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ABSTRACT

Parametric data from anaerobic digestion processes are normally collected once every couple of days and not
daily. As aresult, only a small amount of data could be collected and this is not sufficient for the neural network
analysis. In this research, interpolations were used during the modelling process to increase the sample data
used for Elman neural network (Elman NN) modelling. Laboratory digestion of silage cornstalk was conducted
for 54 days, and a portion of the biogas data was used for training the Elman neural network (EIman NN)
model, while the remaining biogas data were used to verify the prediction capability of the model. Compared to
the Elman NN model without interpolations, using an interpolation coefficient of 0.2 increased the number of
experimental data from 54 to 266 and the correlation coefficient of prediction data and sampling data from
0.7966 (for no-interpolation) to 0.9962 (for cubic spline interpolation) and 0.9942 (for piecewise linear
interpolation). In addition, the mean square error decreased from 0.1190 (for no interpolation) to 0.001 (for
cubic spline interpolation) and 0.001 (for piecewise linear interpolation), while the average relative error decreased
from 63.04% (for no interpolation) to 3.93% (for cubic spline interpolation) and 4.01% (for piecewise linear
interpolation). The ElIman NN simulation results thus showed that the interpolation algorithm can greatly improve

the prediction accuracy of biogas production from an anaerobic digestion process.

INTRODUCTION

Anaerobic digestion is a process where organic matter is
converted into methane and carbon dioxide through the
metabolic activity of various microbes in an anaerobic en-
vironment under favourable conditions (Li et al. 2011). More
attention is paid towards anaerobic digesters since the proc-
ess produces clean energy and high quality organic ferti-
lizer that, in turn, could protect the environment. With the
ability to produce stable quantities of gas efficiently, anaero-
bic digestion could play an important role in the production
of renewable energy in the future (Appels et al. 2011).
Anaerobic digestion is an ecosystem of interdependence and
mutual restraint among various microorganisms. Both, non-
methanogenic and methanogenic bacteria rely on nutrients,
maintained homoeostasis, and interactions such as mutual-
ism, competition, and product inhibition in three-stage
theory (Yan 2007). Therefore, anaerobic digestion is a com-
plex system of multivariate coupling, multi-substrate, and
multi-operating conditions, and includes a number of bio-
logical, physical and chemical processes that interact with
each other. In order to accurately describe the anaerobic
digestion process, the establishment of an appropriate math-
ematical model is needed.

There are two kinds of anaerobic digestion model:
mechanism and black-box. Mechanism model consists of
equations derived by deduction, while black-box model is
inferred from a set of experimental data (Strik et al. 2005).
The typical mechanical model is the ADM1 model devel-
oped by IWA (Batstone et al. 2002). The model takes into
account various processes including decomposition, hy-
drolysis, acidogenic, acetogenic, methane production, etc.
(Bollon et al. 2011). Since the digestion system is complex
and contains numerous processes and principles, some of
which are still undetermined, ADM1 model has been modi-
fied greatly to incorporate specific applications. The black-
box model has unique advantages when the anaerobic di-
gestion process could not be understood well or parameters
are difficult to obtain (Striket et al. 2004). Artificial neural
network is a typical black box model that could adapt to
changes of system by learning without the prior knowledge
of the structure and relationships between variables (Merkel
etal. 1999). Because this model does not consider the chemi-
cal, physical, and microbial processes of anaerobic diges-
tion (in most cases), this method would be attractive when
the target is a prediction of a few specific output variables
(Lauwers et al. 2013). However, neural networks need a
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large set of data for machine learning to achieve better sta-
tistical verification and high reliability (Jin et al. 2011). In
addition, while anaerobic digestion period is generally 30-
90 days or even longer, most experimental studies only ob-
tained the digestion process parameters once every couple
of days (Souza et al. 2013, Yuanfang et al. 2012, Kafle et
al. 2013, Krishania et al. 2013). Hence, the amount of data
did not meet the conditions for the application of neural
network model. To resolve this contradiction, data interpo-
lation could be used. Common interpolation methods in-
clude linear interpolation, polynomial interpolation, and
spline interpolation. Ben et al. (2012), for instance, used
interpolation method to reconstruct the input sample conti-
nuity for a fed-batch fermentation producing lactic acid.
Bhowmik et al. (2011) compared three interpolation meth-
ods (spline, inverse distance weighting, kriging) to create
continuous surfaces that describe temperature trends. In this
paper, Elman neural network model (Elman NN) was used
to predict and compare daily gas production, using the data
obtained from piece-wise linear interpolation and cubic
spline interpolation.

MATERIALS AND METHODS

Experimental device: The small-scale laboratory anaero-
bic fermentation device consisted of six parts: bottle for
anaerobic digestion (2000 mL plastic bottle), gas collec-
tion bottle (1000 mL conical flask), sample collection tube,
three-way glass stopcock, glass tube, beaker for collecting
displaced water, and other auxiliary equipment (Fig. 1). These
components were connected through rubber tubes and rub-
ber stoppers.

Experimental materials: The substrate used for the experi-
ment was corn straw that had a silage time of two weeks.
Inoculum (pH: 7.2) was a mixture of digestate obtained from
a well-run biogas digester and pig manure (pH: 7.0) with
weight ratio of 1:1. The inoculum was incubated and
acclimated for 15 days to obtain high quality and
abundant species. The physical and chemical properties of
silage corn straw and inoculum can be found in Table 1.

Experimental design and methods: The fermentation bot-
tle was filled with 122.23 g of silage corn straw, which was
cut into short pieces, and 450 g of inoculum. Urea was added
to adjust the carbon-nitrogen ratio to 25:1. Finally, distilled

Table 1: Physical and chemical characteristics of silage corn straw and
inoculum.

Materials TS/% VS/% TOC/%  TN/%
Silage corn straw 68.25 62.45 46.50 0.75
Inoculum 10.00 5.60 3.19 0.2
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Fig 1: Schematic diagram of the experiment.
1. Bottle for anaerobic digestion 2. Sample collection tube
3. Three-way glass stopcock 4. Gas collecting bottle 5. Glass tube
6. Beaker for collecting water
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Fig. 3: Daily gas production of anaerobic digester.
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water was added to bring the concentration of total solids
(TS) to 8%. The experiment was conducted in triplicate, and
the average of their biogas production was presented as the
final result. The digestion process lasted for 54 days and
biogas production was measured every day.

Determination index and method: Total solids (TS) was
determined by heating the fermentation material at 105°C
for six hours, and volatile solids (VS) was determined by
heating the materials from TS analysis in a muffle furnace
at 600°C for one hour. Biogas yield was determined by wa-
ter-displacement method, in which the water displaced by
produced biogas was measured using a graduated cylinder.
Total organic carbon (TOC) was measured using a TOC
analyser, while total nitrogen (TN) was measured using
Kjeldahl nitrogen instrument.

Structure of Elman NN: Elman NN is a dynamic feedback
network. In addition to the input layer, hidden layer and
output layer, it has a special context layer. The special con-
text layer is considered a delay operator and is used to store
the previous moment output value of the hidden layer, cre-
ating a feedback network. The feedback network is sensi-
tive to historical data, which improves the dynamic infor-
mation processing capacity of Elman NN, allowing it to carry
out dynamic modelling. Elman NN also can approximate
any nonlinear function with arbitrary precision and need
not consider the specific form of external noise acting on
the system. The structure of Elman NN is shown in Fig. 2.

Elman NN mathematical model: The following math-
ematical model can be used to describe the Elman NN (Shi
et al. 2004):

x(k) = f(w"x, (k) +w"u(k -1)) ..(1D)
x,(k)y=ox, (k-1)+x(k-1) .(2)
y(k) = g(w"x(k)) -(3)

Where, W= the matrix of the connecting context layer with
the hidden layer; W= the matrix of connecting input layer
with the hidden layer; W” = the matrix of connecting output
layer with the hidden layer; x_ (k) = output of the context
layer; x (k) = output of the hidden layer; u (k-1) = output of
the input layer; y (k) = output of the output layer; a = the
feedback gain factor with a range of 0 < a <1; f{x) = sig-
moid function similar to equation (4).

1
k)=
f(k) oo™ (D)

Where e = the natural logarithm; x = the independent
variable.

RESULTS

Experimental results: The duration of anaerobic digestion
experiment lasted for 54 days, and a total of 54 biogas

production data were collected. The daily gas production
data are shown in Fig. 3.

Daily biogas values predicted by ElIman NN: The 54 daily
gas production data as a whole were divided into two parts:
the first part contained 38 data (70%) and was used for train-
ing, while the second part contained 16 data (30%) and was
used for prediction purposes. Elman NN was trained 1000
times and the resulting training error was 10*. No interpola-
tion was used in this prediction run. Daily gas production
and relative errors are shown in Fig. 4.

The simulation results can be seen in Fig. 4. The correla-
tion coefficient between predicted data with measured data
was 0.7966, while the mean square error was 0.119. The
average relative error was 63.04%.

Interpolation coefficient at 0.5: The simulation results
showed that the prediction ability of Elman NN was poor,
and this was mainly due to the limited amount of training
data. Elman NN could not configure a suitable network
structure to reflect the daily gas production behaviour from
the limited sample data used to train the network. To solve
this problem, two interpolation algorithms of piecewise lin-
ear interpolation and cubic spline interpolation were used
to increase the number of the sample data in this experi-
ment. An interpolation coefficient of 0.5 was first used. This
meant that data would be inserted between two adjacent
measured data by interpolation algorithms. In this way, a
total of 107 data were obtained, and these data were divided
into two parts: the first 75 data (70% of the data) were used
to train the neural network, while the remaining 32 data
(30% of the data) were used to predict biogas production
(the proportion of data used for training and prediction was
the same with that used in the Elman NN model with no in-
terpolation previously described). Elman NN was trained 1000
times and had an error of 10*. The predicted daily gas pro-
duction and the relative errors are shown in Figs. 5 and 6.

When the cubic spline interpolation was used to gener-
ate data for the Elman NN, a correlation coefficient of 0.9790,
a mean square error of 0.005, and an average relative error
of 13.31% was observed (Fig. 5). Similar results were seen
when the piecewise linear interpolation method was used,
with correlation coefficient of 0.9483, a mean square error
0f 0.010, and an average relative error of 16.01% observed.
Therefore, the use of interpolation algorithms improved the
indicators significantly, with the correlation coefficient in-
creasing from 0.7966 to 0.9790 and 0.9483, the mean square
error decreasing from 0.119 to 0.005 and 0.010, and the av-
erage relative error decreasing from 63.04% to 13.31% and
16.01%.

Interpolation coefficient at 0.2: The relative errors, when
the two types of interpolations were used, were still large.
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Fig. 4: Predicted biogas values and errors when no interpolation
was used.
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Fig. 5: Predicted biogas values and errors when cubic spline interpolation
with an IC of 0.5 was used

relative errors between gas

gas production production predicted and measured

—©—Measured values

— — —Predicted values
-
z 151 R=0.9483 i
S MSE=0.01 2
S P
3 s
o =y
g 1 1@
» o
© 2
(=] ©
> ©
©
© 05} B

0O 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35

(a) schedule /d (b) schedule /d

Fig. 6: Predicted biogas values and errors when piecewise linear
interpolation with an IC of 0.5 was used.
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However, considering that interpolations could improve the
indicators significantly, it is expected that the same meth-
ods could reduce the average relative error to less than 5%.
An error value of 5% is generally accepted in the engineer-
ing field. Therefore, the two interpolation algorithms of
piecewise linear interpolation and cubic spline interpola-
tion were used to increase the numbers of the sample data
by decreasing the interpolation coefficient to 0.2. This meant
that the interpolation algorithms inserted four data between
two adjacent measured data. In this way, a total of 266 data
were obtained. The data were divided into two parts: the
first 186 data (70% of data) were used to train the Elman
NN, while the remaining 80 data (30% of data) were used
for predicting the biogas production values. The training
was conducted 1000 times and the error was observed to be
10-4. The predicted daily gas production values and the rela-
tive errors are shown in Figs. 7 and 8.

The correlation coefficient of the Elman NN prediction
results and measured results for the cubic spline and
piecewise linear interpolations were 0.9962 and 0.9942,
respectively. Both of the mean square errors were 0.001,
while the average relative error for the cubic spline and
piecewise linear interpolations were 3.93% and 4.01%, re-
spectively.

After the interpolation coefficient was decreased from
0.5 to 0.2, the correlation coefficient, when cubic spline al-
gorithm was used, increased from 0.9790 to 0.9962, while
the mean square error was reduced from 0.005 to 0.001. The
average relative error was reduced from 13.31% to 3.93%.
Similar results were observed when the piecewise linear al-
gorithm was used, with correlation coefficient increasing
from 0.9483 to 0.9942, the mean square error decreasing
from 0.010 to 0.001, and the average relative error decreas-
ing from 16.01% to 4.01%. Minor improvements were seen
for the first two indicators (correlation coefficient and av-
erage relative error), but the average relative error improved
significantly to values less than the desired 5%.

The cubic spline algorithm was observed to be better
than the piecewise linear algorithm in this experiment, but
both algorithms can meet the requirement of 5% average
relative error.

DISCUSSION AND CONCLUSIONS

Anaerobic digestion is a nonlinear dynamic system, which
makes the development of a general prediction model for
the system difficult. Anaerobic digestion generally has long
fermentation periods, and the collection of parametric data
during the process through automatic means is difficult.
Therefore, there are limited amount of data that can be col-
lected during an anaerobic digestion process. The neural
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Fig. 8: Predicted biogas values and errors when piecewise linear
interpolation with an IC of 0.2 was used.

network model was shown to be able to predict biogas pro-
duction well but only when a large amount of data were sup-
plied for training. Due to this contradiction, it is difficult to
apply the neural network model for the anaerobic digestion
process. Fortunately, interpolation algorithm can reconcile
the contradiction to some extent. As it can be seen from this
experiment, piecewise linear interpolation did not change
the nonlinear characteristics of the data, and cubic spline in-
terpolation was more consistent with the nonlinear charac-
teristics of the data, so the results from the cubic spline al-
gorithm were better than those observed when piecewise lin-
ear algorithm was used. When the interpolation coefficient
was decreased from 0.5 to 0.2, the simulation results showed
an improvement in the correlation coefficient, mean square
error, and the relative error, which decreased to less than
5%. The conclusions of this paper are:

1. Anincreasing amount of data could improve the Elman
NN prediction method. Since the EIman NN prediction
model is a simple method with good versatility and high

precision accuracy, it is suitable for modelling anaero-
bic digestion systems.

2. Compared to the model without interpolation, the use
of an interpolation coefficient of 0.5 increased the ex-
perimental data from 54 to 107 and the correlation co-
efficient of predicted data and measured data from
0.7966 to 0.9790 (for cubic spline interpolation) and
0.9483 (for piecewise linear interpolation). In addition,
the mean square error decreased from 0.1190 to 0.005
(for cubic spline interpolation) and 0.010 (for piecewise
linear interpolation), while the average relative error
decreased from 63.04% to 16.01% (for cubic spline in-
terpolation) and 13.31% (for piecewise linear interpo-
lation).

3. Compared to the model without interpolation, the use
of an interpolation coefficient of 0.2 increased the ex-
perimental data from 54 to 266 and the correlation co-
efficient of predicted data and measured data from
0.7966 to 0.9962 (for cubic spline interpolation) and
0.9942 (for piecewise linear interpolation). In addition,
the mean square error decreased from 0.1190 to 0.001
(for cubic spline interpolation) and 0.001 (for piecewise
linear interpolation), while the average relative error
decreased from 63.04% to 3.93% (for cubic spline in-
terpolation) and 4.01% (for piecewise linear interpola-
tion).
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