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Abstract

In this work, a new municipal biocell with new operation and waste management is proposed. The
proposed system is biocell that is built gradually when the waste is being disposed. Different from
conventional disposal at landfills, waste is put between “hydrophobic bricks” that are perforated
permeable containments filled up with porous dumping material such as styrofoam. Genetic algo-
rithm is used to optimize a transfer function that represents input of biogas percentages and out-
put solutions for daily mass transfer rates for biogas mixture from which mass and volume of bio-
gas within the biocell time of service are calculated. Transfer function is obtained by fitting dy-
namic input-output data to the input-output solutions. Input-output data are encoded to chromo-
somes (1, 0 digits). These chromosomes are subjected to genetic processes as crossover and muta-
tions. Then a process of evaluation takes place. The evaluation process entails an objective func-
tion that evaluates the squared difference between experimental and calculated values. After the
chromosomes are being evaluated, they are either selected for more iteration or decoded to the
solutions. The decoding process is performed on optimal chromosomes to obtain optimal solu-
tions and required optimal transfer function. Consequently, the mass and volume of biogas within
the landfill time of service are determined for any ratio of CH4:CO- in biocell.
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1. Introduction

The control of biogas, carbon dioxide and methane, in municipal landfills is an important issue due to the signi-
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ficance of these gases in terms of their pollution, hazards, and benefits.

Leachate and biogas are two emissions that are characteristic of municipal solid waste (MSW) landfills [1].
The anaerobic decomposition of landfilled MSW generates large amounts of gas that is composed of 50% - 60%
CH, (by volume), 40% - 50% CO,, and other trace gases such as nitrogen and volatile organic hydrocarbons [2]
[3]. Landfill gas is basically made up of methane and carbon dioxide, in addition to other small amounts of hy-
drogen, oxygen, nitrogen, in-organic compounds, and volatile organic compounds [4]. When released to the at-
mosphere, landfill biogas represents a threat to the environment, because both methane and carbon dioxide are
greenhouse gases that contribute to the global warming. Methane is 21 times more powerful as greenhouse gas
than carbon dioxide with a long lifespan of 150 years [5].

Landfills are estimated to account for approximately 25% of annual anthropogenic CH,4 emissions in the
United States [3], and as much as 20% of the global anthropogenic CH, emissions [6]. Furthermore, methane is
explosive when its volumetric concentration attains 5% - 15% in an air mixture. Safety and environmental con-
cerns require that gas emissions should be controlled at landfills [7].

The landfill gas has been widely used as a fuel gas and hence landfill gas systems, especially in the western
world, are developed to exploit this renewable source of energy [8]. A review in reference [9] identified 242
sites in 20 nations where landfill gas was being tapped and used as a fuel with total energy contribution exceed-
ing of 2.037 million tonnes of coal equivalent per annum [9].

In the view of previously discussed issues, biogas control is a vital issue, and since biogas behavior in land-
fills is stochastic due to environmental parameters variations and there are variations of biogas mixture ratios in
the emissions, the biogas flux at different ages of landfill should be controlled by intelligent method.

2. Methodology

In this work, a system with new operation and waste management is proposed. The proposed system is built gra-
dually when the waste is being disposed. Different than conventional disposal methods at landfills, waste is put
between “hydrophobic bricks”. These bricks are containments filled up with permeable materials such as styro-
foams that are water repellent and provide more space for gas transfer. To maintain the integrity of the system,
cells are constructed at chronological order. Figure 1 shows the gradual construction of the biocell using per-
meable “bricks”. To maintain the stability of the structure; each brick can be reinforced to the other bricks by
key knobs that fit to keyholes [10] [11]. The design dimensions can be inspired from the scheme shown in Fig-
ure 2.

The biogas can be controlled easily in this biocell system, furthermore this handy system provides platform
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Figure 1. Scheme of proposed biocell bricks.
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Figure 2. Biocell design configuration and dimensions.
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for intelligent and computational methods for biogas mass transfer rates and volumes estimation. Hence, genetic
algorithm is herein proposed.

3. Genetic Algorithm

Genetic algorithms are stochastic search method introduced in the 1970s by researchers such as John Holland

[12], and Ingo Rechenberg [13]. Genetic Algorithms (GA) are stochastic optimization techniques that are based

on the analogy of the mechanics of biological genetics and imitate the phenomenon of selection of the fittest in-

dividuals [14]. A GA is generally characterized by:

- Coding scheme for each possible solution, using a finite string of bits (called chromosome);

- Fitness value that provides the quality of each solution;

Initial set of solutions to the problem, called initial population, randomly generated or chosen on a prior

knowledge;

- A set of reproduction, mutation and natural selection operators, that allows development of the population.
Based on simplifications of natural evolutionary processes, genetic algorithms operate on a population of so-

lutions rather than a single solution. Each individual of a population is a potential knowledge base that is en-

coded before applying four operations: crossover, mutation, evaluation and natural selection, and decoding

(Figure 3).
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Figure 3. Genetic algorithm processes and optimization.
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A. Crossover

The progression of the population is achieved by reproduction of the best individuals based on their ability to
endure natural selection. Reproduction is mainly made by crossover of the genotype (chromosome) of two par-
ents to produce the genotype of two children [15].

B. Mutation

Mutation is a random inversion of a bit in the genotype of a new member of the population. Mutation allows
trying completely different solutions.

C. Evaluation

The capacity of each individual to endure natural selection is evaluated by objective function. The objective
function evaluates the capacity of the knowledge base to approximate the sampled data. This fitness value can
be computed as the root mean square error method.

D. Natural Selection

Natural selection is performed on a population by keeping the most promising individuals based on their fit-
ness. This is equivalent to using solutions that are the closest to the optimum [15].

When the genetic algorithm is in steady state, a newly child replaces the worst genotype of the population in
the process of creating child solution using genetic operators such as crossover and/or mutation. This process of
production is repeated until optimization criterion is met, which normally takes place when many of iterations
have been accomplished. The population has often come together when the optimization criteria have been met
up where the genotypes in the population are identical to each other [16]. Genetic algorithms (GA) can be ap-
plied to natural and real world problems. For instance, a fuzzy logic system used the genetic algorithms and
neural networks to create fuzzy knowledge bases and rules to evaluate the capability of wetlands to remove
mercury [17] [18].

In this research, the genetic algorithm is used to optimize biogas transfer rates in hydrophobic polymer me-
dium in biocell bricks. This approach is suitable for large data with many variable parameters, and when deci-
sion cannot be ended up by human expert.

4. GA Optimization of Biogas Transfer

In the landfill, the important parameters (temperature, pressure, and biogas concentration) are variable. There-
fore, biogas behavior is stochastic in addition to the variation of biogas ratios in the mixture of emissions, and
hence GA is herein used. The investigational data in Figure 4 shows the biogas flux vs. different pressure gra-
dients, where each curve satisfies certain biogas ratio in the emission mixture, simulating a situation on landfill,
particularly at different ages of the landfill. When polymer capacity at landfill is to be designed, the amount of
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Figure 4. Biogas flux data for different percentages within different pressures
(at average temperature 25°C).
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gas should be taken in consideration, and hence an optimization should be conducted. Genetic algorithm has
been used to optimize the design for a micro-scale unit for biogas mass transfer rate (AF = dm/dt) in the permea-
ble hydrophobic polymer medium (Figure 5) in constructed biocell.

Genetic algorithm is used to characterize the dynamics of input-output data by identifying a dynamic transfer
function, which is a mathematical representation of the relation between the input and output used in control
theory. Transfer function is obtained by fitting a dynamic input-output data to the input-output solutions. Input-
output data are encoded to chromosomes (1, 0 digits). These chromosomes are subjected to genetic processes as
crossover and mutations. Then a process of evaluation takes place. The evaluation process entails an objective
function that evaluates the squared difference between experimental and calculated values. After the chromo-
somes are being evaluated, they are either selected for more iteration or decoded to the solutions. The selection
process is performed on non-optimal chromosomes by keeping the most promising individuals based on their
fitness. The decoding process is performed on optimal chromosomes to obtain optimal solutions and required
optimal transfer function.

Genetic algorithm is applied by means of TransGA 1.0 (©Angel Martin 2002) [19], for optimizing the mi-
cro-scale biogas transfer rates in the porous hydrophobic medium.

The genetic algorithm proceeds in iterative processes of reproduction and mutation as shown in Figure 6 to
achieve the optimized solution that is being represented by transfer function for input/output solutions. The
transfer function represents the simulation of output values of biogas flux due to input values of biogas percen-
tages during the landfill time.

F,

dm
AF ===
dt
AF = Fz —F1
T F: mass flux (g/s)
m: mass (g)
t: time(s)
y
A z
X 1
Fy

Figure 5. A micro-scale unit of porous hydrophobic polymer
to be optimized by (GA) for biogas mass transfer (AF).
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Figure 6. Mutation and reproduction processes done during GA optimization.
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The solutions were evaluated and optimized until steady state was achieved, where the genotypes in the pop-
ulation are very similar if not identical to each other. As shown in Figure 7, transfer functions from F1 to F5
represent the optimum phenotypes that are summarized as the following:

F1=(2-0.242-2 —0.0868)/(z2 ~1.13-2+0.198) (1)
F2=(2"-0.242-7 —0.0868)/(22 ~1.14-2+0.206) )
F3=(2’-0682-2° +0.0198-2 +o.0382)/(z3 -1.9-2° +1.07-2-0.155) ©)
F4=(z°-06822°+0.0198-2 +o.0382)/(z3 ~1.88-7° +1.03-2-0.141) ()
F5=(z+0.888)/(z-0.704) (5)

The solution F5 in Equation (5) is the most optimal solution, because it has the least objective function value
(<0.0001). The objective function evaluates the capacity of the knowledge base to approximate the sampled data.
This fitness value is computed as the root square mean error method. Thus the optimization process is done as
minimization on the objective function is achieved. Therefore, F5 is used as a representative transfer function
for simulation and design of the biogas mass transfer through the porous hydrophobic polymer medium.

The transfer function which represents the biogas transfer through the permeable hydrophobic polymer is
used for biocell bricks design. As shown in Figure 8, the output of the transfer function is adjusted by the coef-
ficient (K) to have the output [f(u) = K x u] scaled up from micro-scale to the field scale. The K coefficient de-
pends on the pressure gradient as it is represented by the curve in Figure 9.

The results obtained from simulation on Figure 8, represent daily biogas mass transfer rates (dm/dt), mass,
and volume. The mass transfer rate is hence shown in Figure 10 which is used to find the total daily mass and
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lumes using optimum transfer function.
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Figure 10. Biogas mass transfer rate (dm/dt) vs. different biogas percentages
at pressure gradient 1 N/m?m (within 40 years and average temperature
25°C).

volume of biogas as it is shown in Figure 11 and Figure 12 respectively.

Figure 13 shows design volumes and percentages for biogas mixture (CH4, COy) in biocel bricks during 40
years. The capacity and the properties of hydrophobic porous polymer used in biocell bricks should withstand
the biogas mixture volumes and mass transfer rates obtained.

5. Conclusions

The proposed system herein is biocell that is built gradually when the waste is being disposed. Different from
conventional disposal at landfill, waste is put between “hydrophobic bricks” that are permeable dumping ma-

terial such as styrofoam to collect biogas.
Biogas behavior in biocells is stochastic due to variable environmental parameters. Genetic algorithm is here
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Figure 11. Total mass of biogas mixture (40% CO,, 60% CHy,) in landfill per
day per unit area (at pressure gradient 1 N/m?m and average temperature
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Figure 12. Total volume of biogas mixture in landfill per day per unit area (at
pressure gradient 1 N/m?-m and average temperature 25°C).
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age.

used to optimize a transfer function that represents input of biogas percentages in biogas mixture and output so-
lutions for daily mass transfer rates for biogas mixture from which mass and volume of biogas within the biocell

time of service are calculated.
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