. Dmitrieva, K.V. Kvitko, The interaction of Algae with
alcanotrophic bacteria in black oil decomposition, Resour. Conserv. Recy.
27 (1999) 193-201.

[11] E. Safonova, K.V. Kvitko, M.I. Tankevitch, L.F. Surgko, [.LA. Afri, W.
Reisser, Biotreatment of industrial wastewater by selected algal-bacterial
consortia, Eng. Life Sci. 4 (2004) 347-353.

[12] X. Borde, B. Guieysse, O. Delgado, R. Munoz, R. Hatti-Kaul, C.
Nugier-Chauvin, H. Patin, B. Mattiasson, Synergistic relationships in algal-
bacterial microcosms for the treatment of aromatic pollutants, Bioresource
Technol. 86 (2003) 293-300.

[13] D.D. Mara, H. Pearson, Artificial freshwater environment: waste sta-
bilization ponds, in: H.J. Rehm, G. Reed (Eds.), Biotechnology,
Velagsgesellschaft, 1986, pp. 177-206.

[14] J. De la Noiie, G. Laliberte, D. Proulx, Algae and waste-water, J. Appl.
Phycol. 4 (1992) 247-254.

[15] R. Muiioz, C. Kollner, B. Guieysse, B. Mattiasson, Photosynthetically
oxygenated salicylate biodegradation in a continuous stirred tank photo-
bioreactor, Biotechnol. Bioeng. 87 (2004) 797-803.

[16] M.M. Hamed, M.G. Khalafallah, E.A. Hassanien, Prediction of wastewa-
ter treatment plant performance using artificial neural networks, Environ.
Modell. Softw. 19 (2004) 919-928.


http://dx.doi.org/10.1016/j.jhazmat.2007.11.027
http://unfccc.int/

A. Arranz et al. / Journal of Hazardous Materials 155 (2008) 51-57 57

[17] O. Cinar, H. Hasar, C. Kinaci, Modeling of submerged membrane bior-
reactor treating cheese whey wastewater by artificial neural network, J.
Biotechnol. 123 (2006) 204-209.

[18] R.G. Magali, PE.M. Almeida, M.G. Simoes, A comprehensive review
for industrial applicability of artificial neural networks, IEEE Trans. Ind.
Electron. 50 (2003) 585-601.

[19] D.J. Choi, H. Park, A Hybrid artificial neural network as a software sensor
for optimal control of a wastewater treatment process, Wat. Res. 35 (2001)
3959-3967.

[20] Y. Ruey-Fang, L. Shu-Liang, C. Chen-Nan, Cheng, Wan-Yuan, Apply-
ing real-time control to enhance the performance of nitrogen removal
in the continuous-flow SBR system, Wat. Sci. Technol. 38 (1998)
271-280.

[21] D. Aguado, A. Ferrer, A. Seco, J. Ferrer, Comparison of different predictive
models for nutrient estimation in a sequencing batch reactor for wastewater
treatment, Chemometr. Intell. Lab. Syst. 84 (2006) 75-81.

[22] G. Cybenko, Approximation by superposition of sigmoidal function, Math.
Control Signal Systems 2 (1989) 303-314.

[23] Lau, Neural Networks Theoretical Foundations and Analysis, IEEE Press,
1991.

[24] N.Malik, Artificial Neural Networks and their Applications. National Con-
ference on Unearthing Technological Developments and their Transfer to
Serving Masses, Mathura, India, 2005, pp. 17-18.

[25] K. Hornik, Approximation capabilities of multilayer feedforward networks,
Neural Networks 4 (1991) 251-257.

[26] K. Hornik, M. Stinchcombe, H. White, Multilayer feedforward networks
are universal approximators, Neural Networks 2 (1989) (1989) 359-366.

[27] J.M. Zamarreiio, P.A. Gonzalez, A hybrid method for training a feedback
neural network, in: First International ICSC-NAISO Congress on Neuro
Fuzzy Technologies NF Havana, Cuba, 2002.

[28] A. Richmond, Principles for attaining maximal microalgal productivity in
photobioreactors: an overview, Hydrobiologia 512 (2004) 33-37.

[29] R. Muioz, B. Guieysse, B. Mattiasson, Phenanthrene degradation by an
algal-bacterial consortium in two-phase partitioning bioreactors, Appl.
Microbiol. Biotechnol. 61 (2003) 261-267.

[30] M. Henze, W. Gujer, T. Mino, M. van Loosdrecht, Activated sludge models
ASM1, ASM2, ASM2d and ASM3, IWA Publishing, London, 2000.

[31] H. Yu, B.J. Kim, B.E. Rittmann, A two-step model for the kinetics of
BTX degradation and intermediate formation by Pseudomonas putida F1,
Biodegradation 12 (2001) 465—475.

[32] S. Bordel, R. Muiioz, L.F. Diaz, S. Villaverde, New insights on toluene
biodegradation by Pseudomonas putida F1: Influence of pollutant concen-
tration and excreted metabolites, Appl. Microbiol. Biotechnol. 74 (2007)
857-866.

[33] R. Sorokin, W. Krauss, The effects of light intensity on the growth rates of
green algae, Plant Physiol. 33 (1958) 109-113.

[34] C.Contreras-Flores, J.M. Pena-Castro, L.B. Flores-Cotera, R.O. Canizares-
Villanueva, Advances in conceptual design of photobioreactors for
microalgal culture, Interciencia 28 (2003) 450-456.

[35] E.G. Evers, A model for light-limited continuous cultures—growth, shad-
ing, and maintenance, Biotechnol. Bioeng. 38 (1991) 254-259.

[36] M. Morita, Y. Watanabe, H. Saiki, High photosynthetic productivity of
green microalga Chlorella sorokiniana, Appl. Biochem. Biotechnol. 87
(2000) 203-218.



	Modeling photosynthetically oxygenated biodegradation processes using artificial neural networks
	Introduction
	Materials and methods
	Modeling approach
	Experimental

	Results and discussion
	Conclusions
	Acknowledgements
	Supplementary data
	References


