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Abstract: The ever increasing growth of energy consumption has stimulated an energy crisis, not only in terms of
energy demand, but also the impact of climate change from greenhouse gas (GHG) emissions. Renewable energy
sources (RES) have high potential toward sustainable development, with a wide variety of socioeconomic benefits,
including diversification of energy supply and creation of domestic industry. This paper presents a solution to optimal
multi-fuel allocation for the electric power generation planning problem via genetic algorithms (GA). The objective is to
maximize the electric power energy output and minimize generation cost. This is a difficult problem because of its data
variation and volatility. GA can provide an appropriate heuristic search method and return an actual or near optimal
solution. This paper uses some heuristics during crossover and mutation for tuning the system to obtain a better
candidate solution. An experimental result showed significantly improved results compared with other techniques. The
results in this paper should be useful for connecting power generation with economic growth.
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1. INTRODUCTION

Electricity is the most multi-purpose energy carrier
in the modern global economy, and is linked to human
and economic development (Aqeel and Gholamreza,
2011). The shortage and poor management of
electrical energy stimulates energy crises throughout
the world.

Renewable energy is widespread and is effectively
developed throughout the world. Many renewable
energy fuels, such as wind turbines and solar farming
are among the most popular alternative energy sources
(Warsono et al, 2007). However, the optimal
management scheme of biofuel has not been studied
extensively. This topic includes the optimal size and
location of a power plant (Sedighizadeh et al., 2013),
the optimal sizing of generation (Ying-Yi and Ruo-
Chen, 2012), types of raw agricultural materials, and
efficient processes of energy conversion technology
(ECT), (Yang et al., 2016). Proper allocation of a raw
material will have a high impact on the volume of
produced electricity. Many countries in Asia are
agricultural countries, with plenty of biofuel materials.
Currently, over ten thousand tons of local agricultural
materials are used to produce thousands of Megawatts
(MW) of electricity (Twarath, 2012). However, with
plenty of raw materials, Asia can produce bio-energy
more than ten thousand of Megawatts (Japan Institute
of Energy, 2014).
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Optimal power generation planning has been
considered frequently using classical optimization
methods, namely as the maximization of an objective
function representing energy (Sedighizadeh et al.,
2013) or the minimization of an objective function
representing generation cost (Amirsaman et al., 2014),
(Christian et al., 2008), (Jorg et al., 2010), (Senjyu et
al., 2006). The Genetic Algorithm (GA) offer a powerful
approach to these optimization problems, made
possible by the increasing availability of high
performance computers. GA is a parallel and global
search technique that emulates natural genetic
operators.

GA operates on a population of candidate solutions
encoded in a finite set of bit strings, called
chromosome. In order to obtain optimality, each
chromosome exchanges the data by operators
borrowed from natural genetics to produce a better
solution.

In order to have high productivity, a proper match
between a raw material and an ECT is required. Some
raw material might be suitable with one technology, but
not the other. This paper searches for an optimal
method to match the raw material with the technology
for the highest productivity, along with the proper
volume to suit daily prices.

This paper enables the use of genetic algorithms to
improve bio-energy allocation in biofuel power plants. It
can analyze the proper types of fuels for each ECT,
along with the proper production volume for each day,
to maximize the produced electricity value. The power
generation scheme can be planned quickly and
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Figure 1: Energy Conversion Technology.

efficiently according to the quantity and types of
available fuels. This will increase the stability of the
power system, enhancing regional and rural
development opportunities.

2. PROBLEM FRAMEWORK

2.1. Challenge

There are several options to produce electricity from
biomass (Sedighizadeh et al., 2013),
(Fakhimghanbarzadeh et al., 2010). Solid and wet
biomass are used as plant input feedstock, with ECT
being the conversion process, as shown in Figure 1.
This system must integrate many interrelated input
data, including the raw material stock, availability of
ECT, and volatility of daily electricity price. High
electricity output can be obtained from a proper match
between raw material inputs and ECT. For example,
combustion technology is suitable for solid
biomass,wood piece, not sugarcane plant. The
electricity price in this paper is assumed to change
daily, so that the system must plan to produce more on
higher price days. Production is absolutely essential to
consider or plan a period for maximizing profits.

2.2. Input: Multi-Fuel

Renewable energy sources (RES) are the input
data of this system to convert fuel into electricity. The
research simulates the inputs into five biomass fuels,
which are rice husk, bagasse, wood pieces, straw, and
corn cob. Each type of fuel has different properties,
such as energy efficiency, heating value, and moisture
content, and will be stored in inventory for raw material
reserved in the power plant. Biofuel management must
be carefully planned, including the sourcing of the raw

material, delivery, storage, usage plan, and garbage
management. Moreover, the use of biomass can
contribute to sustainable development in rural areas
(Lijun et al., 2008).

23. Processing Unit: Conversion

Technology (ECT)

Energy

The ECT is the processing unit for energy
production of the system, and will produce electricity
from multi-fuel inputs. This research has four different
ECT, which are combustion technology, gasification
technology, pyrolysis technology, and digestion
technology, as shown in Figure 2.

2.4. Output: Electricity Produced

The produced electricity is the output of the system.
Before the fuel is fed to the ECT, this system will
evaluate energy efficiency processing and find the best
time to produce and sell electrical energy.

3. GENETIC ALGORITHM
ALLOCATION

IN OPTIMAL FUEL

3.1. Overview

In this paper, we develop a GA applied to the
problem of optimal multi-fuel allocation for electric
power generation planning as shown in Figure 3. The
research was conducted in a simulation with three
different factors, namely five types of raw materials,
four types of ECT, and the daily electricity price.

3.2. Chromosomes and Genes

A representation of a possible solution to an
optimization problem is encoded using either binary,
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Figure 4: Conceptual lllustration and Components.

real-valued, or tree encoding. Gene is a group of bits or
real values which encode a particular element of a
possible solution (Chromosome). Each set of
chromosomes represents an individual (Abdul et al.,
2011), which is one possible solution to fuel allocation.
If all constraints are satisfied, then it can be considered
as a valid solution. Each chromosome represents four
ECT, and each ECT stores five fuels in an array. The
index of the array specifies the position of the raw
material in the ECT.

The research has made a preliminary structural
design of the system based on the GA. Each candidate
solution is encoded in the form of chromosomes, as
shown in Figure 4. There is a maximum capacity of
storage for raw materials in the inventory, as shown in
equations (1) and (2), with the GA process evolving the
value in the chromosomes to achieve a better
candidate solution:

(1)
()

Each of the chromosomes in this paper has 7 days
with 140 genes. There are four types of ECT, and five
types of raw materials for each ECT. The daily
electricity price changes regularly.

szM Gmr = Capt ?

2, cuG.. =Stook, +[Supply, .

3.3. Selection

The calculated fitness of each chromosome helps to
select suitable members for the next generation. This
selection method is done using the roulette wheel
technique (Abdul et al., 2011). Figure 5 shows the
concept of the roulette wheel selection where size of
each partition depends on its fitness value. The higher

fitness value, the bigger partition, and hence the higher
chance to be selected for the next generation.
Although, a member with high fithess value tend to be
selected, but a lower fithess member also has a
chance to be selected as well according to a random
value. This make a new generation more diversifies
and is not totally dominated by the fittest member. To
implement this idea, each member will have a
probability to be selected, as shown in equation (3):

Rotating

—-———

Figure 5: Roulette Wheel Selection.

Eff 7 3)
where
P, = selection probability;

f, = fitness value of member k.
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Figure 6: Crossover of Fuels.
3.4. Crossover

Crossover is the primary genetic operator which
promotes the exploration of new regions in the search
space (Younes et al., 2007), an operation in which
genetic material is exchanged between two different
chromosomes to generate new chromosomes or a
child (Zhang et al., 2007). The crossover method takes
information from one individual and inserts it in the
other to create a new child (Abdul et al., 2011). The
probability of crossover rating can be configured and
modified. Figure 6 shows the crossover of fuel and
Figure 7 shows the crossover of ECT.

3.5. Mutation

Mutation is a genetic operator used to maintain
genetic diversity from one generation of a population of
chromosomes to the next (Abdul et al., 2011). In other
word, this operation is randomly changes parts of a
gene in a chromosome at randomly chosen places.
The mutation adds a random search to the GA (Zhang
et al.,, 2007). The mutation technique is an evolved
characteristic, and is strongly influenced by the
genetics of each version. The variety of mutation
techniques used to find a better result for this system

Machine m,

include a mutation of fuels and mutation of ECT, as
shown in Figures 8 and 9.

3.6. Reproduction

Reproduction is used to generate a next generation
from those selected through genetic operators based
on the principle of better fitness survival. It is an
operator that obtains a number of solutions according
to their fitness value. For each new solution to be
produced, a pair of parent solutions is selected for
breeding from the pool that was selected previously. By
producing a child solution using crossover and
mutation, a new solution is created, which typically
shares many of the characteristics of its parents, and
new parents are selected for each child. This process
continues until a new population of appropriate size is
generated.

3.7. Fitness Function

The fitness function can be described by equation
(4), cash inflows:

1
PV, =P, .E,.|Kg. (4)
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where

PV, = gain from the sold electric energy;
P, = selling price of electric energy;

E, = sold and produced electric energy;

K, =increasing rate of sold energy price;

V = useful lifetime.

u

In order to choose which children from the newly
created population will be favored to breed, the fitness
of every individual has to be computed. In this paper,
equations (5) and (6), is the fithess function of this
implementation:

T
max P,
=1 !

Fitness Function = P, = PV, =[Inv_+ LP, + MC,],

®)
(6)

where
P = maximum of selling;
Inv = investment cost in the production cycle;

LP

t

= electricity used in manufacturing;

MmcC = maintenance technology.

t

3.8. Termination of the GA

As GA is a stochastic search method, it is difficult to
specify convergence criteria formally. Termination is a
criterion by which the GA decides whether to continue
searching or to stop the search (Xiang et al., 2005),
(Zhao et al., 2009). As the fitness of a population may
remain static for a number of generations before a
superior individual is found. A common practice is to
terminate GA after a specified number of generations,
and then test the fitness of best members in the last
population (Younes et al., 2007). If no acceptable
solutions are found, the GA may be restarted and a
search initiated (Michalewicz, 1995). The process is
repeated until a termination condition has been
reached, as shown in equation (7). The condition is a
combination between satisfying the maximum criteria
and the maximum number of generations reached:

Iteration, = Iteration
P=P

target

(7)

e } Termination Condition

4. RESULTS

The results shown in this section are obtained from
various GA parameters, '1' is the 200 population size,
'2' is the 500 population size ('1'=200, '2'=500), T is the
mutation rate of 10 %, S is the mutation rate of 5 %
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(T=10%, S=5%), V1 is the crossover of ECT, V2 is the
mutation of fuel, and V3 is the mutation of ECT. From
this experiment, a GA with higher population size can
find rapidly the best answer or using a fewer iteration.
The results in Figure 10 show the 200 population size
compared with the 500 population size, and the
mutation rate of 10 %.

The results in Figure 11 show the 200 population
size compared with the 500 population size and
mutation rate of 5 %. Figure 12 shows the mutation
rate of 10 % and the mutation of fuel techniques.

Figure 13 shows the mutation between the ECT
technique, 200 population size compared with 500

population size, and the mutation rate of 10 %, can
describe the 500 population size and the mutation rate
of 10 %. From this experiment, the mutation of ECT
performs the best.

5. DISCUSSION

From the results, the larger population size is
inversely proportional to the required iterations
because the larger volume of the population can
increase the chances of finding a better candidate. The
mutation operation, each fuel has a probability to
mutate. If a fuel is selected for mutation, the new value
of the gene will be random within the range +/- 100%
from its previous value. In this paper, a higher rate of
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Figure 11: Comparison of Each Population Size and Crossover of Machines (ECT).
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mutation leads to a quicker solution because its
population used a new value more often than the
original value. Both the crossover of ECT and the
mutation of ECT are rapidly coverging at low
generations.

The crossover and mutation operations have an
impact on the performance of the GA. The crossover
operation in a local exploration of the target function
creates a combination of other individuals, while the
mutation operation introduces parameter values into
the gene, which have not been used previously.

Electricity prices increase rapidly, and the carbon
credit issue is one of the most difficult problems to

handle. Thus, the RES is the most popular choice for
carbon reduction, but many RESs and the operational
costs of renewable power plants are not affordable.
Therefore, a suitable way to reduce GHG and the costs
of RES power generation should be proposed.

In Figure 14, electricity prices in Denmark, Germany
and Spain are the most expensive. Electricity in
Denmark is mainly generated by diesel fuel. Canadian
electricity is cheap at 10 US cents per kilowatt hour,
which is reflected in their high average electricity
usage. US electricity prices are 0.12 $/kWh, which is
quite cheap. In India and China, they are also very
cheap. The UK is in the middle at 20 cents. Electricity
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is relatively expensive globally, but not too high for
Europe, where most countries pay a high share of tax
for their power. Electricity prices change many places,
including South Africa, Australia and Nigeria (OVO
Energy, 2015).

In addition, electricity prices also fluctuate each
month, as shown in Figure 15. The rate of change for
each month change automatically, depending on a
number of factors.

Figure 16 shows daily changes in electricity prices
(Can$/MWh) in Ontario, Canada (Market Report,
2016). It was found to be volatile throughout the month
and the price of electricity trading can be increased or
decreased without limit. Electricity prices are always

fluctuating, with high variability. Power generation
planning is difficult, and may take a very long time to
plan, evaluate, and calculate the multi-fuel allocation
and electrical energy production. For this reason, it is
necessary to develop tools or methods for improved
allocation and planning.

6. CONCLUSION

This paper used genetic algorithm (GA) to allocate
multi-fuel for power generation planning for the best
solution. The aim of the paper was to maximize electric
power energy and minimize generation costs. The
research successfully demonstrated a method to
provide suitable raw material allocation when there are
differences in raw materials, energy conversion
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technologies (ECT), and volatility in electricity daily
prices.

With this system, an investor can have a better
allocation plan, and receive greater electricity output
from the bio-energy power plant and highest returns. In
response to the government power development plan,
the paper can find optimal and sustainable solutions of
complex problems for power generation. It can provide
a solution for stability to the power grid, optimize
energy conversion, and help satisfy decision-making
requirements for maximum investment returns.
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