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Abstract
Computational self-adapting methods (Support Vector Machines, SVM) are compared with an analytical method in effluent
composition prediction of a two-stage anaerobic digestion (AD) process. Experimental data for the AD of poultry manure were
used. The analytical method considers the protein as the only source of ammonia production in AD after degradation. Total
ammonia nitrogen (TAN), total solids (TS), chemical oxygen demand (COD), and total volatile solids (TVS) were measured in
the influent and effluent of the process. The TAN concentration in the effluent was predicted, this being the most inhibiting and
polluting compound in AD. Despite the limited data available, the SVM-based model outperformed the analytical method for the
TAN prediction, achieving a relative average error of 15.2% against 43% for the analytical method. Moreover, SVM showed
higher prediction accuracy in comparison with Artificial Neural Networks. This result reveals the future promise of SVM for
prediction in non-linear and dynamic AD processes.
Keywords Anaerobic digestion . Protein degradation . Machine learning . Prediction methods . Support vector machines

Introduction
Among other agricultural wastes, Poultry Manure (PM) emits
over four times as much N2O than swine housing, on a
weight-adjusted basis (Powers and Capelari 2017). Hence,
controlling and mitigating nitrogen species from PM through
biological or physical treatment are required. PM has a high
nutritional value and is commonly used as an organic fertilizer, recycling nutrients such as nitrogen, phosphorous, and potassium, which have traditionally been spread on soil as an
amendment (Kelleher et al. 2002). However, the overapplication of PM can lead to the enrichment of nutrients in
water, which can result in eutrophication of water bodies,
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spread of pathogens, production of phytotoxic substances,
air pollution, and emission of greenhouse gases
(Abouelenien et al. 2014; Ghaly and Macdonald 2012;
Kelleher et al. 2002). Anaerobic Digestion (AD) is an important and advantageous process in livestock manure waste
treatment. It converts plant biomass, crop residues, animal
manures, and other organic wastes into biogas, a renewable
fuel comprised by a mixture of carbon dioxide and methane
gases, further used to produce green electricity, while reducing
the environmental hazard of livestock waste and providing
stabilization and deodorization (Holm-Nielsen et al. 2009;
Roshani et al. 2012).
PM contains protein concentrations slightly higher than
other livestock residues; around 2500 mg protein/L fresh manure (calculated based on the TKN concentration in the manure). Other values reported for piggery and fishery AD effluents are 2000 and 700–840 mg protein/L, respectively
(Mosquera-Corral et al. 2001). When degraded during the
AD process, protein is degraded into a pollutant known as
ammonia. Moreover, methane production is vulnerable to inhibition by certain chemicals, ammonia (NH3), ammonium
(NH4+), and high concentrations of total solids (TS), being
the most significant inhibitors (Bujoczek et al. 2000; Hansen
et al. 1998; Yenigün and Demirel 2013). Additionally, since
poultry manure has a higher concentration of protein in
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comparison to other livestock manure, the degradation of this
organic compound will be progressively retarded by the carbohydrates present in the feed, leading to an incomplete digestion of proteins (Breure et al. 1986). As a result, ammonia
and ammonium (the sum of both is the Total Ammonia
Nitrogen (TAN)) accumulate during the protein breakdown
in AD. PM has a high concentration of TS, which can reach
levels as high as 20–25 [%w/w] (Iyappan et al. 2011). High
TS concentration can cause a decrease in performance by
ammonia accumulation during AD (Alejo-Alvarez et al.
2016; Bujoczek et al. 2000). A common method to deal
with this problem relies on diluting PM to 0.5–3.0% TS,
thereby eliminating ammonia inhibition from the digestion
(Bujoczek et al. 2000). Hence, it is important to find the
optimal range of TS concentration for which the performance of the AD process is optimal and to discover when
the inhibition by ammonia begins.
Conducting AD in one reactor may present operational
disadvantages such as an increase in the reaction volume,
retention times, and concentration of inhibiting substances
(Borowski et al. 2014). Although the investment costs can
be lower than in one-stage AD process, the organic matter
removal efficiency is lower in one-stage AD systems. It is well
studied that hydrolysis is the limiting step in AD processes
(Gavala et al. 2003). Experiments demonstrated that
conducting the AD process in separate stages—thermophilic
hydrolysis (50–55 °C) and mesophilic methanogenesis
(35 °C)—increases the overall efficiency and reduces the residence time (Blumensaat and Keller 2005). As a result, smaller reactor volumes offset the higher investment of a two-stage
AD process. Thus, thermophilic and mesophilic regimes are
typically adopted as they exhibit a higher rate of destruction of
organic solids, liquids, and pathogenic organisms.
The study of an anaerobic digestion response under disturbances usually involves applying traditional mathematical
modeling techniques such as the Anaerobic Digestion Model
No. 1 (ADM1), which considers a mass balance of soluble and
particulate species where the stoichiometry and kinetics stoichiometry are considered during the non-steady-state modeling of AD (Batstone et al. 2002). ADM1 is capable of
predicting the AD response (i.e., product concentration profiles) in the effluent that includes total inorganic nitrogen,
chemical oxygen demand (COD), total volatile solids (TVS),
etc. However, ADM1 can only be applied to very restricted
scenarios and conditions, and a huge amount of work would
be required to adapt all its variables and obtain the parameters
for dynamic conditions in each experiment, such as pH, temperature, concentrations of specific substrates, products, and
contaminants (Cao et al. 2016). In the case of TAN, complex
models such as ADM1 often use model proteins such as gelatin to predict the effluent composition of a defined AD process, and moreover, increasing TS concentration is not related
to the inhibition kinetics presented in ADM1. As a result, the
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prediction of TAN and other sub-products in the effluent of
AD systems is inaccurate (Batstone et al. 2015; Bergland et al.
2011; Donoso-Bravo et al. 2011; Kleerebezem and van
Loosdrecht 2006; Rivera-Salvador et al. 2015). Due to the
complex composition of PM, like other organic and agricultural wastes, a simple method to determine the exact composition of the main protein, and therefore to estimate accurately
the production of ammonia in AD, is inexistent.
Consequently, no insights into the physical, chemical, and
biological processes occurring in the system can be obtained
from these deterministic models. Hence, new robust and
adaptable ADM1-based approaches are required to accurately
predict the AD compounds (i.e., ammonia) in the effluent
under disturbances.
A popular computational prediction strategy to efficiently
model and study these systems is based on self-adapting techniques, aka, Machine Learning (ML) which consists of a
group of methods for intelligent data analysis that automate
analytical model building (Corominas et al. 2017; Guo et al.
2015). By using algorithms that iteratively learn from data,
ML allows computers to find hidden insights without being
explicitly programmed on where to look.
Some popular ML techniques include Artificial Neural
Networks (ANN) and Support Vector Machines (SVM) for
classification, prediction, etc. (based on supervised ML). A
feedforward ANN model transforms sets of input data onto a
set of appropriate outputs. A feed forward ANN uses a supervised learning technique called backpropagation for training
the network which calculates the gradient of the loss function
with respect to the weights in an ANN. It is commonly used as
a part of algorithms that optimize the performance of the network by adjusting the weights (i.e., the gradient descent method). Here, supervised is referred to as the ML task of inferring
a function from labeled training data (i.e., past experience or
training examples used to fit the prediction model), which can
be used for mapping new examples. An optimal scenario allows for the method to correctly predict the class labels (or
values) for unseen instances. On the other hand, a SVM is a
discriminative classifier formally defined by a separating hyperplane. Given labeled training data (supervised learning),
the method outputs an optimal hyperplane (the model) which
categorizes (or predicts) new examples. An SVM model is a
representation of the examples as points in space, mapped via
a non-linear kernel (or mapping) function so that the examples
of the separate categories are divided by a clear gap that is as
wide as possible. Typical mapping functions include linear,
polynomial, spline, and radial basis. New examples are then
mapped into that same space and predicted to belong to a
category based on which side of the gap they fall.
SVM are based on the structured risk minimization principle that seeks to automatically minimize an upper bound of the
generalization error instead of the empirical error as in ANNbased learning methods. To this end, input data (i.e., input
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vectors) in SVM are non-linearly mapped into a very high
dimension feature space, in which a linear decision surface
can be constructed to map unseen data (Cortes and Vapnik
1995). Both ANN and SVM use the principle of risk
minimization (RM) to find optimal data separation so as to
improve their generalization ability. However, SVM uses the
Structural RM (SRM) principle to minimize an upper bound
on the expected risk, whereas ANNs use traditional Empirical
RM (ERM) to reduce the error on the training data (Samanta
et al. 2003). So far, the most applied technique for prediction
of biological processes is ANN; however, recent studies have
shown the predictive potential of SVM. Guo et al. (2015)
applied successfully both ANN and SVM in the effluent prediction of a wastewater treatment plant and food waste where
SVM was the most accurate method; this study suggested both
methods for an early prediction of water quality. Therefore, it
is interesting to study the predictive potential of SVM.
From the above, the main claim of this research is that the
ML method Support Vector Machines (SVM) can accurately
predict the TAN (inhibitor) concentration for the effluent during a two-stage AD process of poultry manure in comparison
with an analytical method, during three phases of operation:
start up, optimal performance, and inhibition. To this end, a
stoichiometry-based analytical method was first developed in
order to predict the production of ammonium at steady state.
At the same time, a new approach is presented for the prediction of ammonium in AD by applying ML techniques. AD
processes are highly dynamic and complex; hence, SVM
might be powerful tools to automatically create prediction
models that are independent of the physical, hydraulic, and
biochemical complexity usually involved in a conventional
AD mathematical model. By using this kind of approach to
learn from historical data, process planning can be achieved
under different and dynamic operating conditions by using
experimental data obtained for chemical oxygen demand
(COD), total volatile solids (TVS), and most importantly,
Fig. 1 Scheme of the anaerobic
digestion of the poultry manure
(PM) system. a Thermophilic
hydrolysis reactor (temperature =
55 °C and volume = 1.25 L). b
Mesophilic methanogenic reactor
(temperature = 35 °C and
volume = 4 L). (Colors should be
used in print)
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TAN which is by far the most important inhibitor of the AD
process. Unlike traditional modeling methods, SVM-based
approaches do not require manual adjustment and evaluation
of parameters related to the system’s biochemistry, as these are
automatically conducted through the techniques from supervised data in order to generate prediction for unseen data. The
applicability and limitations of the proposed methods are validated and discussed through experimental data, respectively.

Materials and methods
Experimental procedures: AD process of PM
The experimental work was conducted in two glass-made
bubble column anaerobic reactors with 1.25 and 4 L capacity,
respectively (Fig. 1). The inoculum was degassed biomass
anaerobic sludge from a wastewater treatment plant in
Concepción, Chile. The reactor was fed with PM diluted to
1.58% total solids (TS) and increased gradually to 5.75% TS.
Throughout all the study, the organic loading rate (OLR) was
intended to be maintained constant through the control of the
TS concentration; however, this was not possible (see Table 4,
COD concentration). The OLR varied throughout the study,
Table 5 summarizes the values of HRT, average COD and
OLR for each operational phase studied.
The temperature was set at 55 and 35 °C in the first and
second reactors, respectively. The pH was not controlled as it
was in the range of 7.5–7.8 in both reactors.
The operation of the AD process took place over 4 months.
The start-up was held on in the first phase (I), when the acclimatization of biomass was prioritized. During the second
phase (II), optimal production of biogas was observed.
Finally, during the third phase (III), TAN inhibition was detected as a result of the increase in the TS concentration. The TAN,
chemical oxygen demand (COD), and total volatile solid
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(TVS) concentrations were measured in the influent stream of
the first reactor and the effluent of the second reactor: 45 measurements were registered from each. However, after the preprocessing of the data, 37 measurements were selected; subsets
for training and validation were calculated from these 37 measurements (this will be studied later in this research). The protein content in the influent was calculated with a conversion
factor (CV) of 6.25, and the TAN content in the influent stream
was measured as detailed elsewhere (Boisen et al. 1987).

Analytical methods
As a part of our baseline, an analytical method was constructed to predict the TAN in a two-stage AD process. The method
assumes that the only source for producing TAN in PM is the
protein which will be further degraded to TAN in the AD
process. To this end, the chemical formula of the PM protein
is first determined based on its amino acid content. The stoichiometry for the acidogenic step is then estimated and
adapted according to the procedure proposed by Ramsay
and Pullammanappallil (2001). Finally, a steady-state balance
for TAN leads to an equation that allows for the prediction of
TAN in the effluent of the AD process.
Determining the chemical formula of the poultry manure
protein
Table 1 shows the average amino acid composition of the poultry manure protein (PMP). This information was used to determine the empirical chemical formula of the PMP, from fresh and
dried manure samples (Ghaly and Macdonald 2012). The PMP

Table 1

Main amino acid (AA) composition of poultry manure protein

Amino acid

Molar fractiona (mol AA/mol prot)

Alanine
Glutamic Acid
Leucine
Serine
Valine
Threonine
Lysine
Phenylalanine
Arginine
Histidine
Methionine
Cystine
Total

0.28
0.16
0.14
0.08
0.08
0.05
0.05
0.05
0.04
0.03
0.03
0.01
1.00

AA amino acid
a

Ghaly and Macdonald 2012

consisted of 12 amino acids (alanine, glutamic acid, threonine,
arginine, phenylalanine, valine, methionine, histidine, serine,
leucine, lysine, and cysteine), which were used to calculate the
empirical chemical formula (Chang and College 2002).

Estimating stoichiometry
In order to derive stoichiometry coefficients of protein degradation (PD), acidogenic fermentation of protein to organic
acids and by-products (i.e., ammonia) was applied to a theoretically derived stoichiometric coefficients approach
(Ramsay and Pullammanappallil 2001). However, since this
model does not take into account the solubilization yield of
protein in the hydrolytic step, some adaptations were made so
as to represent the degradation of the PMP while focusing on
the ammonia produced in the AD process. To this end, a fraction of the protein was assumed to be non-soluble (Pr)ns in the
hydrolytic step (Eq. 1) so that the soluble protein (Pr)s can be
degraded to organic acids and ammonia in the acidogenic step
(Eq. 2). Thus, the stoichiometric coefficients (αi) in the
acidogenic step are calculated according to the procedure derived by Ramsay and Pullammanappallil (2001). The stoichiometric coefficient of ammonia was modified to αamm and calculated using the same approach as for the other stoichiometric coefficients, which aims to increase the effectiveness of the
method. Since the protein is the only carrier of nitrogen, the
ammonia produced in the AD of PM was due to the degradation of the soluble protein in this substrate. Accordingly, the
hydrolytic (Eq. 1) and acidogenic steps (Eq. 2) of the reaction
were modified as follows:
ðPrÞis → Y e ðPrÞs þ ðPrÞns

ð1Þ

ðC 3:81 H 7:81 O2 N Þs þ αw H 2 O → αac CH 3 COOH
þ αprop CH 3 CH 2 COOH þ αbut CH 3 ðCH 2 Þ2 COOH
þ αval CH 3 ðCH 2 Þ3 COOH þ αarom C 5 H 7 O2 N
þ αamm N H 3 þ αCO2 CO2 þ αH 2 H 2

ð2Þ

For the hydrolytic step, a solubilization yield (Ye) of 0.82
was considered, which is the same as that used in the ADM1
model of organic substrates (Angelidaki et al. 1999), depending on the type of waste. In order to estimate the stoichiometric coefficients in the acidogenic step and therefore the ammonia stoichiometric coefficient, Eq. 3 and data shown in Table 3
of the Appendix were used.
Table 3 shows the stoichiometric coefficients of each amino acid in the PMP acidogenic degradation. Thus, coefficients
were estimated as follows:
The stoichiometric coefficient corresponding to the
acidogenesis of each amino acid is multiplied by the molar
fraction of this amino acid in the PMP.
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The products are added together to obtain an average stoichiometric coefficient (Eq. 3).
αi ¼ ∑ j f j  β j

ð3Þ

where fj and βj are the molar fraction of the jth amino acid in
the protein and the stoichiometric coefficient of the ith product
in the fermentation of the jth amino acid, respectively.
Since most of the ammonia produced during anaerobic
digestion stays in the water in the form of ammonium or
ammonia, the concentration of TAN in the effluent is calculated as follows:


MW TAN
TAN
C PMP
¼
C
þ
ν
Y
ð4Þ
C TAN
i PMP
out
in
in f PMP
M W PMP
where
f PMP

TVS in − TVS eff
¼
TVS in


ð5Þ

TAN
and C TAN
are the concentrations of TAN in the
out and C in


M W TAN
effluent and influent, respectively. The term ν i Y PMP M
W PMP

C PMP
in f PMP represents the TAN produced by biochemical reactions in the AD, where C PMP
is the poultry manure protein
in
concentration in the influent, νi is the molar stoichiometric
coefficient, YPMP is the solubilization yield of solid protein to
soluble protein, MWTAN is the molecular weight of the ammonia, and MWPMP is the molecular weight of the manure model
protein. Finally, fPMP is the soluble protein conversion to ammonia in the AD process, which was calculated according to
Eq. 5 for each experimental point, where TVSin and TVSeff are
the concentrations of total volatile solids in the influent of the
first reactor and effluent of the second reactor, respectively.

Predicting TAN contents
Data pre-processing: normalization and feature selection
From all the data obtained, missing values were omitted when
selecting the representative dataset in this work (gray-hatched
values in Table 4). The remaining data were first normalized to
have the same range of values for all features. This normalization was done by dividing each variable by the maximum
value in the set.
x
xnij ¼ max ijx where i = TANin, CODin, TVSin, etc. ; j = 1,
ð ij Þ
…, 37.
where xnij is a normalized data point (i.e., xij) from the ith
variable (i = TANin, CODin, TVSin, etc.) and jth position.
A key issue with prediction models is that some data features might be either redundant or non-relevant, affecting the
accuracy of the task. In order to choose the best set of features
representing those data, three tasks were performed; a

correlation matrix was calculated, the rank of the most important variables was determined, and a recursive feature selection was performed using Random Forest algorithm and functions from the caret package (Kuhn 2008). This feature selection process was performed in R (R Foundation for Statistical
Computing 2016), after the normalization of the data set. In
this research, 45 instances were initially studied; however, due
to missing values among the data set, a subset of 37 instances
was finally selected.
Prediction of TAN through support vector machines
In order to apply the SVM technique for predicting TAN in the
effluent of a two-stage AD process, a SVM model was built,
adapted, and compared to the previously described analytical
method by using experimental data obtained from the twostage lab scale AD process (Table 4 in the Appendix). In this
study, SVM were Btrained^ in order to automatically create a
prediction model by using a minimum relevant number of
features, which primarily characterize the system conditions
(Samanta et al. 2003). SVM were then compared with our
analytical method in the prediction of TAN, in the AD process.
A basic scheme for SVM-based problems can be seen in Fig. 2.
A basic SVM deals with two-class problems—in which the
data are separated by a hyperplane defined by a number of
support vectors. The SVM can create a hyperplane between
two sets of data for classification or regression problems. Let x
denote the input vector of the SVM and z denote the feature
space vector which is related to x by a transformation, z = ϕ(x).
Let the training set {xi, di} consist of m data points where xi is
the ith input pattern and di is the corresponding target value,
di ϵ ℝ. The function f(x) is represented using a linear function
in the feature space,
f ð xÞ ¼ ω ∙ ϕ ð xÞ þ b

ð6Þ

where b denotes the bias and ω is the Bflatness^ parameter
(Smola and Scholkopf 2004). As in all SVM designs, we
define the kernel function, where B∙^ denotes inner product k
ðx; ^xÞ ¼ ϕðxÞ∙ϕð^xÞ where B∙^ denotes the inner product in the z
space. Thus, all computations will be done using only the
kernel function. This inner-product kernel helps in taking the
dot product of two vectors in the feature space without having
to construct the feature space explicitly. The goal of SVM
regression is to estimate a function f(x) that is as Bclose^ as
possible to the target values di for every xi and at the same
time, is as Bflat^ as possible for good generalization. Flatness
in the case of eq. 6 means that one seeks a small ω. One way to
ensure this is to minimize the norm, i.e., ‖ω‖2 = ω ∙ ω. This
results in a convex optimization problem:
1
k ωk 2
2
Subject to : d i − ω ⋅ ϕðxÞ − b≤ ε
minimize

ð7Þ
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Fig. 2 Scheme of a SVM-based
prediction model

The tacit assumption is that the function f actually exists
and approximates all pairs {xi, di}, with ε precision. SVM use
the principle of risk minimization (RM) to find optimal data
separation so as to improve their generalization ability.
Moreover, SVM use the Structural RM (SRM) principle to
minimize an upper bound on the expected risk and therefore
to ensure a non-over fitted model (Samanta et al. 2003).

Results and discussion
In order to assess the effectiveness of our approach, SVM were
trained and tested by using the WEKA toolkit so as to predict
TAN in the influent of the process in the AD process. For this
purpose, data pre-processing and feature selection tasks were
conducted for training and testing the models using the data
shown in Table 4. These self-adapting prediction methods were
then compared to classical analytical methods for predicting
TAN for a two-stage AD process. Here, the chemical formula
of the PM and the (stoichiometric) coefficients of hydrolysis and
acidogenesis reactions were determined. Thus, a balance was
used to predict the concentration of TAN in the final effluent
of the two-stage AD, based on the determined coefficients.

essential amino acids, which are composed of glutamic acid
(Hall et al. 2009). Hence, the significant content of glutamic
acid in PM may be due to the supplement. As a result of the
amino acid content, the average formula of the PM becomes
C3.8H7.8N1O2 with a molecular weight of 99.53. Sulfur was not
considered to determine the molecular formula as it is negligible.
Next, the overall stoichiometric coefficients of the
acidogenic phase were determined by analyzing the stoichiometric coefficients of each amino acid in the PMP (Hall et al.
2009), as seen in the last arrow of Table 3 in the Appendix,
which were derived from Eq. 3. The resulting reactions determined in this research for the degradation of PMP are summarized in Eqs. 8 and 9:
Hydrolytic reaction:
ðC 3:81 H 7:81 O2 N Þis → 0:82ðC 3:81 H 7:81 O2 N Þs þ 0:18 ðC 3:81 H 7:81 O2 N Þin ð8Þ

Acidogenic reaction:
ðC 3:81 H 7:81 O2 N Þs þ 4:74 H 2 O → 0:86 CH 3 COOH
þ 0:1 CH 3 CH 2 COOH þ 0:34 CH 3 ðCH 2 Þ2 COOH
þ 0:21CH 3 ðCH 2 Þ3 COOH þ 0:06C 5 H 7 O2 N
þ 1:87 N H 3 þ 1:07CO2 þ 1:20H 2

Determining the formula and coefficients
of analytical methods
The empirical chemical formula of the PMP was determined
from its main components (Table 1). A poultry diet is often
supplemented with semi-purified diets that contain crystalline

ð9Þ

Once the formula and the coefficients were determined
for manure protein degradation, the mass balance was
applied (Eq. 4) in order to predict the TAN production
in the AD process of PM. Figure 3 shows the results of
the predicted TAN concentration for the analytical model,
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Fig. 3 Predicted and experimental TAN concentration in the effluent of a two-stage anaerobic digestion process during three operational phases: start-up,
optimal operation, and inhibition for the analytical method

in which the prediction comes closer to the experimental
data for certain regions. Results showed an increase in the
concentration of TAN in the effluent due to a TS increase,
leading to inhibition of the process and inaccuracy. The
Mean Absolute Error (MAE) of the prediction was 0.682,
which is mainly due to phases I and III, the start-up and
inhibition phases, respectively, where the MAE was 0.65
and 0.92, respectively, revealing an over-estimation of the
ammonium produced by the AD process.
In order to confirm the inhibition in the AD process, the
biogas (i.e., methane) was measured during the operation of
the AD. The methane produced during phase I (start-up) and
phase II fluctuated between 2.90 ± 0.06 and 4.80 ± 0.06 L CH4/
day, whereas during phase III, it dropped to 1.80 ± 0.03 L CH4/
day, and the decline in biogas production being attributed to the
inhibition by ammonia and an increase in TS. This finding is
consistent with previous research that showed the direct relation
between the inhibition by ammonia and an increase in TS concentrations (Bujoczek et al. 2000). Furthermore, the dilution of
PM improved the conditions and production of methane in the
AD. Mathematical modeling of AD processes in separate stages
and under thermophilic conditions has also been studied
(Blumensaat and Keller 2005; Siegrist et al. 2002a).
Blumensaat and Keller (2005) adapted the kinetics and stoichiometric parameters in ADM1 for modeling a mesophilic
two-stage AD process. On the other hand, Siegrist et al.
(2002) proposed an extension to ADM1 under mesophilic
and thermophilic conditions focusing on acetotrophic
methanogenesis and propionate degradation in a continuous
stirred tank reactor (CSTR). Overall, these approaches are well
suited to understanding intrinsic properties of the AD process.
However, they are very limited when applied to process control

and optimization (Yu et al. 2013), especially in terms of issues
regarding their accuracy in reproducing experimental data or
losing predictive or exploration capability. Furthermore,
obtaining these properties by conducting large-scale experiments is a very expensive and time-consuming task, which
makes it hard to use traditional mathematical approaches (i.e.,
statistical and phenomenological techniques) for modeling dynamic and noise processes and environments.
Mathematical modeling of AD has been studied widely;
the most relevant models were developed chronologically by
Angelidaki et al. (1999), Vanhooren et al. (2003), Siegrist et
al. (2002), and the IWA task group (Batstone et al. 2002). All
these models consider in their development the reaction kinetics, stoichiometry, mass transfer phenomena, and balance of
particulate and dissolved species. The main structure of the
model is a set of nonlinear differential and algebraic equations
to be solved computationally.
Mathematical modeling of AD under thermophilic and
mesophilic conditions in one and two stages has been studied
already by Rivera-Salvador et al. (2015), Siegrist et al. (2002),
and Blumensaat and Keller (2005). Rivera-Salvador et al.
(2015) studied the AD of poultry litter under thermophilic conditions in one-stage AD process. Blumensaat and Keller (2005)
conditioned the ADM1 in order to model a mesophilic hydrolytic reactor followed by a mesophilic acetogenic reactor. On the
other hand, Siegrist et al. (2002) parallel to the ADM1 suggested
a mathematical model for AD process under mesophilic and
thermophilic conditions focusing on acetotrophic
methanogenesis and propionate degradation in a continuous
stirred tank reactor (CSTR), Blumensaat and Keller (2005) adjusted the kinetics and stoichiometric parameters presented in
Siegrist et al. (2002) for modeling the two-stage AD process.
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So far, the mathematical AD models presented in literature are
well suited for understanding intrinsic properties of the process.
However, they are substantially limited when applied for process control and optimization (Yu et al. 2013). Some problems
have been issued regarding the accuracy in reproducing experimental data or losing predictive or exploration capability.
For example, the ADM1 model assumes to simulate a constant-volume, completely mixed system. However, at larger
scales, it is difficult to encounter ideal mixing in any digester,
and the actual complex flow behavior likely would limit ADM1
model’s predictive accuracy (Lauwers et al. 2013; Yu et al.
2013). In the model presented by Angelidaki et al. (1993), the
prediction of the model deviated from the experimental data due
to temperature disturbances, and as a result, the methane content
was over estimated; this was attributed to the sensibility of carbon oxidation in manure at different temperatures (Angelidaki et
al. 1993). Kleerebezem and van Loosdrecht (2006) addressed
some problems in ADM1 and its implementation. In summary,
mixing different type of balances COD and mole-based balances
of the species results in inconsistency in ADM1 stoichiometry
and as a consequence in the response and accuracy. Another
disadvantage of the model is that a detailed substrate definition
is required, and characterization of the substrate is timeconsuming and expensive. Also, kinetic and stoichiometric parameters must be determined accordingly to the substrate, and as
consequence, the parameter optimization for a structural model
with such a high number of parameters requires proof with data
from several dynamic experiments. This last observation becomes evident in case the model is further adapted, such as in
the work of Blumensaat and Keller (2005).
In general, AD mathematical models are mechanistic
models that synthesize physical and biochemical processes occurring in AD. Most model parameters (all stoichiometric and
kinetic parameters) should be calibrated to explain each operational condition and therefore become a long and challenging
task without the guarantee the model will fit the experimental
data with acceptable error. This leads to the need to implement
a model that represents AD response under perturbations.

Applying SVM for predicting TAN
In order to assess the effectiveness of SVM in predicting TAN in
a two-stage AD, SVM were implemented using the WEKA®
toolkit for machine learning (Hall et al. 2009) and R for the
feature selection (R Foundation for Statistical Computing 2016).
Data pre-processing: normalization and feature selection
Through the caret package (Kuhn 2008), the correlation matrix and the highly correlated variables were found. The ranking of the most important variables was then calculated.
Figure 4 shows the ranking of importance of the variables
when predicting TAN in the effluent.
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Fig. 4 Sensitivity of input variables in the mean square error (Inc MSE)
for the prediction of total ammonia nitrogen in the effluent. The figure
shows the Ranking of features

In order to validate the results found with the Random
Forest ranking, a recursive feature elimination algorithm was
applied to determine the optimal number of variables to be
considered in building the ML models. Figure 5 shows the
results obtained from the recursive feature selection, the optimum number of variables to be considered in predictive
modeling in order to reduce the root mean square error
(RMSE) is three. Then, from the recursive feature selection
and the Random Forest ranking, the variables selected for
building the ML predictive models were TAN in, TVS in, and
COD in.
Adjusting and testing the ML prediction method
In order to adjust the different parameters for the SVM, a
dataset containing 45 instances of experimental data was used
(Table 4) to create a training dataset (i.e., past data used by the
method to build a model) and a testing dataset (i.e., unseen
data used to assess a prediction model). After removing the
noisy and missing data, 37 instances were used for training the
model. Note that in biological processes, many daily measurements are made in order to monitor each process, and the
analysis of these samples is time-consuming and sometimes
inaccurate, which leads to limited data for training purposes.
Nevertheless, previous related research on using ML for other
biochemical processes has also used limited data and reported
promising results when applying ML methods for prediction
(Cao et al. 2016; Erdirencelebi and Yalpir 2011; Rashid et al.
2016).
In order to statistically validate the model, a crossvalidation method was used to split and assess the accuracy
of different instances of the datasets. For this purpose, cross-
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Fig. 5 Recursive feature
elimination: optimal number of
variables to be considered when
building a predictive model

validation considers the extent to which a model has to be
oversimplified to avoid the effect of random fluctuations due
to a small sample (Browne 2000).
For our experiments, a typical m-fold cross-validation was
used with m = 10. This type of cross-validation involves
partitioning a sample of data into complementary subsets,
performing the analysis on one subset (i.e., the training
dataset), and validating the analysis on the other subset (i.e.,
the testing dataset). To reduce variability, multiple rounds of
cross-validation are performed using different partitions (m),
and the validation results are averaged over the rounds.
Prediction models were then created for SVM. To build the
SVM model, three popular kernels were assessed: linear, polynomial, and a universal kernel known as Pearson VII function
(PUK) (Üstün et al. 2006), the latter achieving the greatest
accuracy due to its robustness and performance in other applications. The different performance parameters used for
adjusting the ML prediction methods can be seen in Table 2.
Because of the small size of the dataset used for these

experiments, statistical significance tests such as Pearson’s
chi-square (χ2) test were also run under the hypothesis that
the accuracy of the test was acceptable (error of 5%, and 36
degrees of freedom). The results of Table 2 show the values of
χ2, although the values of the chi-square (χ2) test were above
1 for the SVM method; on the other hand, the value of chisquare (χ2) for the analytical method is far from this value. In
addition, (Pearson) correlation coefficients were also
Table 2

Comparing analytical techniques and ML methods

Statistical parameter

Analytical method

SVM

ANN

χ2 testa
Correlation coefficient

20.32
0.473

1.772
0.898

2.345
0.875

0.701
0.682

0.095
0.152

0.122
0.269

MSE
MAE

MSE mean square error, MAE mean absolute error
a

Confidence of 95% and rejection region value of 50.954
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calculated for SVM predictions giving R2 = 0.898, and its
mean square error (MSE) was 15.2%. Thus, SVM
outperformed analytical methods and resulted in the best approach to predict TAN.
Overall, experiments showed that ML methods such as an
SVM can indeed outperform stoichiometry-based analytical
prediction methods to accurately predict the TAN (inhibitor)
for the effluent during a two-stage AD process of PM.
In order to investigate the extent to which SVM-based prediction methods outperform other competitive ML techniques,
further comparisons were made by using Artificial Neural
Networks (ANNs). As stated above, SVM have their roots
in statistical learning and optimization methods, and they are
usually used for classification purposes, although they also
have regression capabilities, whereas ANNs are inspired by
the biological brain and they rely on the inner structure of
available data. Both types of techniques apply a training and
learning phase in which available data are used to generate the
model, and then by using some optimization strategy, this
model is automatically adjusted so as to fit target data, in the
hope that the learned model can further generalize well when
showing unseen data. Nevertheless, the main drawback of
ANNs is that they are very likely to fall into a local minimum,
and they can over-fit on training data (Awolusi et al. 2016;
Dellana and West 2009). In addition, when designing ANNs,
it is a very hard task to adjust the best network architecture. As
mentioned previously, SVM are based on the structured risk
minimization principle that seeks to automatically minimize
an upper bound of the generalization error instead of the empirical error as in ANN-based learning methods. To this end,
input data (i.e., input vectors) in SVM are non-linearly
mapped into a very high dimension feature space, in which a
linear decision surface can be constructed to map unseen data.
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Hence, SVM are a promising and robust strategy to deal with
complex and non-lineal system dynamics in comparison with
analytical methods and also better than traditional ANNs.
Traditionally, SVM have been used to conveniently predict
the biochar yield from cattle manure pyrolysis (Cao et al.
2016), and the trace compounds (H2S and NH3) in biogas
(Strik et al. 2005). Further applications include the possibility
of controlling and/or avoiding the production of the toxic trace
compounds for fuel cells.
The ANNs model used a three-layer feedforward Artificial
Neural Network with a linear first layer, one sigmoid hidden
layer with three nodes each, and a sigmoid output layer. In this
network, the information moves in only one direction, forward
from the input nodes, through the hidden nodes and to the output
nodes. The input layer nodes represented the normalized features
extracted from the measured features: COD, TVS, and TAN.
The experimental results for the prediction methods can be
seen in Fig. 6, indicating that overall, SVM-based methods were
more effective than the analytical method and the ANN for
predicting TAN. Previous studies (Dellana and West 2009; Guo
et al. 2015) assessed the potentialities of ML techniques other than
ANNs in predicting tasks related to wastewater systems.
The statistical significance, as measured by χ2, shows that
for the analytical method (Table 2), its value is closer to the
rejection zone in the χ2 distribution (Lancaster and Seneta
2005). Furthermore, since SVM and ANNs χ2 values are closer
to zero, both methods exhibit a good prediction performance.
As presented in Sect. 3.1, the MAE (the error between predicted values and experimental data) for the analytical method
was 0.68, whereas for the ANN and SVM methods, the
(prediction) error was significantly lower, achieving 0.269 and
0.152, respectively. As for the Pearson correlation coefficient,
the analytical method achieved a value of 0.43, indicating that

Fig. 6 Comparison of predicted and experimental TAN concentration in the effluent of a two-stage AD process obtained with the analytical method and
machine learning techniques for three operational phases (start-up, optimal operation, and inhibition)
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its prediction draws away from the experimental data, whereas
the correlation coefficient for ANNs and SVM was closer to 1.
Although the behavior of AD processes can be studied
through mathematical modeling as mentioned previously,
these models have the disadvantage that are determined for
one only range of operation, and due to the assumptions made
in the model, the accuracy in studying the response of AD
processes is poor. Overall, a major advantage of the ML techniques is related to their learning abilities that make them
adaptive to system changes and system dynamics (Dixon et
al. 2007). They are very robust models that handle very well
the variability in the feeding to the model and can be used for
predictive tasks outside the range of operation. However, it is
necessary to have a historical data set representative of the
system to be able to construct a representative model. Selfadapting methods, based on ML methods, proved to be an
effective tool for predicting substrate concentration in the effluent of different biological processes (Abbasi et al. 2012;
Guo et al. 2015; Turkdogan-Aydinol and Yetilmezsoy 2010).
An optimal scenario allows for the method to correctly predict
the values for unseen instances. Furthermore, ML techniques
do not require prior knowledge about the structure and relationships between relevant variables of the complex process as
they are Bdiscovered^ as the model learns from data. Unlike
state-of-the-art approaches to TAN prediction, ML methods
were applied to the three defined phases of operation: start-up,
optimum operation, and inhibition. It is a key contribution as
analytical models perform relatively well when inhibition is
not considered. As the results show, under these conditions,
the method’s prediction error increases significantly. On the
other hand, SVM and ANNs methods showed a higher predictive accuracy for the three phases of operation, the SVM
model being the one that performed better (Abbasi et al. 2012;
Guo et al. 2015). Indeed, while the prediction of effluents in a
fed-batch reactor using ML methods has previously been studied (Guo et al. 2015), our experiments showed that selfadapting methods have a good performance when predicting
the total nitrogen concentration of the effluent in a 1-day window. Unlike previous research, our approach shows the promise of machine learning methods for predicting TAN or other
compounds in defined operation phases together (Dellana and
West 2009; Strik et al. 2005b; Turkdogan-Aydinol and
Yetilmezsoy 2010). Indeed, some experiments have shown
that predictions of the models deviated from the experimental
data because of temperature disturbances (Angelidaki et al.
1993), and as a result, the methane content is over-estimated
mainly due to the sensibility of carbon oxidation in manure at
different temperatures (Angelidaki et al. 1993). Some of these
issues have been addressed by mixing different types of COD
and mole-based balances of the species, resulting in inconsistency in ADM1 stoichiometry and therefore affecting the response and accuracy (Kleerebezem and van Loosdrecht
2006). A key drawback of this model is that a detailed
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characterization of the substrate is required, which is a timeconsuming and expensive task. In addition, kinetic and stoichiometric parameters must be determined and optimized for
this substrate, which requires an extensive number of proofs
with data from several dynamic experiments (Blumensaat and
Keller 2005). Thus, many stoichiometric and kinetic parameters need to be adjusted and adapted in order to explain each
operational condition, so this in turn becomes a long and challenging task without any guarantee that the model will fit the
experimental data with acceptable error. The results presented
in this research show that an ML method outperforms a traditional model for the prediction of TAN in the effluent of an
AD process; however, similar models can be built in order to
predict compounds in biological processes when a mathematical modeling is complex.

Conclusions
Our findings show that, regardless of the different operational
phases in the process (start-up, optimal operation, and
inhibition), and the experimental conditions used, SVM
achieves the best performance for predicting TAN produced
during AD of a complex substrate, using experimental data.
Both traditional and ML-based prediction approaches were capable of predicting the TAN concentration in the effluent of the
process studied when optimal operational conditions were
established (i.e., no inhibition in the AD process). When historical data of a system is not available and when no inhibition is
detected, the analytical method shows great capability for the
prediction of TAN. However, during the start-up and the last
phase of the process, the results obtained by the analytical model were very inaccurate with the experimental results. On the
other hand, the results obtained by our SVM-based predictor
showed a promising predictive performance for TAN.
Furthermore, our model outperformed other ML techniques
such as ANN for the same task, this result also being supported
by statistical validation indicating a key predictive ability under
fluctuations and different operational stages.
Thus, this research shows that when experimental data is
available, ML techniques for modeling complex bioprocesses
are efficient, as they are capable of predicting and modeling
non-linear interactions that are hidden in datasets. Since the
SVM-based model can be trained with new daily data, the
model can improve its performance as new data are gathered,
independent of the operational conditions. Overall results
show the promise of the approach for controlling biological
treatment processes at industry level.
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Appendix
Table 3 Stoichiometric
coefficients of amino acid
fermentation determination of
stoichiometric coefficients for
protein degradation

Amino acid

Stoichiometric coefficients for amino acid fermentation
Acetic
acid

Propionic
acid

Butyric
acid

Alanine

1.00

Glutamic acid
Leucine

1.00

0.50

Threonine
Arginine

1.00
0.50

0.50
0.50

Valeric
acid

Ammonia

CO2

H2

1.00

1.00

2.00

1.00

1.00
1.00

1.00
1.00

2.00

0.50

1.00
4.00

1.00

Phenylalamine

Aromatic
acid

1.10

Valine
Methionine

1.00

1.00

2.00

1.00

1.00
1.00

1.00
1.00

2.00
1.00

1.00

Histidine
Serine

1.00
1.00

0.50

2.00
1.00

1.00
1.00

1.00

Lysine
Cystine
αib

1.00
1.00
0.10

1.00

2.00
1.00
1.87

1.00
1.07

0.50
1.20

0.10

0.34

0.21

0.06

From Ramsay and Pullammanappallil (2001)
b

Table 5 Variation of the organic
loading rate (OLR), hydraulic
retention time (HRT) throughout
all the phases of operation in this
study

αi = stoichiometric coefficient of the ith product in the degradation of PMP in the acidogenic step (Eq. 3)

Phase

OLR (g COD/L/day)

CODa (g COD/L)

HRT (day)

Start-up [I]
Optimal performance [II]
Optimal performance [II]
Inhibition [III]

9.1
5.8
7.5
6.8

26.3
24.8
43.0
58.7

2.9
4.3
5.75
8.21

Recovery (end of study) [IV]
Average

2.3
6.3

20.6
34.7

9.09
6.1

a

Average COD concentration of the corresponding phase (Table 4)
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Experimental composition for a two-stage AD process influent and effluent. *Missing values correspond to the gray-hatched cells

Instance

Average
OLR
(Phase)

Influent

Effluent

Date
[m/d/y]

COD
[g
COD/L]

TAN
[g N/L]

TS
[% w/w]

TOC
[g
TOC/L]

TVS
[% w/w]

COD
[g
COD/L]

TAN
[g N/L]

TS
[% w/w]

TOC
[g
TOC/L]

TVS
[% w/w]

1

01/25/16

19.86

1.42

1.44

0.81

1.85

7.04

0.73

0.74

0.41

0.43

2

01/29/16

22.31

1.47

1.70

2.13

1.30

7.93

1.10

1.02

1.01

0.60

3

02/02/16

22.80

1.45

1.73

2.09

1.31

9.67

1.02

0.91

0.51

1.14

4

02/08/16

23.75

1.10

1.64

0.81

1.12

6.88

1.27

0.46

0.42

0.00

5

02/11/16

31.85

1.10

2.73

0.58

0.44

6.30

1.10

0.52

0.50

0.01

6

02/16/16

29.90

1.21

2.11

1.09

1.30

6.37

1.29

0.54

0.64

0.33

7

02/18/16

30.80

1.83

2.72

0.86

1.66

6.11

1.83

0.48

0.70

0.33

8

02/22/16

28.90

1.83

2.54

0.93

1.73

4.93

1.82

0.54

0.60

0.34

2.9 (I)

9

02/25/16

19.90

1.53

1.51

2.22

0.69

5.94

1.52

0.62

0.68

0.41

10

02/29/16

23.50

1.17

1.89

1.01

1.32

6.76

1.27

0.60

0.91

0.36

11

03/03/16

24.55

1.25

1.63

1.22

1.09

7.87

1.34

0.72

0.63

0.44

12

03/07/16

23.10

1.44

1.68

0.90

1.13

5.55

1.61

0.53

0.77

0.35

13

03/10/16

19.10

1.19

1.32

1.83

0.81

6.64

1.20

0.76

1.09

0.47

03/14/16

20.66

1.26

1.54

1.79

0.76

5.25

1.21

0.68

1.63

0.69

15

03/16/16

19.64

1.48

1.46

4.44

1.09

6.94

1.48

0.75

3.17

0.47

16

03/18/16

30.72

1.86

2.34

0.55

1.66

10.28

2.37

1.06

0.57

0.67

17

03/21/16

31.16

1.61

2.50

1.36

1.88

10.60

1.73

0.89

0.61

0.53

18

03/24/16

29.92

2.32

2.50

3.62

1.16

10.84

2.37

0.97

0.96

0.59

19

03/28/16

31.00

2.35

2.36

4.95

1.95

11.62

2.60

0.94

1.32

0.57

20

03/31/16

38.45

2.48

3.31

3.75

1.90

12.34

2.66

1.08

0.87

0.65

21

04/02/16

45.50

2.54

4.36

1.46

3.60

11.98

2.63

1.06

0.99

0.64

22

04/04/16

43.30

2.49

4.09

1.12

4.64

11.46

1.88

0.92

0.88

0.57

23

04/06/16

43.63

2.35

4.04

4.43

2.45

12.14

2.53

1.01

0.91

0.63

14

4.3 (II)

04/08/16

42.88

2.64

3.47

1.20

2.36

11.28

2.95

0.95

0.86

0.59

25

04/11/16

36.33

2.58

3.03

1.16

2.00

10.78

2.76

0.92

1.11

0.56

26

04/13/16

35.63

1.83

3.10

1.18

1.94

10.32

2.14

0.94

1.00

0.59

27

04/15/16

48.75

2.20

3.73

5.92

2.29

10.52

2.34

1.73

1.05

1.08

28

04/18/16

46.83

2.67

3.56

5.64

4.48

14.18

2.75

1.02

1.17

0.61

24

5.8 (II)

29

04/20/16

48.75

2.65

3.75

1.80

2.37

13.58

2.72

1.14

1.02

0.69

30

04/22/16

71.63

2.90

4.59

4.30

2.51

14.58

1.99

1.22

1.14

0.77

31

04/25/16

87.67

2.32

5.11

5.58

3.30

20.00

1.47

1.41

1.01

0.88

32

04/28/16

69.08

1.22

5.20

1.96

3.29

15.60

2.38

1.17

1.22

0.73

33

05/02/16

59.50

2.40

4.44

6.03

2.76

22.55

2.26

2.04

1.28

1.24

5.52

05/04/16

53.92

1.95

3.38

05/06/16

66.75

2.49

4.18

2.67

23.10

3.36

1.87

1.14

36

05/09/16

60.00

1.25

5.26

3.31

17.60

3.35

1.41

0.89

37

05/11/16

42.75

0.18

4.65

2.83

21.00

1.89

1.49

0.89

38

05/13/16

29.92

2.90

1.79

2.16

1.40

0.84

39

05/16/16

46.17

1.93

1.54

40

05/31/16

22.42

1.37

1.76

4.28

0.43

0.43

45

06/06/16

16.08

1.35

1.50

9.16

0.72

0.78

06/09/16

17.76

1.89

0.43

0.49

0.32

06/13/16

24.35

1.80

2.33

0.33

3.63

0.59

0.33

0.28

1.02

44

06/16/16

22.35

1.59

1.45

0.78

2.00

0.80

0.33

0.31

0.93

45

06/20/16

20.50

1.12

0.91

0.99

3.93

1.18

0.42

0.43

1.18

34
35

42
43

8.2
(III)

9.1
(IV)

1.47

4.13

1.84

2.84

14.90

6.20

1.21

0.91
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