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Abstract— There are many conversion technologies for the 
transformation of biomass into usable energy forms. Among 
these technologies, anaerobic digestion is one of the most attrac-
tive. In many papers appeared in the literature it has been 
demonstrated that the application of efficient mathematical mod-
els is an essential requirement to improve digester’s perfor-
mance. In this paper a spiking neural network-based model for 
anaerobic digestion process is proposed. This model performs a 
long-term prediction of the concentration of the biogas (CH4 and 
CO2) at the 100th day of the process, by analysing the concentra-
tion evolution of 6 measurable marker-molecules (MMM) namely 
CH4, CH4S, CO2, H2, H2S and NH3 during the first 10 days of the 
process. For the validation of the model, a small domestic di-
gester was realized. The tests carried out show an excellent 
agreement between the predicted values and those obtained with 
the digester. 

Keywords—Biogas; biogas prediction for food waste; anaerobic 
process models; spiking neural network  

I.  INTRODUCTION  
The depletion of conventional fuels and the increasing 

global warming will force us to seek clean alternative energy 
resources [1-3]. Among various alternatives the biomasses 
have aroused a great interest as potential feedstock for clean 
energy production. 

There are many conversion technologies for the transfor-
mation of biomass into usable energy forms. These can be clas-
sified as: direct combustion, pyrolysis, gasification, liquefac-
tion, supercritic fluid extraction, anaerobic digestion, fermen-
tation, acid hydrolysis, enzyme hydrolysis, and esterification. 
Among the above-mentioned technologies, anaerobic digestion 
is one of the most attractive. The attractiveness is due to the 
various beneficial properties of the process: 
 

• Good waste management. 

• Anaerobic digestion is not only feasible in large-scale 
industrial installations, but can also be applied on a 
small scale. 

• Improved fertilization efficiency. 

• Less nuisance from odors and flies. 

• Less greenhouse gas emission. 

Anaerobic digesters convert organic waste (agricultural and 
food waste, animal or human manure, and other organic waste), 
into biogas.  

Biogas is a mixture of CH4, CO2, a small amount of nitro-
gen, water vapor and other gases. CH4 is the simplest hydro-
carbon that can be used as a biofuel to produce energy. 

In many papers appeared in the literature it has been 
demonstrated (for a review see [4]) that the application of effi-
cient mathematical models is an essential requirement to im-
prove digester’s performance. 

Several mathematical models that have been proposed, de-
scribe the anaerobic digestion process [5-9], but each of these 
models describes only some aspects of the anaerobic digestion 
process.  

One of the few models capable of predicting with a certain 
approximation the major processes occurring in an anaerobic 
digestion system is ADM1 [10], but this model (as the other) is 
not able to predict the exact methane concentration evolution 
over the time of the process. 

In this paper a spiking neural network-based model for an-
aerobic digestion process is proposed. This model performs a 
long-term prediction of the concentration of the biogas (CH4 
and CO2) at the 100th day of the process, by analysing the con-
centration evolution of 6 measurable marker-molecules 
(MMM) namely CH4, CH4S, CO2, H2, H2S and NH3 during the 
first 10 days of the process. The model is based on two SNN-
based subsystems, one for CH4 and one for CO2, that are glob-
ally trained in a supervised manner, using the 10 days time-
series of the marker molecules concentrations (i.e.: early-stage 
evolutions) as input, and the 100th day biogas concentration 
value (long term values) as target. This represents a prediction 
on the quantity of energy available from the digestion process. 

The data used to train the neural network have been ob-
tained by means of extensive simulations carried out with the 
COMSOL Reaction Engineering Lab commercial software. 
While for the validation of the model, a small domestic di-
gester was realized. 

Test results show an excellent agreement between the pre-
dicted values and those obtained with the digester. 

To the best of our  knowledge this is the first spiking neural  



network-based model for anaerobic digestion process.  

II.  BIOCHEMICAL PROCESS OF ANAEROBIC DIGESTION  
Anaerobic digestion is a degradation process of biode-

gradable waste in the absence of oxygen. The whole process is 
composed of four main stages, carried out by different micro-
bial communities [11]. The four major stages of the anaerobic 
digestion are: Hydrolysis, Acidogenesis (acidification phase), 
Acetogenesis and Methanogenesis. The anaerobic digestion 
process proceeds efficiently if the degradation rates of all three 
stages are equal.  

In fig. 1 is shown a schematic representation of the anaero-
bic digestion process. 

A. Hydrolysis 
In the stage of the hydrolysis of polymerized mostly-insol-

uble organic compounds, like carbohydrates and proteins, fats 
are decomposed into soluble monomers and dimers, that is, 
monosaccharides, amino acids, and fatty acids. Hydrolysis of 
hardly decomposable polymers, that is, cellulose and cellulo-
cottons is considered to be a stage which limits the rate of 
wastes digestion. The rate of hydrolysis process depends on 
parameters such as size of particles, pH, production of en-
zymes, diffusion, and adsorption of enzymes on the particles of 
wastes subjected to the digestion process. For many enzymes, 
the rate of catalysis varies with the concentration and thickness 
of the substrate. 

Generally the rate of the chemical reactions involved in the 
hydrolysis process rises with the temperature. In the experi-
ments carried out in this work we have used the Arrhenius 
equation in order to relate the rate of chemical reactions with 
the temperature. 

The Arrhenius equation is defined as: 
 

𝑘 = 𝐴 ∙ 𝑒
!!!
!∗!                                        (1) 

 

where k is the rate coefficient, A is a constant, Ea is the activa-
tion energy, R is the universal gas constant, and T is the tem-
perature (Kelvin). The values of the constants A and Ea depend 
on the composition, concentration and thickness of the sub-
strates 
B. Acidogenesis 

During this stage, the acidifying bacteria convert water-sol-
uble chemical substances, including hydrolysis products, to 
short-chain organic acids (formic, acetic, propionic, butyric, 
and pentanoic), alcohols (methanol, ethanol), aldehydes, car-
bon dioxide, and hydrogen. From protein decomposition we 
obtain amino acids and peptides which may be a source of en-
ergy for anaerobic microorganisms. For example, long chain 
fatty acids (LFCA) are degraded into volatile fatty acids (VFA) 
and hydrogen via oxidation.  

In order to describe the biological kinetics of the chemical 
processes occurring in this phase, the Monod model [12] is 
commonly used . It describes microbial growth and  substrate  
degradations  in such applications  as  batch and  continuous 

 
Fig. 1. The Anaerobic digestion process  

fermentation, activated sludge waste water treatment. Much of 
its versatility is due to the fact that it can describe the biodeg-
radation rates using a first-order kinetics with respect to the 
target substrate concentration.  The model is determined by the 
first-order differential equation: 

 

𝜂! 𝑡 = 𝜇 𝑡 ∙ 𝜂 𝑡                                  (2) 

 

where 

 

𝜇(𝑡) = 𝜇!"#
𝑆 𝑡

𝑆 𝑡 + 𝐾!
 

 

The parameter µmax denotes the maximum growth rate, Ks is 
the saturation of affinity constant and η(t) and s(t) denote the 
concentration of micro-organisms and the concentration of the 
substrate respectively. The variable t represents the time, which 
varies in a compact interval [0, T]. The minimum value of T is 
several hours for optimal microbiological media, whereas the 
maximum is 1 year or more for specialized groups of micro-
organisms. 

C. Acetogenesis 
In this stage, different microbes and acetogenic bacterias 

convert the acid phase products into acetates and hydrogen 
which may be used by methanogenic. The ammonia and car-
bon dioxide created in previous stages are consumed. The main 
acids produced are acetic acid (CH3COOH), propionic acid 
(CH3CH2COOH), butyric acid (CH3CH2CH2COOH), and eth-
anol (C2H5OH).  
D. Methanogenesis 

This phase consists in the production  of methane by meth- 



 
 

Fig. 2. Schematic representation of LIF neuron model operation. Input postsynaptic spikes are integrated until the threshold is reached. After, an output spike is 
immediately generated. Note that the more the input spikes are synchronized, the more the contributes are effective for the overcome of vth. After, the membrane 
potential is instantaneously reset to to vr and remains inactive for a period Δabs (that is why the fourth contribution has not been integrated by neuron i)

anogenic bacteria. Methane in this phase of the process is pro-
duced from substrates which are the products of previous 
phases, that is, acetic acid, H2, CO2, formate and methanol, 
methylamine or dimethyl sulfide. 

III. A BRIEF OVERVIEW ON SPIKING NEURAL NETWORKS 
 The Spiking neural networks (SNNs) are similar to the tra-
ditional neural networks [13-14] but they also incorporate the 
concept of time into their neurons and synaptic weights. 

Therefore, in a synthetic way, we can say that the SNNs are 
networks of spiking neurons. 

A spiking neural network is basically composed of a num-
ber of spiking neurons (i.e., basic elements able to emit pulses), 
some of which are connected by synapses. Each couple of con-
nected neurons j → i is characterized by its synaptic weights 
(i.e., wij). The spatial information can be encoded in SNN as 
locations of synapses and neurons, while the temporal infor-
mation (time) on the spiking activity of the SNN [15].  

The behavior of a real neuron is very complex and most 
widely used models of spiking neurons can be expressed in the 
form of ordinary differential equations. For this reason the 
choice of a spiking neuron model is usually a trade-off between 
biological plausibility and complexity [16]. 

Among the models of spiking neurons present in literature, 
Leaky Integrate-and-Fire (LIF) model is very fast to simulate, 
and particularly attractive for large-scale network simulations. 
This model is characterized by two peculiarities: 

1. The neuron is modeled as a “leaky integrator” of its in-
puts: if no input event occurs, the membrane potential 
(vm, that is the internal state of a neuron) slowly de-
creases to zero with a proper behaviour (i.e.: under-
threshold decay). 

2. When the membrane potential reaches the firing thresh-
old vth , it is instantaneously reset to the resting potential 
vr , and the neuron fires a spike. 

In some spiking network tools, the under threshold decay 
behavior is approximated as linear, and LIF can be simply de-
fined by three parameters: 

• Linear leak rate (l). 

• Firing threshold (vth). 

• Refractory period (Δabs). 

In this case, starting from an initial value vm,i  , the mem-
brane potential of neuron i  will increase of the quantity wij 
every time that a spike arrives from neuron j: 

 

𝑣!,! 𝑡 = 𝑣!,! 𝑡 − 1 + 𝑤!,!                     (3) 
 

Between spikes, the membrane potential leaks according to 
the leak rate: 

 

𝑣!,!(𝑡) = 𝑣!,! 𝑡 − 1 −  𝑙                        (4) 
 

If vm,i  overcomes the threshold, a spike is generated in output: 
 

𝑠!(𝑡) =
1 𝑖𝑓 𝑣!,!(𝑡 − 1) ≥ 𝑣!!
0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                  
 

(5) 
 

and it is received by all the subsequently connected neurons. In 
case of spike generation, the membrane potential will keep to 
zero for an interval equal to Δabs. 

Neurons in the network are connected by links (i.e.: synap-
ses) characterized by synaptic weights which permit to modify 
the amplitude of the passing pulses. Synapses can vary ac-
cording to the activity of the network by means of synaptic 
plasticity. 

In Fig. 2 is shown a schematic representation of the LIF 
neuron model operation.  

A. Synaptic Plasticity: Spike Timing Dependent Plasticity  
Synaptic plasticity is the ability of synapses to strengthen or 

weaken over time, in response to increases or decreases in their 
activity. A well-known type of synaptic plasticity is defined by 
the precise timings of pre-pulse and post-pulse referred to neu-
ron i influencing the magnitude and direction of change of the 
synaptic strength. This rule is known as the spike-timing- 



 
 

Fig. 3. STDP behaviour. On the left is represented the original curve extracted from Bi and Poo through experimental setup.  The variation of synaptic weight is 
plotted as a function of the relative timing between presynaptic spike arrival and postsynaptic firing. The right curve represents the change of the synaptic weight 
when a pre-pulse arrives to the neuron i before the post-pulse is generated; the left curve represents the change of the synaptic weight when a post-pulse is 
generated from neuron  i before the pre-pulse arrives. On the rigth Δt is represented, referred to the synapse wij. Note that Δt = tspike - tarr 

 

plasticity (STDP) discovered by Bi and Poo through an experi-
mental protocol [17], [18]. The STDP behavior can be approxi-
mated by two exponential functions, as shown in Fig 3.  

For a pre-pulse at arrival time tarr  and a post-pulse at arrival 
time tspike, the relative modification in synaptic strength Δwij/wij 
is given by: 

!!!"
!!"

=
𝐴!𝑒

!"
!! 𝑖𝑓 𝛥𝑡 <  0

0 𝑖𝑓 𝛥𝑡 =  0

   𝐴! 𝑒 !!"
!! 𝑖𝑓 𝛥𝑡 >  0

                (6) 

 

where the parameters   𝐴! ,𝐴!, 𝜏!, 𝜏! are obtained during the 
training phase. 

Many variants of this algorithm are used in order to capture 
space-time relationships from the encoded data [19]. 

IV. THE PROPOSED SSN BASED MODEL FOR ANAEROBIC 
DIGESTION PROCESS 

The proposed model consists of the long-term prediction of 
biogas production, starting on the sensing of concentrations of 
some gases during the early-stage of the process. Indeed the 
whole process of methane production by anaerobic digestion 
depends on the chemical processes occurring during the early 
stage of the process: the effects of parameter variations in the 
first days have a strong influence on process evolutions (Hy-
drolysis, Acidogenesis, etc.), and consequent slowing/ speed-
ing-up of biogas production.  

In this paper it was carried out the long-term prediction of 
the concentration of the biogas (CH4 and CO2) at the 100th day 
of the process, analysing the concentration evolution of the 6 
MMM. The model is based on two SNN-based subsystems, 
one for CH4 and one for CO2, that are globally trained in a 
supervised manner, using the 10 days time-series of the marker 
molecule concentrations (i.e.: early-stage evolutions) as input, 
and the 100th day biogas concentration value (long term values) 
as target. This  represents a prediction on the quantity of energy 

 
Fig. 4. The the predictive structure is composed of three main modules: data 
encoding block, SNN block, prediction block.  

available from the digestion process. In order to train this neu-
ral network, we have used the concentration values of simple 
gases obtained by Comsol simulations. 

For the implementation of the predictive structure, we have 
used the NeuCube computational framework [20]. The struc-
ture consists of three different blocks: data encoding block, 
SNN block and prediction block (see Fig. 4), that will be de-
scribed as follows. 

A. Data Encoding Block 
This block is able to encode the information carried out by 

the time series of the MMM concentrations in the form of spike 
sequences.  

Each one of the 6 MMM concentration evolutions has been 
described (sub-sampling the 6 MMM time series) by a 100-
samples vector, representing the first 10 days of the process 
(early stage period). 

The data vector has been transformed into a spike train ap-
plying the thresholding representation (TR) algorithm [21] to 
the 100-samples vector, with a threshold of 0.2. It allows to 
generate  spike  sequences  composed of both excitatory and in- 



 

Fig. 5. The NH3 data  Encoding (100-samples vector) into trains of spike 
using TR algorithm. Top: concentration’s evolution of NH3 during the first 10 
days of anaerobic digestion process. Bottom: corresponding spike train 
obtained applying TR algoritm. 

hibitory contributes, corresponding respectively to an increase 
or a reduction  in signal  amplitude without the need of nor-
malization preprocessing steps such as scaling, smoothing, etc..  
An example of encoding data into trains of spikes using TR 
algorithm is shown in Fig. 5. 

B. SSN block 
In the second block spike trains were presented to the inter-

connected LIF neurons (the neuron of the neural network), the 
SNN cube (SNNc).  

The SNNc is trained in an unsupervised mode, where the 
initial set of connection weights is modified to encode hidden 
spatio-temporal relationships from the input data into neuronal 
connection weights. Polychronization effect [22] makes the 
SNNc able to activate the same groups of spiking neurons with 
a similar spike-timing pattern when a similar input is presented. 
Progressively, the spike timing dependent plasticity (STDP) 
mechanism modulates the connection weight between two neu-
rons, in relation to their temporal order of activation [22]. Since 
the used variables don’t have spatial information, these have 
been mapped taking into account the temporal similarity be-
tween them, as proposed in [23]. Variables with increased tem-
poral similarity have been mapped in spatially closer input neu-
rons of the SNNc. In order to estimate the temporal similarity 
between time series, we have computed the Pearson correlation 
coefficient [23] for any couple of input vectors. Then we used 
this correlation coefficient to measure the distance between the 
input neurons (NeuCube features). The proximity between two 
neurons then is established using the following formula: 

 

𝐷! = 𝐷!"# ∙ 1 − 𝑝 + 1    𝑎𝑛𝑑    (0 <  |𝑝| <  1)      (7)  

 

where Dmax is the maximum distance allowed between neurons 
(set by the user), p is the Pearson correlation coefficient and Dn 
is the mapping distance (expressed in terms of number of neu-
rons). This procedure is able to infer to the SNNc regions an im- 

 
Fig. 6.  The anaerobic digester system.  
 

 

Fig. 7. The fermentation vessel. 

proved anatomical connectivity on the basis of the revealed 
functional connectivity [23]. 

C. Prediction block 
The second learning stage occurs in the SNN block: the 

spiking neurons of this block are trained to associate the spik-
ing patterns generated by the SNNc to the target values. 

The Prediction block is an output neural structure trained 
functional via supervised learning method, using the dynamic 
evolving SNN (deSNN) algorithm [24], that makes use of both 
rank-order (RO) [25] and spike driven synaptic plasticity 
(SDSP) learning rules [26]. RO learning will set the initial val-
ues of weights and SDSP rule adjusting them based on further 
incoming spikes.  

The proposed method implies that this block operates as a 
regressor: the same data used for the train of SNNc are used 
also to train the prediction block in order to associate input data 
𝐱 to target y.  

V. THE ANAEROBIC DIGESTER: EXPERIMENTAL SETUP 
The realized digester consists of a stainless steel reactor 

(see Fig. 6) with the inside surface sealed by a thin glass-fiber 
layer reinforced  to overcome the problem of corrosion and to 
make it gas-tight.  

The fermenter vessel has a capacity of approximately 24 li-
tres  and an operating pressures of 0 Barg (see Fig. 6).  The oth- 



 
Fig. 8. The MQ-4 gas sensor (left) and Arduino Board (rigth). 

 

 

Fig. 9. The biogas composition over the time. 

ers components of the biodigester are: transparent tubular poly-
ethylene, gas exit PCV pipe, inlet PCV pipe. The inlet pipe has 
a valve to allow the emptying of the reactor. For the conveying 
gas, to the coupling flange of the expansion vessel, it has been 
used a brass fitting.  

In the biodigester a water filter (15 cm) is used as a hy-
draulic guard and a second filter, with caustic soda and active 
carbon, is used to remove the carbon dioxide and the hydrogen 
sulfide. The compressor is connected to the valve preload of 
the expansion vessel, in order to compress the gas and store it 
in another tank, thus eliminating the contact between air and 
gas, particularly dangerous for the formation of explosive 
mixtures of air and gas. 

To obtain an uniform mix of food waste and vegetable 
waste within the reactor we used an electrical agitator with 
added water in order to facilitate the growth of thermophilic 
microbes for faster degradation of waste. 

The gas detection system consist of an MQ-4 gas sensor 
and an Arduino Board that is connected to the output voltage of 
the gas sensor. The MQ-4 gas sensor and Arduino Board are 
shown in Fig. 8. 

The MQ-4 gas sensor detects natural gas concentrations 
composed of mostly Methane CH4 from 200 to 10000 ppm. 
This sensor has a high sensitivity to Methane and fast response 
time. When the gas sensor MQ-4 detects the presence of gas, it 
sends an analogue signal to the AD-converter of the Arduino 
board.              
 It has  been observed the  operation of the biogas system for                                                                                           

 
Fig. 10. The relative biogas composition over the time. 

 

 

Fig. 11. The structure of the datasets 

100 days, storing gas pressure and concentration data starting 
from few hours after the first loading of the biomass in the di-
gester. 

VI. TRAINING DATA FOR SNNS OBTAINED BY COMSOL 
SYMULATIONS 

In order to form a statistically significant train pattern, used 
to train the SNN, we simulated 50 reactions including hydroly-
sis, acidogenesis, acetogenesis and methanogenesis by means 
of the "COMSOL Reaction Engineering Lab" software, that 
automatically solves material and energy balances including 
the complicated reaction-rate expressions of dry anaerobic di-
gestion of food waste, which was investigated under meso-
philic conditions, in a Batch reactor with a temperature of 
32°C. The simulation time was set equal to 100 days.  

The values of the activation energy Ea and of the constant A 
of the equation (1), used  for  the substances involved in the hy- 
hydrolysis process are reported in Tables I and II.   

Four different kinds of substrate concentrations have been 



analyzed for the biogas process: Carbohydrates, Proteins, Li-
pids and Water. We carried out a lot of simulations of the an-
aerobic digestion process by changing the substrate composi-
tions. In all simulations the water was used as a solvent. 

In Fig. 9 (concentrations in mol/m3) and Fig. 10 (relative 
concentrations) we can observe the change in percentage of 
the biogas composition. These graphs were obtained by using, 
in the simulation, the concentrations of carbohydrates, proteins 
and lipids shown in Table III. 

Initially, the biogas consists of almost 70% carbon dioxide 
and 30% methane. After ten days, the production of methane 
exceeds that of carbon dioxide up to a maximum limit of about 
66%. While after about 50 days, there is again a reversal and 
the production of methane drops considerably. 

VII. SIMULATION RESULTS  
Two different datasets have been generated from Comsol 

simulations: one for the prediction of CH4, and the other for 
CO2. From each simulation it has been generated one training 
data structure (sample). This structure is constituted by a 100 x 
6  matrix composed by the 6 time series of the MMMs (early-
stage evolutions), obtained by one Comsol simulation. The 
target is represented by the concentration values of the biogas 
after 100 days (long-term values). The structure of the datasets 
is shown in Fig. 11. 

For both of the two SNN-based subsystems, the SNNc is 
composed of 125 neurons (X = 5, Y = 5, Z = 5), connected in a 
“small world” topology with a radius of 2. The 6 input neurons 
have been positioned according to the relative signal temporal 
similarity, as described in subsection “SNN block”.  

The dataset has been divided into three groups: training set 
(50%), model selection or validation set (25%) and recall or 
test set (25%).  

In order to develop the optimum network model, many 
networks have been trained. The optimisation of the parameters 
of NeuCube has been achieved by trial and error tests on the 
SNN models. The optimal values of the parameters for the two 
SNNc (one for CH4, one for CO2) are: 

 
𝐶𝐻! − 𝑆𝑁𝑁𝑐 𝐶𝑂! − 𝑆𝑁𝑁𝑐

𝑆𝑇𝐷𝑃 𝑟𝑎𝑡𝑒 =  0.02 𝑆𝑇𝐷𝑃 𝑟𝑎𝑡𝑒 =  0.01
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑜𝑓 𝑓𝑖𝑟𝑖𝑛𝑔 =  0.5 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑜𝑓 𝑓𝑖𝑟𝑖𝑛𝑔 =  0.5 
𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑙𝑒𝑎𝑘 𝑟𝑎𝑡𝑒 =  0.002 𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑙𝑒𝑎𝑘 𝑟𝑎𝑡𝑒 =  0.002

𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 𝑡𝑖𝑚𝑒 =  8 𝑅𝑒𝑓𝑟𝑎𝑐𝑡𝑜𝑟𝑦 𝑡𝑖𝑚𝑒 =  6 

 

 

The optimal values of the parameters mod, drift, k and σ for 
the two SNNc are respectively 0.8, 0.005, 3, 1 (for both the  
SNNc the parameters are the same). 

The performance evaluations of the proposed model was 
made by using the data obtained by the digester. 

 The  prediction  errors  have  been  calculated  by means of 
the Mean Absolute Deviation (MAD), the Mean Absolute 
Percent Error (MAPE), and the Mean-Root-Squared Error 
(MRSE) [27]. The Mean Absolute Deviation (MAD), the Mean 
Absolute  Percent  Error (MAPE),  and the Mean-Root-Squared 

TABLE I.  THE ACTIVATION ENERGY EA AND THE CONSTANT A IN THE 
HYDROLYSIS OF CELLULOSE 

Substrate Starch Cellulose Cellobiose Xylan Xylose Lactose 

A [ s-1] 2.9e06 6.6e14 5.1e04 7.8e13 2.4e14 6.19e08 
 

Ea [kJ/mol] 4.17e04 1.1e05 3.9e04 1.1e05 1.1e05 
 

4.27e04 
 

TABLE II.  THE ACTIVATION ENERGY EA AND THE CONSTANT A IN THE 
HYDROLYSIS OF PROTEINS 

 

Substrate Milk Whey Casein Keratin Collagen Wheat 

A [ s-1] 2.11e07 

 

1.9e07 

 

1.9e04 

 

3.25e17 

 

17e14 

 

 

Ea  [kJ/mol] 6.3e04 

 

2.93e04 

 

2.03e04 

 

1.03e05 

 

3.43e04 

 
 

TABLE III.  THE  CONCENTRATIONS OF CARBOHYDRATES, PROTEINS AND 
LIPIDS (mol/m3 ) 

Carbohydrates Lipids Proteins 
aC6H10O5=1 C57H104O6=0.6 KER=1 

bC6H10O5=0.02 C51H98O6=1   GRA=2 
cC5H8O4=0.01 C37H70O5=0.6 CAS=4 
C12H22O12=20 C37H68O5=0.4 LGL=2 

  LAL=1 
  BSA=2 
  COL=2 

 

Error (MRSE) are described as follows: 
 

𝑀𝐴𝐷 =
|𝑦! − 𝑦!|!

!!!

𝑛!
 

 
 

             𝑀𝐴𝑃𝐸 =

𝑦! − 𝑦!
𝑦!

!
!!!

𝑛!
 ∙ 100 % 

 

 

           𝑀𝑅𝑆𝐸 =
𝑦! − 𝑦! !!

!!!

𝑛!
  

 

where 𝑦i is the experimental value, while 𝑦! is the predicted 
value, and nt is the total number of samples in the test set. 

 The obtained values of  MAD, MAPE and MRSE for CH4 
are respectively: 0.962, 4.07, 0.47, while for CO2 are: 1.958, 
10.48, 0.923.  

VIII. CONCLUSIONS 
In this paper a spiking neural network-based model for an-

aerobic digestion process is proposed. This model performs a 
long-term prediction of the concentration of the biogas (CH4 
and CO2) at the 100th day of the process, by analysing the con-
centration evolution of 6 measurable marker-molecules 
(MMM) namely CH4, CH4S, CO2, H2, H2S and NH3 during 
the first 10 days of the process. 

The tests carried out with experimental data show very low 
values of MAD, MAPE and MRSE. On the other hand, be-
cause the networks have been trained using data from simula-



tions and have been tested with experimental data, low values 
of MAD, MAPE and MRSE demonstrate that the model works 
very well and has a good generalization capability. 

Therefore, the proposed model can be proficiently used to 
improve digester's performance. 
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