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Abstract

Nowadays, the Artificial Intelligent (Al) techniques are applied in enterprise soft-
ware to solve Big Data and Business Intelligence (BI) problems. But most Al tech-
niques are computationally excessive, and they become unfeasible for common busi-
ness use. Therefore, specific high performance computing is needed to reduce the
response time and make these software applications viable on an industrial environ-
ment. The main objective of this paper is to demonstrate the improvement of an
aquaculture BI tool based in Al techniques, using parallel programming. This tool,
called AquiAID, was created by the research group of Economic Management for
the Sustainable Development of Primary Sector of the Universidad de Cantabria.
The parallelisation reduces the computation time up to 60 times, and the energy effi-
ciency by 600 times with respect to the sequential program. With these improve-
ments, the software will improve the fish farming management in aquaculture
industry.
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1 Introduction

At the present time, due to the development of Information Technology, companies
are capable of generating a large amount of information, much more than they are
able to process. This is why it is considered that we live in the *Big Data era’, where
traditional data processing methods have become obsolete, and companies have to
look for new methods to take advantage of so much information.

For companies, processing information into knowledge is fundamental. With this
knowledge, company managers are able to make decisions based on data and empir-
ical statistics [1], obtaining a greater benefit for their companies. For this reason,
more and more companies are becoming part of the Big Data movement, and are
applying analytical techniques within their organisations [2].

This processing of information to provide decision-makers with the knowl-
edge they need to improve their decision-making is known as Business Intelli-
gence (BI) [3, 4]. Bl is a concept that encompasses everything from the generation
and collection of information, to the easy and interactive access of knowledge by
decision-makers.

The methods used in BI range from simple metrics from the data to the use of
complex Artificial Intelligence (AI) methods for information processing [5-7].
Because of the complexity that derives from all aspects of BI, many companies need
specific tools that enable them to deal with the knowledge needs they demand. But
due to most Al techniques are very computationally expensive, they become unfea-
sible in common business use. Therefore, specific High Performance Computing
(HPC) techniques, such as parallelisation, are needed to reduce the response time
and make the use of these applications viable at an industrial level.

In this context, the research group Economic Management for the Sustainable
Development of the Primary Sector of the Universidad de Cantabria (IDES), devel-
oped an Al-based decision support tool for companies in the aquaculture sector,
which is part of the European project Mediterranean Aquaculture Integrated Devel-
opment (MedAlID) [8] for improving the competitiveness of Mediterranean compa-
nies in the aquaculture sector. This tool, called AquiAID,' has a very high com-
putational cost, and therefore, huge execution times for real problems, so it is not
usable in practice. Therefore, the main objective of this article is to demonstrate the
improvement of the AquiAID software development, through the parallelisation of
the code in distributed memory clusters, using the message-passing programming
paradigm.

Parallelisation will improve the scalability of the program, reducing its execution
time and energy consumption, allowing the application to be viable for business use.
In addition, detailed experiments will be carried out to evaluate the parallel imple-
mentation. The results of the experiments will be used to obtain metrics and meas-
urements that define the strengths of the parallel version. In particular parallelisation

! https://www.ides.unican.es/aquiaid-2.
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reduce the computation time up to 60 times, and the energy efficiency by 600 times
with respect to the sequential program.

The remainder of the article is divided into the following sections. Section 2
explains the basic concepts of aquaculture and the Particle Swarm Optimisation
algorithm. Section 3 explains in detail the analysis, design and implementation
phases of the parallel program. Section 4 presents the performance of experiments
together with the verification and validation of the results. Section 5 gives the final
conclusions and possible future directions for the development of the tool.

2 Background
2.1 Aquaculture

Aquaculture is the activity of producing and fattening aquatic organisms in their liv-
ing environment [9]. Aquaculture is used to increase the production of fish, mol-
luscs, crustaceans and aquatic plants through specific feeding and protection from
predators.

At present, the use of bottom fishing has declined [10] due to its high impact on
the environment and its low efficiency. This type of fishery, while maintaining simi-
lar catch numbers in recent years, has been overtaken by the growth of aquaculture.
Aquaculture has increased its share of marine species over the last thirty years, from
10% to the current 45%. It is a viable and sustainable alternative for the production
and sale of marine species.

At this time, most aquaculture in developed countries is carried out by mainly
multinational companies. In this respect, it is important to emphasize the difficulty
of managing an aquaculture enterprise [11]. This is due to the multitude of systems
and paradigms that such a company has to deal with. Companies should monitor
and obtain data on spawning, growth, care, waste, diseases, genetics, etc. All these
aspects will have their impact on business scheduling, from the costs of feeding,
temperature, oxygen and humidity control of the marine species, to the time of har-
vesting, transport, location and dates of sales and restocking.

Due to the large number of all these factors, many companies are looking to
increase their profits with the help of specialised schedulers. These schedulers are
currently very varied, but a solution based on artificial intelligence [12] could give
good results if the right methods are used. In this work, a scheduler from the Aqui-
AID project based on a well known artificial intelligence technique called Particle
Swarm Optimisation (PSO) is used.

2.2 Particle swarm optimisation
The Particle Swarm Optimisation [13] is a meta-heuristic method based on the behav-

iour of certain insect species, which act in the form of swarms. These insects, like bees
or ants, randomly forage for food in nearby areas. When they find interesting areas with
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enough food, they share it with the rest of the swarm. PSO-type algorithms act in a
similar way.

The objective of these algorithms is to maximise or minimise a value for a func-
tion f, of which there is no other possibility than to try random points of this function,
here dubbed particles, to find the global minimum or maximum. This function fis also
known as a fitness function, because it evaluates how close a particle to the optimal
solution is. The dimensions of a particle (¥, ..., X,) are the needed parameters to have a
complete solution of the problem.

The pseudocode of PSO type algorithms can be seen in Algorithm 1.

Algorithm 1 Particle Swarm Optimisation Pseudocode

1: M € R? « Initialise_matriz_population()

2: for ¢ = 0 to max_iterations do

3: for Each particle ? in M do

4: o f(7)

5: if fp is better thanf(local_Best) then
—

6: local_Best + ?

7: end if

8: end for

9: global_Best < best_particle(M)

10: for Fach particle ? in M do
11: U <« U + el * random_vector  (local_Best — ) +
2 % random_vector % (global_Best — /)

12: ? — 7 + 7

13: end for

14: end for

15: return best_particle(M)

The computational difficulty of the algorithm depends on two parameters, the num-
ber of particles and dimensions. More particles mean that there are more solutions to
evaluate in every iteration, and too, dimensions increase the evaluating time of a parti-
cle. In general increase this numbers involves in better solutions from the problem, but
rise the execution time.

This is why PSO algorithms are quite suitable for data-parallel processing. In par-
ticular, when searching in a space with hundreds of dimensions, it is necessary to have
a large number of particles in order to find a feasible solution. Moreover, by the nature
of the algorithm itself, it is quite favourable for the distribution of its computations,
since the particles are usually independent of each other, and it allows most computa-
tions to be performed on independent computers.
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3 Design and implementation
3.1 Sequential description

First, the behaviour of the sequential application is described, in order to have a
clear idea of the parallelisable parts, and the different techniques employed.

The formulation of the problem is complex due to there are two different models
used in the program. The first one is the Economical submodel.

Implementation of PSO in AquiAID follows the generic iterative structure of
Algorithm 1. However, some calculations are added to improve the efficiency of the
searches, and also, some semantics are attached to the dimensions of the particles to
allow a better scheduling.

The first step in the algorithm is generating the population matrix M. Each of the
particles is made up of a number of cages, which represent the fish cages in which a
culture is carried out by a company. A particle is a finite set of cages, and the dimen-
sions of the particle are linked to the number of cages. Therefore, the algorithm uses
a matrix (p X c) to represent the set of particles and cages, where each row is a par-
ticle and each column represents a cage. Therefore, each element of the matrix is a
duple particle-cage (p;, ¢)).

Once the matrix of particles and cages has been initialised, an iterative process
starts with the computation of the fitness function and constraints for each particle.
In the generic algorithm only the fitness function is specified as the value to be cal-
culated, but in these case there is also the calculation of the constraints.

First one, the fitness function is defined by the next equation:

d~(X)

F&O = d-(X) + d*(X)

The parameters of this function are the next one:

e X: represents a particle of the PSO algorithm. Every particle has four elements
per particle-jail which are:

— The seeding date.

— Fingerling initial mass.
— Feed used for fattening.
— Harvesting date.

e d~(X): distance from the anti-ideal solution of criteria values of particle X.

e d*(X): distance from the positive ideal solution of criteria values of particle X.
d~(X) and d*(X) are functions which use the Technique of Order Preference by
Similarity to Ideal Solution (TOPSIS), to calculate the distance of every particle.

And now the constraint is the one defined below:

minp(w) < Prod, (X) < maxp(w) with w = 1;...; Number of total weeks: commer-
cial or operational constraints for week w.

where
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e Prod (X)= ZQLge: | Harvest (cage,w): this represents the sum of amounts
harvested in week w according to particle X. The returned value of
Harvest_x(cage,w) it could be money, weight, amount of fish, etc. So with only
one function we can create different constraints depends on our goal.

e minp(w): minimum production in week w.

e  maxp(w): maximum production in week w.

These constraints are validated for each of the particles, and allow determining
whether a particle meets a series of minimum requirements to be considered among
the best ones. This greatly improves the search capacity of the algorithm, because
through this check, particles which the solution is impossible to realise at the practi-
cal level, are ignored.

Once the fitness and constraint values have been calculated, the best local and
global particle is calculated like on the Algorithm 1. Then the velocity and position
of the particles are updated. Finally, the algorithm finishes if there no are pending
iterations, or if the improvement of the fitness of the best particle between the last
two iterations does not exceed a certain threshold.

The AquiAID program has more complexity is more complex than previously
description, but for the goal of this manuscript, it’s enough with the described func-
tions. For more information about the problem description and models used to simu-
late a aquaculture company check the next reference [14, 15].

With this description of the sequential program, it can be seen that the imple-
mented algorithm is well suited for parallelisation due to the fine-grained degree
it allows, and the relative independence of the calculations performed on the data
structures. With all this in mind, the following sections explain the phases of the
parallelisation of the program.

3.2 Data a task decomposition

As described in the previous section, this algorithm is very suitable for domain or
data parallelisation. Therefore, the first step in the parallelisation must be analysed
the data structures to carry out the decomposition. Namely, is essential to determine
which data structures will be distributed among the processes, and the minimum
workload to be used.

In the implementation of PSO in AquiAID, there are two ways to carry out this
partitioning, with particles or with particle-cages. Particles are typical elements of
PSO algorithms as defined in Sect. 2.2. They are usually the most common elements
where parallelisation is performed, due to the computational cost of their fitness
function. Their parallelisation will consist of creating independent MPI [16] pro-
cesses that receive a given number of particles and will be in charge of calculating
the scores of each one. After obtaining the results of the particles, a communication
phase will take place where the partial results of each process are shared, and the
respective measures are calculated in order to continue with a new iteration of the
algorithm.
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This particle-based parallelisation is simple and fast, allowing to obtain good
results in a short development time. But it limits the scalability of the algorithm,
since the parallelism kernel implies in this case one particle per process. Therefore,
it is not possible to use more processors than particles, and the number of particles
is usually in the hundreds.

For this reason, it is necessary to use a different decomposition which would
allow greater scalability. The new partitioning will consist on make use of parti-
cle-cage blocks. These blocks are made up of a set of continuous particle-cage. In
first instance, it is important to know that it is possible to divide the particles into
particle-cages and to distribute it among the processes. It is achievable because there
is no dependency between the particle-cages of a particle, so they can be distributed
among the processes.

This independence between particle-cages is largely due to the fitness and con-
straints functions. In this implementation, both functions of the particle are divided
into the calculation of every individual particle-cage. Then, all the partial results are
merged to compute the particle results. Thanks to this individual computation it is
possible to divide the computation of a particle between the different processes.

As a final point, the computational output of the particle-cages scores can be
shared between the processes. This allows to calculate the fitness and constraints of
the particles and the final metrics of the algorithm iterations. As in the case of the
particles, MPI makes it possible to share the particle-cage data among the processes
and to perform distributed operations on them.

Parallelising in terms of particle-cages becomes more complex, because the PSO
algorithm defines operations in terms of particles, and not subsets of the particle
dimensions, such as particle-cages. But the finer-grained parallelisation that parti-
cle-cages allow, improve the efficiency of the final application.

The latter, after analysing the execution of the program, the computation of the
fitness of a particle is the most computationally limiting part. Parallelising based on
particles allow to divide the computation time of this fitness by the total number of
particles. However, when the fitness function is divided in the calculation by parti-
cle-cages, the computation time of the fitness is divided by the number of particle-
cages, which is always greater than the number of particles.

Given these alternatives, and because the main objective is to achieve the greatest
scalability of the program, the decision is to parallelise according to particle-cage
blocks. For this, it is necessary to divide the particle-cage blocks between the pro-
cesses, and to create all the necessary structures to parallelise the PSO algorithm, as
will be described in the following sections.

3.3 Description of parallel algorithm

This section explains the design and implementation of the parallel algorithm. Fig-
ure 1 shows the general scheme of the parallelisation algorithm, where each number
correspond to a phase that will be explained afterward. The initial phase (1) is to
initialize the matrix of particle-cages with random number.
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Bilt

(1)
Initialise Matrix Population

|

(2) Distribution of particle-cage blocks
| I ! b
P1 \ P2 P3 « e s 8 s & Pn
(3) — |
Calculation of Fitness and Constraints per particle-cage
| ! | |
(4) Collection of Results per particle-cage
’ | L | !

P1 P2 P3 Pn

(5)

Calculation of Fitness y Constraints per Particle

. ' ! ' .

(6) Distributed global and local particle calculation
: l l ! |

(7) Sending global and local best particle position
’ ' ) | !
P1 P2 P3 Pn

Update Speed and Position of particle-cage

Fig. 1 Scheme of the Parallelisation AquiAID

Then, in the second step (2), this initial matrix has to be partitioned in the par-
ticle-cage blocks, and distributed among all the processes, like it is observed in
Fig. 2. In this figure, there is a single example of the partition and distribution of
the matrix. In the example, the matrix is made up by two particles (p;, p,) and six
cages (cy, ..., cg), conforming a total of twelve particle-cages. Moreover, there are
three processes (P1,P2,P3) and the size of particle-cage blocks is performed as the
ratio between the total particle-cages (twelve) and the number of processes (three).
This operation gives a total of three blocks with four particle-cages:

e Block 1 (brown): from p,c, to p;c,.
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P1 P2

P1

p2 | P2C1

P2 P3

Fig.2 Example of the distribution of the particle-cage

e Block 2 (yellow): from p,cs to p,C,.
e Block 3 (green): from p,c; to p,Cq.

Then, particle-cage blocks are assigned in order to processes, block one to P1, block
two to P2 and block three to P3.

With this, a workload balance between the processes is guaranteed, because the
computational load of the particle-cages is regular, that is, they all perform similar
number of operations [17, 18]. This distribution is static, once it has been decided
which particle-cage block are computed by each of the processes, the distribution is
not changed throughout the execution.

With the distribution of particle-cage blocks done, every process calculate the fit-
ness and constraints of theirs particle-cages (3). Once the processes have the results
of the particle-cage blocks, it is necessary to compute the fitness of a complete par-
ticle, performing a communication and synchronisation phase (4). This step is com-
plex because a process may or may not have all the particle-cages of a given particle.
If a process has all the particle-cages of the particle, it should be the process that
computes the results of the particle without any communication.

In contrast, if it does not have all, it can be said that it shares the particle with
other processes. Therefore, in order to perform as little computation as possible, one
of the processes which share the particle, should be responsible for computing its
results. The rest of the processes send the data of their particle-cages to the responsi-
ble one in order to calculate the values for the particle, like in Fig. 3.

to this task a group communicator is generated for every shared particle, for
example in previous figure, there are two group communicators, COMMI1 and
COMM2, each one for different particles. The fitness, constraints and values of the
particle-cages are sent to the processes responsible. In the figure, P2 and P3 send to
process responsible P1, and in COMM?2, P5, P6 and P7 send to responsible P4. This
communication is done through collective calls from each of the groups, allowing a
very efficient and fast communication between all the processes.

The responsible processes receive the final data and compute the results of the
particles which it is responsible for (5). Then, the responsible processes calculate
their best local particle. First of all, it is checked that the particles satisfy all the
constraints, based on the results obtained. If a particle satisfies all the constraints
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coMm 1 COMM 2
P2 P3 P5 P6 P7
(4)
P1 P4

Collection of Results per particle-cage

Fig.3 Sending data to responsible processes

then it is checked if its current position is the best one it has had in all the iterations;
if so, its old local position is replaced by the new best position. After updating the
best position of each particle, the processes individually select the best particle they
have.

The next step (6) computes the best global particle using an AllReduce MPI call.
The best particles of all the responsible processes are sent to all the processes, indi-
cating also the owner process. The particle with the best fitness is selected as the
best overall particle. The communication patron in the MPI call is similar as shown
in Fig. 3. But in this case, the communications is between the responsible processes.

In the last communication step (7), the owner of the best particle sends the posi-
tion of the particle to the rest of the processes. With this, all processes have the
best global particle. Furthermore, the processes that share particle-cages still lack
the position of the shared particle, since it is only known by responsible one. To
resolve this, the communicators of the shared groups are used, and the responsible
sends the particle data to the rest of the processes, like is shown in Fig. 4. This fig-
ure represents the last communication step in the same example as Fig. 3. In Fig. 4,
the responsible processes send the results of particles to the rest of the group com-
municator, in COMMI1, P2 and P3 receive from P1, and in COMM?2 PS5, P6 and P7
receive from P4.

The final step (8) is to calculate a velocity vector that updates the positions of the
particle-cages. The calculation of the velocity vector, as shown in Algorithm 1, con-
sists of the combination of three different vectors:

e The previous velocity of the particle, in the particle-case of the initial iteration
the velocity is initialised randomly.

e The position of the best part.

e The best position of the particle, to which the velocity vector corresponds.

These three vectors, in the sequential algorithm, are implemented to be applied
to each of the particles. However, since the distributed model works with
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COMM 1 COMM 2
P1 =
(7)
P2 P3 PS5 P6 P7

Sending global and local best particle position

Fig.4 Sending data from responsible processes to the rest of group processes

particle-cages, the data structures must be modified in order to adapt the different
vectors to the exact dimensions of each process.

As can be seen in Fig. 1, this calculation finish one iteration of the loop and recal-
culate the value of the cages, sending the results, etc. With all the explanations, the
PSO algorithm and its parallelisation finish.

4 Evaluation
4.1 Experimental setups

This section presents an experimental evaluation of the parallel application. This
evaluation aims to test the improvements of the parallel application with respect to
three key metrics: performance, energy efficiency and scalability.

The performance evaluation is performed by comparing the response time of
the sequential version with that of the parallel version, for different combinations
of the input parameters (number of cells and number of particles). With regard to
energy efficiency, it should be noted that the parallel program makes use of a greater
number of computational resources, which imply an increase in the power consump-
tion. This can represent an important economic cost that, must be taken into account
when implementing a decision-support system such as AquiAID. Nevertheless, the
energy is the product of power consumption times execution time. Therefore, the
increase in power can be compensated by a reduction in execution time, such that
the energy consumption of the parallel application would actually be lower than the
sequential one. For this analysis, the metric used will be the energy efficiency, meas-
ured through the Energy-Delay Product (EDP) [19, 20].

Finally, the scalability of the application will be evaluated, providing information
on its behaviour as the number of processors in the parallel system increases [21,
22]. This metric allows determining whether the application is able to adequately
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take advantage of the computational resources, even when their number is very
large. The metric used will be the speedup of the parallel application as the number
of cores in the parallel system increases.

The platform used is a cluster consisting of four servers, each with two 2.2GHz
Intel(R) Xeon(R) Silver 4114 processors, ten cores per processor, 32GB of memory
per node and 1Gb/s Ethernet interconnection. Therefore, the system has a total of
80 cores, which means that up to 80 MPI processes can be executed. The Slurm
resource manager [23] is used, which guarantees an adequate distribution of tasks
to the cores. Therefore, the measurements are collected from the Slurm database,
which stores information on both the performance and the energy consumption.

Another aspect to be determined is the input parameters, the number of cages and
particles, which characterise each experiment. Regarding the number of particles,
there are many studies concerning this variable depending on the nature of the prob-
lem [24-28], which allow to conclude that an appropriate number of particles for a
problem of these characteristics is one hundred. The number of cages is determined
by the company to be analysed. For the performance and energy experiments, values
between 10 and 80 cages have been used, which correspond to average farms. For
scalability, 200 cages have been used, which is a large but completely realistic farm
size.

4.2 Experimental results

The first experiment consists of measuring the execution time and the energy con-
sumed for both the sequential and parallel versions using 60 and 80 cores. Due to the
excessive time consumed by the sequential version, the data obtained have been only
with values between 1 and 10 cages per particle. Once these values were obtained,
the EDP was calculated, and the results are shown in Fig. 5, where the X axis repre-
sents the product of the number of particles and the number of cages.

Figure 5a shows the improvement of the parallel implementation in execu-
tion time. As can be seen, the parallel version considerably reduces the execution
time with respect to the sequential version. In the same time that the sequential
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program performs an experiment with 1 cage (and 100 particles), the parallel pro-
gram with 80 cores is able to compute 60 cages, and 40 cages with 60 cores. This
allows schedules that would last for days in the sequential program, to only a cou-
ple of hours if run in parallel with 60 or 80 cores. Therefore, the parallel version
achieves speedups between 60 and 40, using 80 and 60 cores, respectively.

Regarding energy efficiency, Fig. 5b shows the EDP of the three executions
(less is better). This metric takes into account both the energy consumption and
the execution time. As can be seen in the figure, the parallel version is much more
energy efficient than the sequential version, with a gain of 600 times the EDP of
the sequential version in the 10-cage experiment. These gains are due both to the
significant reduction in response time and to a significant reduction in the energy
consumption, with values up to 20 times smaller for 10 cages. Therefore, it can be
concluded that the increase in power consumption in the parallel version, due to
the use of more computational resources, is largely outweighed by the reduction
in execution time, consuming less energy in absolute terms and obtaining a much
better energy efficiency.

The scalability of the parallel version will be discussed in the following para-
graphs. In particular, the strong scaling will be analysed, taking a fixed problem
size (100 particles and 200 cages) and the execution time is obtained as the num-
ber of cores in the system increases. Figure 6a presents the speedup obtained as
the ratio between sequential and parallel execution time, compared to the ideal
speedup, while Fig. 6b shows the parallel efficiency. The first conclusion that can
be drawn from these results is that the application has good scalability, as the
speedup always grows, and exploits the system properly, with efficiency values
around 0,75.

Nevertheless, the figures present different segments, which are analysed below.
To do this, it should be remembered that the system is composed of four nodes with
20 cores each. The results for the first 15 cores show an increase in speedup propor-
tional to the increase in the number of cores, matching the ideal line. Additionally,
from the first 5 cores happens that speedup is superlineal, with a value of efficiency
above 1 (1.05). This event is due to the distribution of data between the cores, which
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reduce the load of caches improving the execution time. For 20 cores the increase in
speedup is damped and diverges from the ideal line. Since all processes are running
on the same node, this indicates that there is contention in the access to the main
memory of the node. This effect is also showed in the parallel efficiency, which
drops to 0.8.

From 20 cores upwards, the processes are executed on different nodes, so that
communication overheads are imposed, which is reflected in a more moderate
increase in speedup, and the reduction of parallel efficiency. This corresponds to the
gradual deviation observed in the speedup obtained compared to the ideal. Addition-
ally, it is observed that the increase in speedup and parallel efficiency between 20
and 25 cores has a much steeper slope than between 15 and 20. This is due to the
fact that a new compute node is added, and the processes are distributed equally
between the two nodes, reducing memory contention. Between 25 and 40 cores,
the increase of speedup becomes more and more moderate, which correspond to a
reduction of parallel efficiency, but this is caused due to the problems of memory
contention and communications, until 45 cores are reached. At that point, the third
compute node is added, and the processes are again distributed among the nodes.
This behaviour is repeated with 65 nodes.

The speedup and parallel efficiency have a great scalability and performance.
And this is supply also with the energy efficiency shown in Fig. 7, which concludes
that consumption and execution time have a similar behaviour forming in the effi-
ciency the most usual curve in this type of scaling. As the execution time and energy
efficiency follow a similar scaling pattern, it can be concluded that the parallelised
algorithm scales correctly, even with many cages as in this experiment.
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5 Conclusions

Nowadays, the era of Big Data provides companies with a huge amount of data, which
they have to process and turn into useful information. If this information is incorporated
into the decision-making process, it can help to improve the efficiency of the compa-
nies in multiple aspects. But this is a complex process that requires metaheuristics and
artificial intelligence techniques to be truly useful and efficient. These techniques are
generally very computationally heavy, so that in order to be applied to real business
cases they require the use of high-performance computing.

In this context, this paper presents the design, implementation and optimisation of a
metaheuristic algorithm, the Particle Swarm Optimisation (PSO), to aid decision-mak-
ing in aquaculture enterprises. The optimisation has been developed by parallelising the
algorithm using the paradigm of concurrent processes communicating through mes-
sage passing using the MPI library, on a cluster of multicore nodes.

The design of the parallel algorithm has focused on maximising its scalability, even
at the cost of increasing its complexity. To this end, a domain decomposition has been
made as fine-grained as possible, achieving a gran-fine parallelisation. This has been
done so that the proposed solution can be applied to any size of company, and make
maximum use of resources, even for very large computational systems.

The experiments in Sect. 4 clearly show that the program is now able to perform
real cases. With the parallel version it is possible to carry out examples 50 to 60 times
larger than those achieved with the original version. In addition, energy consumption
does not become a constraint when running in parallel due to the high energy efficiency
obtained with the parallel program. With these improvements it is possible for a com-
pany to use this scheduler software to manage fish farming, without the need to wait
days for a result. This makes the program useful for its intended use, and allows both
companies and researchers to continue to improve the long road of detail and improve-
ment of aquaculture management applications.

As for possible future work, the possibility of implementing the same algorithm
using GPUs is being considered, as the high data parallelism and good scalability sug-
gest that it could offer very good results.
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