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Abstract:  

In the last few years there has been an increasing interest and development in the field of 
applying computational intelligence and namely evolutionary algorithms to electrical power 
systems and other fields that involve a large requirement for data processing related with a large 
number of variables. This thesis is settled in a way to reduce the processing capability and the 
number of iterations and there for the time needed to get an acceptable result and a more rapid 
convergence towards the optimum. For that it will be used “autoencoders” in order to reduce the 
dimension of the search space in complex optimization problems allowing a more efficient search 
by meta-heuristic algorithms, producing a reduction in computing time and also an improvement 
in the quality of results. 

In a first stage of this thesis, the basics of Evolutionary Particle Swarm Optimization (EPSO) 
will be presented, which is a hybrid optimization algorithm, developed on INESC – Porto, which 
gathers the best qualities of Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). 
Also, one will describe a previously developed algorithm that applies the optimization algorithm 
EPSO to the Hydro-Wind coordination model, upon which this thesis will be developed. 

Then, the thesis proposes the application of Fast Artificial Neuronal Network (FANN) as an 
autoencoder, to Wind – Hydro coordination, resulting in feature extraction, reducing the solution 
space dimension which will result in a faster obtainment of an acceptable solution when compared 
to the existing model. 

Finally, one proposes a hybrid method, applying the optimization algorithm EPSO and the 
autoencoder Artificial Neuronal Networks (ANN) to the Wind – Hydro Power model, thus 
reducing the time taken on the obtainment of an acceptable operation plan that establishes a 
strategy to operate the system achieving the maximum profit, and the time taken on the discovery 
of the optimum solution. 

The technique is applied in prepared problem examples that highlight the difficulties of the 
task and the merits of the approach. 

Key Words: Evolutionary Programming, Optimum Solution, Evolutionary Particle Swarm          
Optimization, Hydro-Wind power model, Fast Artificial Neuronal Network.  
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CHAPTER 1 

SCOPE OF THE THESIS 

This master thesis was developed in INESC Porto, under the supervision of Professor 
Vladimiro Miranda, integrated in the Master Degree in Electrical and Computer Engineering at 
the Faculty of Engineering of the University of Porto (FEUP). 

This work presents a Hydro – Wind coordination model based on Evolutionary Particle 
Swarm Optimization (EPSO) and Artificial Neuronal Networks (ANN), resulting on a hybrid 
method that, when applied to a scenario composed of a complex cascading hydro power plant 
system and a wind power plant system, will produce an operation plan that maximizes profit for a 
common operator. As it will be shown further in the thesis, the coupling of EPSO and ANN will 
allow one to obtain optimized operation plans in a faster way than with a simple existing 
coordination model based only on EPSO, which is of the utmost importance in some electrical 
power system applications since the time factor can be determinant. 

In this chapter, will be shortly describe, the problem to be addressed, its context and the ideas 
that will be defended in the thesis. The importance of the study developed in this thesis will be 
defined and explained and at the end one presents a brief explanation of the thesis organization. 

 

1.1. Problem to be addressed and its context 

When the main objective is to obtain an optimized operation plan for an electric power system 
with a mixed portfolio of generation technologies, most of the times this is inevitably a hard 
objective to accomplish, because an electric power system is usually characterised as a high 
dimension system with a wide technical and management complexity. This complexity is due to 
the uncertainty of future inflows to reservoirs, due to the storage capacity of reservoirs, to 
equipment availability, due to the system configuration, due to electrical power demand and 
nowadays, due to the uncertainties associated with the future renewal energies availability, like 
wind, sun or any other. 

Moreover, in the last years there has been the need to increase the participation level of 
renewal forms of energy production, in particular Wind Power Generation, supported by a general 
European Union policy, in order to contribute to the reduction of the greenhouse gas emissions. 
However the electric power system complexity is proportional to the increase of wind power 
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generation due in part to the uncertainties of wind prediction as well to the intermittent 
characteristics of the wind behaviour. 

This requires the implementation of new management tools that considers the wind power 
generation as an important part of an electric power system, considering also the existing energy 
storage capabilities, particularly the system hydro power plants. With this kind of management 
tools it would be possible to use a storage energy strategy for the wind generation that allows a 
given power system or a given power plant to improve his participation in the market, or just 
optimize his operation. 

The optimization of a system operation plan is of the most importance because it can not only 
maximize the profit for a given power plant operation, but it can also be used in the purpose of 
supply security. 

The Wind-Hydro coordination problem has obvious similarities with hydro-thermal 
coordination in the presence of pumping storage facilities and is represented by a complex time 
dependent formulation if cascading river dams are present. In hydro-thermal coordination, several 
techniques were used such as Lagrangian relaxation [1], Stochastic Dynamic Programming [2] or 
Dual Dynamic Programming [3]. Models with Genetic Algorithms and Evolutionary 
Programming have also been proposed [4]. Models for wind-hydro coordination have also been 
proposed [5], [6]. 

So in the last few years there has been an increasing interest and development in the field of 
applying computational intelligence and especially evolutionary programming to electrical power 
systems and others that involve a large capability of data processing related with a large number 
of variables and constraints. This thesis is settled in a way to reduce the processing capability and 
the number of iterations and there for the time needed to get an acceptable result and a more rapid 
convergence to the global optimum. 

As most of the problems related to electrical power systems, the Wind – Hydro coordination 
involves a complex scenario that, when applied to evolutionary programming, results in large 
complex problems with a large number of variables whose values are to be evolved and mutated 
by evolutionary process. In order to solve them, it is needed a considerable data processing 
capability and a considerable amount of time, which in most cases is crucial. 

Depending on the objective, the time taken by the optimization program to get to an 
acceptable coordination plan or to get to the optimum operation plan can be of considerable 
importance; this is the case, for example, if one aims to have an operation plan that allows one to 
bid on the spot market. In this case, it is important to have an operating plan for the Wind – Hydro 
system, close to the optimum, as quick as possible to allow one to have advantage over the other 
market competitors and to make the maximum profit obtained with the sale of energy to the grid. 
Also, if one has a complex scenario and the objective is to obtain a medium-term operation plan, 
the process may take a long time to converge to the optimum solution. 

In fact METAHEURISTICS such as evolutionary or particle swarm algorithms [7] have 
proven to be flexible in representing realistic features of real world problems and became 
therefore a valuable tool in discovering optimising solutions in many problems. However, they 
suffer from some drawbacks namely being demanding in terms of computing effort, especially if 
one is dealing with large scale problems, which is the case in so many areas in Power Systems as 
mentioned above. The difficulty of dealing with large scale problems using meta-heuristics lies 
not only in computation time but also in some difficulty in converging to an optimal solution. 
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Both these factors (need to an early stopping and difficulty in converging) contribute to originate 
a performance of metaheuristics below what would be desirable in practice. 

Taking in consideration this type of problems, the main idea defended in this thesis is the 
development of cleverer strategies to solve large complex problems in a more efficient and 
principally fast manner obtaining the same optimum results. 

A medium term Wind-Hydro operation plan requires an evaluation of the operation for a 
period of 1 year and estimates of water and wind availability, with the division of the planning 
period in sub-periods corresponding to different months and different load levels with different 
estimated energy costs. So the dimension of the problem would be without any thought very 
large, causing drawbacks due to its complexity. 

So, in order to solve this complexity problem, feature reduction and feature selection 
techniques have been used to reduce the number of variables of a problem to a set of meaningful 
ones. One popular technique is Principal Component Analysis (PCA) [8]. This technique projects 
the data into a linear subspace with minimum information loss, by multiplying the data by the 
eigenvectors of the sample covariance matrix. A point is then represented by its coordinates along 
the directions of greatest variance in the data set. 

However, when one is optimizing and one needs to evaluate solutions during the process, a 
feature reduction or selection process is not applicable because some or all variable values of the 
original space would be unknown and therefore the actual value of the objective function could 
not be calculated. 

As already said, this thesis presents an original idea of using an algorithm that merges the 
Evolutionary Particle Swarm Optimization algorithm and the Fast Artificial Neuronal Networks 
will be presented, which uses a neuronal network as an auto-encoder to perform a feature 
reduction of the problem representation space in order to reduce the number of variables and 
constraints to be treated by the EPSO algorithm. By encoding the representation space, the 
complexity of the coordination problem is reduced, resulting in a smaller number of variables to 
moved and mutated by the EPSO algorithm. This way the selection process will be applicable 
since the second part of the “autoencoder” will be responsible of decoding the low-dimension data 
space into the original space, making it possible to calculate the actual value of the objective 
function for each particle. 

With this technique, the chromosomes used in the optimization technique are no longer 
designed by the user but “engineered” by an intelligent process to better suit the optimization 
process. 

In this thesis it will be defended that not only it is possible to encode and reduce the space 
representation for this kind of problems in order to reduce the associated complexity, but also that 
this procedure notorious results in a more efficient progression towards to the global optimum, 
needing less time to get to an acceptable operation plan, gaining this way an indisputable 
advantage when compared to a non-transformed Hydro-Wind coordination model. 

In order to compensate for some possible information loss that may result from the feature 
reduction, an hybrid method is proposed, which uses the EPSO/NN on the first stages of the 
optimization process to increase the convergence velocity towards the global optimum, and then 
uses only the EPSO working not with the encoded variables but with the “real” problem variables 
in order to tune up the final solution. 
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1.2. Study subject 

Any efficient development of a Wind-Hydro operation management tool would require some 
kind of wind power prediction and a risk analysis by the operator accordingly to the uncertainties 
associated with this kind of problems. 

The Wind-Hydro power model addressed in this thesis does not consider the above factors of 
uncertainty and accepts some simplifications such as turbines with constant efficiency, or only 
two time periods (Peak and Off-peak load), instead of variable efficiency and real energy market 
time periods. It is essential to underline that the focus of this work is not a detailed modelling of 
the Wind-Hydro coordination but the development of cleverer strategies to solve large complex 
problems, taking a simplified Wind-Hydro coordination model as an example so that the 
important characteristics of the novel methodology do not become obscured by modelling details. 

In this paper, we will apply to the numerical examples an EPSO (Evolutionary Particle Swarm 
Optimization) algorithm [7] to test problems emulating the wind-hydro coordination context, built 
with enough complexity to test the optimization techniques under judgment. 

 
The objective is to make it easier to solve complex problems, making the optimization process 

more efficient and more rapid, requiring in this way less computing time and less data processing 
capability to obtain the global best solution or operation plan. 

The purpose of this dissertation is therefore to present “strategy” applying computational 
intelligence merging evolutionary programming for electrical power systems and neuronal 
networks, aiming to obtain in the end a “hybrid Strategy”, enabling future optimization 
applications applied to electrical power systems operation, on a daily bases or in the electricity 
market, to be more efficient. In other words the “hybrid strategy” aims to reduce the convergence 
and time problems that result from technical and management complexity of electric power 
systems, which depending on the case application can be determinant for the procedure success. 

1.3. Brief thesis organization 

In a first section of this thesis, the objective is to get to know the procedure of Evolutionary 
Particle Swarm Optimization (EPSO) which is a hybrid optimization algorithm, developed at 
INESC Porto, that gathers the best qualities of Genetic Algorithm (GA) and Particle Swarm 
Optimization (PSO), and also to refer to previously developed algorithm that merges the 
optimization algorithm EPSO with a Wind-Hydro power model, upon which this thesis will be 
developed. 

In a second section, the Wind-Hydro power model parameters will be optimized in order to 
guarantee with some certainty that the solution found within a pre-established number of 
iterations, is a good solution, near the global optimum solution.  

In a third section one will describe a Fast Artificial Neuronal Network (FANN) to be applied 
to the Wind-Hydro coordination, resulting in a feature reduction by a neuronal network acting as 
an autoencoder, reducing in this way the solution space dimension which will result in a faster 
obtainment of an acceptable solution when compared with the existing simple model. 
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The final section describes a hybrid methodology, applying the optimization algorithm EPSO 
and the Artificial Neuronal Networks (ANN) to the Wind-Hydro Power model, reducing the 
number of iterations needed and so the time taken on the obtainment of an acceptable operation 
plan that establishes a strategy to operate the system while achieving the maximum profit, and the 
time taken on the discovery of the optimal solution. In this section will be also detailed the 
architectural structure of the “autoencoder”, the mathematical definitions of the neurons, the pre-
treatment of input data and the training process adopted for the “autoencoder”. It will be also 
tested this algorithm for different dimensions of data spaces in order to prove the generality 
character of the EPSO/NN.  

This strategy (EPSO/NN), which involves EPSO+NN in the first iterations and then only the 
EPSO algorithm to tune up the final solution, is shown to be very effective. 
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CHAPTER 2 

BRIEF DESCRIPTION OF THE STATE OF 
THE ART 

2.1. Reference to Hydro-Thermal coordination 

“An electrical power system is usually characterized as being a high dimension system with a 
wide technical and management complexity”1. The determination of an optimal management of 
electric power systems is of the utmost importance in order to assure supply security. This is 
difficult to accomplish due in part to the previsions uncertainty for future inflows to reservoir, 
wind generation and system equipment availability. 

In the specific type of Hydro-Thermal models, the major problem that present is related to the 
reservoirs storage capacity, that has physical limitations and therefore it is absolutely necessary to 
achieve a balance between the present and future water utilization for power generation. 

In the Portuguese electrical system, the hydro coordination is a much bigger problem than in 
other systems due to the strong hydroelectric component. In fact our supply system in 2006 was 
composed by 40% of hydroelectric capacity, 50% of thermal capacity and 10% of other resources 
as wind, biomass and cogeneration. Moreover the hydroelectric generation has a very important 
role on the supply demand, representing 31% of supply demand in a mean hydrologic year. 

Nowadays, considering the constant increase of power demand as a result of a much more 
industrialized world and, on the other hand, the increase of concerns related to the effects that this 
industrialization growth has in the environment (greenhouse gas emissions), the management 
system strategies have taken a step ahead in the priority on electrical power system planning. 
These strategies, when applied to Hydro-Thermal coordination, improve the operation of this kind 
of systems allowing one to operate the electric power system in a more efficient way according to 
the load demand and the amount of energy storage on the system hydro power plants, resulting in 
a decrease of fossil fuel consumption and in an increase of operation profit allowing to take 
advantage of a strong hydroelectric component. Moreover, in order to compete on the electricity 

                                                           

1
 Maria Natália Tavares, Sonia Vilela, “The importance of hydroelectric resource management in Electricity Market – 

VALORAGUA model” 
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markets it is imperative that the coordination between hydro power plants and thermal power 
plants is optimized, assuring that there is storage energy in the reservoirs during the off-peak 
periods in order to sell that energy in load peak periods, where it is most needed and of great 
worth. 

2.1.1. Problem solution “VALORAGUA” 

Having Portugal an electric power system with a strong hydroelectric component, it was 
absolutely vital to develop tools that would help planning and exploring systems with this kind of 
demanding characteristics. 

In order to satisfy this need, in the decades of the 70’s and 80’s, a model was developed by 
EDP, the “VALORAGUA” model [9 - 10]. 

“VALORAGUA” model is a stochastic and non-linear dynamic programming optimization 
algorithm that, taking into account the system configuration as well the physical and technical 
constraints and uncertainties due to reservoir inflows and equipment availability, provides an 
optimized planning or exploration plan for one year horizon. 

Note that this model provides a medium term operation plan (one year), which is divided by 
time intervals, a month or a week, each one then divided in five sub periods in order to represent 
the peak, the intermediate and the base hours of load flow. 

One of the most important features of the model is the representation of the hydro subsystem. 
Being this a detailed coordination model, it has to consider not only the head variation and head 
losses variation on each hydro power plant, but also to take in account the links between 
reservoirs and other utilization purposes for the stored water, permitting this way a detailed 
management of the hydraulic network. 

Other important features are the capability to define the optimal maintenance program for the 
thermal subsystem and the consideration of the losses in each transmission system line, adding the 
losses to the loads in the extremes of the line in order to produce a realistic operation/planning 
program. 

More specifically, what this model intents to do is to obtain an optimization plan for Hydro–
Thermal coordination that minimizes the sum of all generation costs (related to the immediate use 
of water for generation and therefore the economy of fossil fuel) during a well defined period of 
time, and the expected future generation costs (related to the value of keeping water in the 
reservoirs for a future use), depending on the power balance in each network node, depending on 
the load step for each period and depending on the water balance in each hydraulic node or 
subsystem. 

As mentioned above, this is a non-linear optimization algorithm, which provides a solution 
that gives the dual variables associated with the Lagrangian problem: generation cost λ and 
marginal water value ψ. So the model simulation gives us an optimal operation strategy for the 
electric power system with a detailed operation schedule for all the components of the system and 
also gives the system operator some important economic indicators. 

2.1.2. “VALORAGUA” applications 

The “VALORAGUA” model, as an optimization tool that can provide a wide variety of 
results for all the system components, can and has been applied successfully to: 
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i. Optimization of the main characteristics and economic evaluation of hydroelectric 
projects; 

 
By simulating various hydroelectric projects with different characteristics it is possible to 

economically evaluate them in order to estimate what would be the profit or cost involved in 
generation depending on the hydro subsystem management possibilities offered by each 
project, helping to determine the optimum characteristics for the hydro power plant for each 
case. 
 
ii. Expansion planning and allocation of thermal power plants and hydroelectric power 

plants; 
 
Depending on load forecasts and other important factors taken in account by “ValorÁgua” 

model it is possible to determine the exact impact of a new hydro or thermal power plant in the 
system management and operation cost as well the preferable allocation for this power plants 
in order to minimize for example the line losses. 

 
iii.  Electricity markets simulation – management of hydro plants; 

 
The management of hydro power plants in the electricity market is a hard objective due in 

part to the stochastic nature of the water resource; however with “ValorÁgua” model a 
marginal water value is determined, making it possible to calculate the optimum quantities for 
bidding in the market. In other words it gives an optimum market strategy. 

 
iv. Expansion of the electric power system; 

 
Alone or associated with others “optimization” software, “ValorÁgua” model is able to 

give an economic approach to an electric power system expansion planning in terms of 
possible advantages of new power plants and new system components such as transmission 
lines, depending on the future variation of load demand. 

2.1.3. Antecedent studies on Hydro – Thermal coordination 

A study case of a reversible hydro power plant operating in the market was developed in 
Portugal, by “REN – Rede Eléctrica Nacional” [9], where VALORAGUA provides indications to 
whether it is a good opportunity to buy or sell energy in the market. It represents the market 
position of an agent owner of an inter-seasonal reversible hydro power plant with a great reservoir 
regulating capacity. This study was made for a wet hydraulic year and for a mean hydraulic year, 
providing for each month the marginal generation cost λ according to the load step, and the 
marginal water value ψ that represents the increase in the profit if an additional cubic meter of 
water was available in the reservoir. 
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Figure 2.1 - Monthly marginal price, in different hours of the day, compared to water value [9] 

 

In referred study, as it is shown on figure 2.1, it is concluded that for a wet hydraulic year the 
preferable operation plan is to adopt the pumping mode on the winter months and to produce 
electricity on a few peak periods. On the contrary in summer months it is preferable to produce 
and sell electricity in peak and intermediate hours, pumping in base hours. In other words, this 
simulation gives us an optimal operation plan for the given hydraulic system for a horizon of one 
year that allows the system operator to compete in the electricity market in a way to maximize the 
system operation profit. 

2.2. Wind-Hydro coordination  

The increasing interest in the reduction of greenhouse gas emissions, that had a considerable 
growth mainly in the last decades, has been motivating many government policies in order to 
encourage renewable electrical energy production, being supported also by a parallel development 
and maturity in renewable generation technologies. 

In fact the integration of renewable generation leads to a reduction of fuel consumption, since 
the optimization of operating points will be different from when there was no renewable energy 
production available, resulting in a general decrease from the total diesel generation units. 
Therefore the emissions will have a decrease proportional to the increase system integration of 
renewable forms of energy production. 

However, particularly when dealing with wind and hydro power plants, the intermittent nature 
of this energy source causes several power system integration problems, especially because of 
technical constraints that result mainly from the need to assure a secure operation of the system 
and to provide quality of service for the consumers supply. The stochastic nature of these two 
energy sources adds uncertainty to the prediction of active power generation, mainly for wind 
generation and for long time horizons, since the wind power forecasting depends of both 
numerical weather prediction and physical characteristics of the wind park site. 

One predominant factor that must at all times be verified is that the integration of wind 
production in a system cannot put in jeopardy the system operation security. The total wind 
generation at a given moment should not exceed a determined limit on the wind park connection 
point into the grid, even if it is physically possible and advantageous to do so. However this 
amount of “charge free” energy that has no use at a present time should not be wasted, because 
what apparently has no value now will be, no doubt, of relevance in a short-term future when the 
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energy demand is at its peak and where this renewable sources would have an important role both 
on an economic and ecological perspective. Having said this, it’s easy to draw the conclusion that 
it is important to implement in electric power systems available wind energy “generation excess” 
storage, having in this strategy a minimization factor of the energy dependency between electrical 
power systems and, simultaneously, an effective manner to assure the stability and security of the 
electric power system. Various studies have indicated that the most desirable form of storing 
energy is to use this available and cheap energy to pump water up into reservoirs; in other words, 
the most effective energy storage from one period of time to the other would be an efficient 
Wind-Hydro coordination planning. 

Hydro-Wind coordination plays an important role if one aims to include wind energy in power 
markets because in order to participate it is essential that a wind generation facility would be able 
to present a firm proposal (previously to the auction closing) for the expected production. 

Having been mentioned above the objectives that are aimed to be accomplished with Wind-
Hydro coordination, it is important to underline that unlike Hydro-Thermal coordination, the 
Wind-Hydro coordination doesn’t have any competitive character between the two forms of 
energy generation. 

2.2.1. Some previous studies on Wind-Hydro coordination 

There have been some relatively significant advances made on Hydro-Wind coordination. 
One example is the “Contrato DGGE/ENEOP”, (Portugal), where a proposal is presented for 
wind energy storage for the Portuguese electrical power system using available system reservoirs 
with pumping mode incorporated. In this document [12], it is said that without harming the 
normal management of power plants, every time that the wind generation exceeds the limits for 
stability and security of the system, this exceeding energy should be used to pump water into 
reservoirs carefully chosen. This water will be stored in a “Virtual Reservoir” defined as the water 
quantity that was pumped into the reservoir using the wind energy, which will be used in a short-
term future when there is a deficit in generation, only if the hydro power plant isn’t already at its 
maximum load capacity at the time. This way, the stored energy, which can be quantified by the 
“pumped wind energy” affected by the pumping operation efficiency, will be used as a significant 
compensation factor in terms of system regulation due to the daily load variations. According to 
this pre-established operation procedure, the system operator will decide if a given hydro power 
plant will operate in the pumping or production mode for a determine period of time. In this 
document is mentioned that there has been some important investments on hydro power plants in 
the Portuguese system with the needed characteristics for this purpose, however there were 
already identified three main hydro power plants suitable to implement the Wind-Hydro 
coordination: the hydro power plants of Baixo Sabor and Foz Tua, and the hydro power plant of 
Alqueva. It is mentioned in this document that considering the predicted increase on wind 
generation in the Portuguese electrical power system and the maximum pumping power of the 
suitable hydro power plants it will be with no doubt possible to make an efficient hydro-wind 
coordination and therefore suitable and also efficient energy storage. 

Sharing the idea presented above, an optimization algorithm was developed for this type of 
coordination, published in [5], where it is proposed to use water storage ability to improve wind 
park economic gains and to attenuate the active power variations due to the intermittence 
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associated to the wind energy source. In this paper the authors describe an hourly-discretized 
optimization algorithm to identify the optimum daily operational strategy to be followed by the 
wind turbines and the hydro generation pumping equipments. The proposed model was developed 
in order to maximize the economic gain that results from the energy delivered to the grid in a 
short-term period (24 hours), so the wanted solution is an operational strategy to be applied to the 
generation units for the next hours. In this study it was concluded, as expected, that the storage 
ability improves the wind park economic profit, improves the participation of wind generation in 
electricity markets and permits to overtake any network operational restrictions that normally 
limit the capacity to be installed in a wind park, avoiding, as already explained, any harm to the 
normal system operational stability. However this study optimizes the operation of a small wind 
and hydro power plant on a short-term base, assuming that the hydro plant is only for storage use. 
It is still required to develop an optimization algorithm capable of determine a combined 
operation strategy for a very large system, with large wind parks and large water storage hydro 
facilities and for a medium-term future like one year horizon. 

Other studies and articles mention the Wind-Hydro coordination, for example [6], presenting 
all of them possible optimization algorithms. However the main characteristic between all of them 
is that they all have the same purposes and objectives, pointing as advantages that the storage 
ability improves the system operation economic profit, improves the participation of wind 
generation in electricity markets and permits to overtake any network operational restrictions that 
normally limit the capacity to be installed in a wind park, avoiding, as already explained, any 
prejudice to the normal system operational stability and therefore maintaining the load demand 
supply quality. 

2.3. Proposed approach using EPSO 

To solve complex optimization problems, one has nowadays the possibility to use meta-
heuristics such as evolutionary algorithms. 

To find the optimum solution of a given problem in the context of a search algorithm, two 
main mechanisms are necessarily considered: a movement generator to produce new possible 
solutions and an evaluation procedure to evaluate the alternatives in the search space and classify 
them in agreement with the optimization objective. 

The least efficient search method is a purely random search in the solution space, because all 
the possible solutions are randomly generated with no information whatsoever of other sampled 
solutions. 

It is important to have cleverer strategies for searching in the solution space. Three of these 
cleverer strategies are the “Genetic Algorithms” (GA), the “Particle Swarm Optimization” (PSO) 
and the proposed algorithm in this thesis, the “Evolutionary Particle Swarm Optimization” 
(EPSO), which gathers the best qualities of GA and PSO. 

I believe it is important to do a brief explanation of the GA and PSO algorithms before 
explaining the EPSO algorithm, making it more easily to understand. 
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2.3.1. Genetic Algorithms (GA) 

The implementation of “Genetic Algorithms” is based on a generation of an initial population 
upon which the evolution mechanisms are applied. Each individual of this population represents a 
solution for the problem. The evolutionary mechanisms that are here applied are inspired on 
biological species evolution like the survival of the fittest. 

The main evolutionary operators applied to the population are: 

• Selection 
• Recombination 
• Mutation 

The selection is based on the competition among alternatives to identify which will become 
the departing points or seeds to generate new points. Accordingly to the evaluation of each 
alternative (solution), they are ordered guaranteeing that the less fit solutions have a small 
probability to be chosen to generate new alternatives. This way, the convergence to the optimum 
is assured by the best solutions as the diversity is assured by the smaller “participation” 
probability of the worst solutions, avoiding this way local optima. 

Recombination generates new individuals (new points in the search space) by randomly 
mixing characteristics from more than one parent (solutions previously found), as we can see in 
figure 2.2. 

 

 

Figure 2.2 - Uniform recombination scheme 

 

Mutation is a unary operator, acting on a single individual and responsible for generating a 
new solution – a new individual – by applying random modifications to it, as we can see in figure 
2.3. 

 

 

Figure 2.3 – Mutation 
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This procedure is applied to ensure diversity in solutions, helping the algorithm to avoid 
excessively similar solutions and there for avoiding local optimums. 

The operation procedure for this algorithm is sketched in figure 2.4. 
As we can observe in figure 2.4, in a first stage a randomly initial population is generated. 

Then, all the individuals of the initial population are evaluated. After the evaluation procedure, if 
the convergence test is positive, the best individual is presented as the final solution, otherwise it 
proceeds to the selection, recombination and mutation mechanisms, returning then to the 
evaluation procedure, until the convergence test is positive or the maximum number of iterations 
is reached. 

 

 

Figure 2.4 - Diagram of the Genetic Algorithms 

2.3.2. Particle Swarm Optimization (PSO) 

The Particle Swarm Optimization is a relatively new algorithm. It was developed in 1995 by 
James Kennedy and R. C. Eberhardt, revealing competitive characteristics when compared with 
other meta-heuristic algorithms. 

This algorithm is based on the social behaviour of living organisms such as swarms of bees, 
birds or schools of fish, in the way that the group (swarm) and each individual “respond” to the 
movement as an all. 

Each individual or solution is represented as a particle that will move in the search space 
accordingly to the influence of three vectors: 

• Inertia 
• Memory 
• Cooperation 

The first vector (Inertia) will impel the particle in the same direction that it was going. It can 
be understood like a physical movement inertia that makes it impossible for an object to change 
instantaneously the speed and direction of the movement. 

The second vector (Memory) will attract the particle towards the best position archived so far 
by the particle. 

The third vector (Cooperation) will attract the particle towards the best position archived so 
far by the swarm, regardless what particle have archived that position. 

Each of these three components will be multiplied by a weight that determines the influence 
of each vector in the definition of the new position taken by the particle. 

The movement equations are: 
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���� � 1� � ����� � ���� � 1�                         (2.2) 
 

Where: 
����  –Velocity on instant t; 
����  – Position on instant t; 
����  – Particle best position on instant t; 
����  – Global best position on instant t; 
	�,�   – Inertia coefficient; 
	�,�   – Memory coefficient; 
	�,� – Cooperation coefficient; 
R – Randomly distribution of the weights; 
 

By observing the equation (2.1) we can conclude that the inertia term is composed by 	 �
����, the memory term is composed by  �	� � ����� � ����� and the cooperation term is 
composed by �	� � ����� � �����. 

As we can see, on PSO, unlike other evolutionary algorithms, there is not competition among 
particles or self adaptation of their characteristics. In truth, if wasn’t for the cooperation term, 
each particle would completely ignore the other particles on the definition of her new position. 

So the particle’s new position will be defined by the vector sum represented in figure 2.5: 
 

 

Figure 2.5 - Vector diagram of the determination of the particle's new position 

 

The operation procedure for this algorithm is schematized in figure 2.6. 
 

 

Figure 2.6 - Diagram of the Particle Swarm Optimization 

As we can observe in figure 2.6, in a first stage a randomly initial population is generated. 
Then, all the individuals of the initial population are evaluated. After the evaluation procedure, if 
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the convergence test is positive, the best individual is presented as the final solution, otherwise it 
proceed to the movement mechanism, returning then to the evaluation procedure, until the 
convergence test is positive or the maximum number of iterations is reached. 

2.3.3. Evolutionary Particle Swarm Optimization (EPSO) 

As it was previously demonstrated, the main disadvantage of PSO is that it is not a self 
adaptive algorithm. Some parameters need to be defined externally by the user, which will 
determine a “fixed weight” for the inertia, memory and cooperation terms in the process. This 
means that the movement mechanism will not evolve accordingly to the experience acquired in 
the past iterations, in other words this is a less efficient search method. 

In order to suppress these fragilities, the Evolutionary Particle Swarm Optimization (EPSO) 
was developed which is a hybrid optimization algorithm, developed at INESC – Porto, which 
gathers the best qualities of Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). 

Among other important differences, that will be mentioned further in this thesis, between the 
PSO and EPSO algorithms, recent developments made on the EPSO algorithm includes the 
adoption of a stochastic star communication topology, instead of the deterministic scheme usually 
adopted in PSO. This means that the knowledge of each particle of the whereabouts of the global 
best position is controlled by a communication probability p, which would in every movement 
self-adapt to the type of problem being dealt with. The effect produced by the adoption of a 
stochastic star communication topology is that a particle will ignore the global best on some 
iterations and some dimensions and take it in account in other iterations. This not only allows 
more local search by each particle, but also allows the elimination of disturbing noise, allows the 
dynamics of particle movement to be more stable and avoids premature convergence. 

The other differences are the selection, replication, weight mutation and 
reproduction/movement procedures as we can see comparing figure 2.7 with figure 2.6. 

The selection mechanism applies the competition between particles. This way only the best 
particles (previously evaluated) “survive” into the next iteration. 

The replication mechanism makes a pre-determined number of copies of each particle, 
obtaining in this way more diversity, which helps to avoid local optimums. 

The mutation mechanism is one of the main improvements made by the EPSO. In this stage 
the weights from the last iteration (w) are mutated in order to obtain “new” weights (w*) for the 
coming iteration.  

The “new” weights are obtained by multiplying “w” with random number lognormal 
distributions: 

 
	�

� � 	�������0,1���                         (2.3) 
 

or by random number Gaussian distributions: 
 
	�

� � 	� � ���0,1�                                                                                (2.4) 

The “τ” and “σ” are externally defined by the user. 
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Figure 2.7 - Diagram of the Evolutionary Particle Swarm Optimization 

 

In the most effective EPSO applications not only the weights affecting the components of 
movement rule are mutated but also the global best position is randomly disturbed to give: 

 
����� � ���� � 	�, 

� ��0,1�                         (2.5) 
 

where 	�, 
�  will determine the size of the search space around ���� where is most likely to find the 

real best global solution. This helps particles to avoid getting “stuck” in cases when the 
cooperation term evolves to become dominating and the other terms evolve by fading out. 

The movement equations are: 
 
���� � 1� � ����� � ���� � 1�                                                               (2.6) 
 
���� � 1� � 	�,�

� � ����� � 	�,�
� � ������ � ������ � 	�,�

� !������ � ������                    (2.7) 

Where: 
����� – Best point found by particle i in its past life; 
����� – Best overall point found by the swarm so far; 
����� – Location of particle i at generation t; 
����� – Velocity of particle i at generation t; 
	�,�   – Weight conditioning the inertia term; 
	�,�   – Weight conditioning the memory term; 
	�,� – Weight conditioning the cooperation term; 
P – Diagonal matrix with each element in the main diagonal being a binary variable equal to 1 

with a given communication probability p and 0 with probability (1-p); 

The symbol * indicates that the weights has suffered mutation. 
So the particle’s new position will be defined by the vector sum represented in figure 2.8: 
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Figure 2.8 - Particle's movement with EPSO algorithm 

 

As already said, this will be the optimization algorithm adopted on this thesis because it is 
more efficient and, above all, more easily adaptable. 

2.4. Artificial Neuronal Networks  

2.4.1. Historical background 

Contrarily to what may seem, neuronal network (also known as “connectionist models” or 
“parallel distributed processing”) development is not recent. In fact, this field of science was first 
explored before the advent of computers, in the early 40’s. The first gleam of enthusiasm for 
neural networks appeared around 1943, when Warren McCulloch and Walter Pitts (McCulloch & 
Pitts, 1943) developed the simplified neurons that were presented as models of biological neurons 
and as conceptual components for circuits that could perform computational tasks. However the 
technology available to them at that time did not allow them to develop further the neuronal 
network concept. 

Following this initial period of interest, some limitations were identified by Minsky and 
Papert when they published their book, [13], in which they showed the deficiencies of perceptron 
models, stirring up a general feeling of frustration among researchers. 

In consequence to the cooling of the initial enthusiasm, the field had to survive to a period of 
increase frustration and disrepute, having only a relatively few researchers continued their efforts 
in order to suppress the limitations identified by Minsky and Papert. 

The interest in neuronal networks have re-emerged in the early 80’s, only after some 
important theoretical developments were attained, such as the notably discovery of error back-
propagation, and most significant, new hardware was developed, which at the time opened up a 
all other world of infinity possibilities for a large number of research fields, with the increased 
processing capacities. With the appearance of these new technologies and theoretical 
knowledge’s, and mainly because of the perseverance showed by the few remaining neural 
networks researchers, the neuronal network concept end development could not be left behind, 
and so it was revived the interest in this field. 

This renewed enthusiasm has been reflected in the number of researchers and the 
corresponding increase in funding, conferences and papers related with neuronal networks. 
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Another important sign of the current believe in neural networks is that nowadays it is common to 
engineering universities to teach and pass the knowledge of neuronal networks. 

Most recently, the artificial neuronal networks have been applied to data patterns recognition, 
and for all kinds of variables prediction, such as, for example, short and medium-term future 
available wind energy source. 

However, I believe that it is important for us to keep in mind that there is still so little we 
know about the biological systems upon which the neuronal networks concept is developed, so it 
is extremely important that further studies are made and that hopefully they would show new 
possible applications and future developments in this area. 

The work developed for this dissertation pretends to be one of them, presenting a unique 
application of artificial neuronal networks that will allow solving large complex problems in a 
more efficient and swift way. 

2.4.2. Brief “Neural Networks” definition 

An Artificial Neural Network (ANN) is an information processing paradigm inspired both by 
the way biological nervous systems, such as the brain, process information, and as well by the 
brain’s information flow structure. 

The human brain is a highly complicated “machine” with the capacity to solve large complex 
problems. We have a good understanding of some of the basic operations that drive the brain, 
however as mentioned above, we are still far from understanding everything there is to know 
about the information processing that takes place in the brain’s neural network. So, with the 
limited knowledge available so far, artificial neuronal networks are conducted by first trying to 
deduce the essential features of real biological neural networks in order to develop a 
computational algorithm that simulates these features. Are these essential features that are 
detailed and explained in this chapter. 

 

 

Figure 2.9 - Components of a biological neuron [14] 

 

The main element of a neural network is the “neuron”, which is an elementary processing 
unit. The “neuron” as a computational unit haves its inspiration on the biological neurons of the 
human nervous system, represented in figure 2.9. 

The “cell body” receives electric pulses, each one with its own signal intensity, through its 
dendrites and, if the electric pulses sum exceeds a certain threshold, it will activate the “neuron” 
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and fires an electric pulse through the “axon” until it reaches the “synapse pre-terminals”, which 
is then received by other “neurons” through their own dendrites. 

 

 

Figure 2.10 - Artificial "neuron" scheme [14] 

 

The transition from “human neurones” to “artificial neurones” is illustrated in figure 2.10. It 
represents an artificial neuron with “m” inputs and one output. From a mathematical point of 
view, the neuron output can be represented by equation 2.8, where the outputs from neurons “l”, 
“x” and “m” from layer “p”, once multiplied by the respective weight values that determines the 
connection weight between two neurons, will be the inputs to neuron “x” from layer “k”. 
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“ kxf ” is the neuron activation function that will weight how powerful the output (if any) 

should be from the neuron, based on the sum of the inputs. This activation function can be 
modelled by various types of functions, some of the most commonly used are the threshold, 
sigmoid and step wise. This way the output from this neuron will be one of the inputs of some 
neurons of the next layer. 

The structure of an artificial neural network can be seen as a large number of highly 
interconnected processing elements (neurones) working in unison to solve specific problems. This 
artificial neuron have a large number of entries (electric pulses) and produces only one electric 
pulse as it output, which is the result of an internal non-linear process that transforms the inputs 
sum in the output. As dictated in figure 2.11, it is usual to see these “neurons” organized by layers 
with feed forward connections, or in other words unidirectional connections towards the next 
layer, from the input of the network to the output. For each connection is defined a weight, which 
will multiply by the “neuron” output signal before the signal gets to the input of the next 
“neuron”. 
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Figure 2.11 - Structural architectural of an artificial neural network with "Xn” inputs, one hidden layer with 

"n" neurons and two outputs 

 

One of the most important features of an artificial neural network emerges from the train 
concept, contrarily to the concept of calculus or the concept of analytic solution determination. On 
a human nervous system, the synaptic connections change throughout the life time of a neuron 
and the amount of incoming impulses needed to activate a neuron (threshold) also change. These 
changes allow the brain to adapt it responses to human body and the associated needs making the 
information processing more accurately. It is upon this “adaptation” concept that emerges the 
concept of training the artificial neural network, providing an adaptation of ANN’s internal 
parameters in order to obtain the desired behaviour or output from the neural network in response 
to the inputs. 

The internal parameters that are adapted in the train are: 

• The weight associated to each connection; 
• The internal non-linear function, when not defined externally by the user; 
• The number of connections and the connections between each pair of neurons; 
• And in some cases the number of neurons in the hidden layers and the number of hidden 

layers; 

Summarily, an ANN pretends to implement computationally the information processing 
capacity of a brain, assuming a structure similar to a biological neural network, considering the 
main features, in order to be capable of solving large complex problems that would be impossible 
or complex to solve by an analytic process. ANNs are not intelligent, but they are good for 
recognizing data patterns and making simple rules for large complex problems. They also have 
excellent training capabilities which explain why they are often used in artificial intelligence 
research. 

2.4.3.  “Neural Networks” current applications 

Given the description above of the neuronal networks and how they work, it is important now 
to identify in what they are used for in real world problems and applications. In fact, artificial 
neural networks have a wide range of possible applications, having already been successfully 
applied in many areas. 
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Since neural networks are best at identifying patterns or trends in data, they are well suited for 
all kinds of prediction or forecasting, including: 

• Sales forecasting; 
• Meteorology forecasting; 
• Wind energy source prediction; 
• Analysis of risk management; 

However these are only a micro-sample of the current applications for neural networks, since 
that an ANN has a very wide range of successful applications to the real world problems. 

Some other examples are the usage to object and data recognition and, most important, to 
feature reduction of a solution or data space dimension, known as “Auto-encoders”.  

The work developed with ANN’s working as “Auto-encoders” are of the most importance as 
introduction to the work and concept presented in this dissertation, since in this thesis is presented 
a unique application, so far, of artificial neuronal networks that will allow solving large complex 
problems in a more efficient and swift way. Due to the important character of this last mentioned 
application to the work developed, it will be detailed in the following chapter. 

2.4.4. Space dimension and feature reduction by “AUTOENCODERS” 

Large complex problems with a high-dimension data space usually associated to optimization 
problems representing realistic features of real world, which is the case in Power Systems 
problems, present some limitations when applied to the computational field, mainly because they 
are often demanding in terms of computing effort. 

So it would be of the most importance and a big step forward if these high-dimension data 
spaces were possible to reduce to low-dimension data spaces that allow representing with 
generality and with an acceptable precision the real characteristics of the real problem data space. 

Being possible this kind of reduction, it would be possible to overtake most of the drawbacks 
caused by the large number of variables to be treated in these problems, because any kind of 
procedures like for example optimization procedures would be applied to a reduced number of 
variables that once optimized would be able to represent the optimization of the real world 
problem. 

It is a known mathematical property of real valued spaces that it is possible to define functions 
that establish a one-to-one mapping between points of a space of dimension m and a space of 
dimension n (with n < m without loss of generality). The theorems supporting this assertion, 
however, do not indicate how to construct such functions. 

In order to do that a simple and widely used method is principal components analysis (PCA), 
which finds the directions of greatest variance in the data set and represents each data point by its 
coordinates along each of these directions. 

Another approximation may however be achievable through the use of a space reduction 
technique known as autoencoders, which are feedforward neural networks that are trained to 
reproduce the input space S in the output. If an inner layer has a reduced number of neurons n 
compared to the set of m inputs/outputs, this layer will effectively be encoding variables from S 
into a smaller dimension space S’ (see figure 2.12). 
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Figure 2.12 - An autoencoder neural network, with a bottleneck inner layer input and output layers of the same 

dimension and trained to reproduce the input variables in the output. In the inner layer one has a compressed set of 

values that encode, in a reduced dimension space S’, the values in S 

 

This way, high-dimensional data can be converted to low-dimensional codes or data-
codifications by training a multilayer neural network, known as “autoencoders”, with a small 
central layer to reconstruct when needed the original high-dimensional input vectors. This low-
dimensional data codification, denoted by S’ in figure 2.12, is determined physically by the neural 
network inner layer “S’” dimension or number of neurons, and it can be as low as it is pretended, 
having no theoretical limitations whatsoever apart from both the increase on the difficulty in 
training the network as well the increase of information losses resulting from the codification 
process. 

This technique has been proposed in the past [15][16] with the purpose of using the reduced 
encoded values in S’ to represent images in a compressed way, so that this representation would 
be subject then to distinct processing techniques such as identification and pattern recognition. 
For instance, face images could be identified and clustered according to sex, distinguished from 
non faces, etc [17]. 

The first half of the neural network approximates the function f  that maps the input space to 
the space of compressed encoding S’ while the second half approximates the inverse function1f −

. The quality of this encoding and decoding process depends on the quality of the training. 
It has been found that it was much more difficult to optimize the weights in autoencoders with 
non-linear activation functions and multiple layers than with a single hidden layer and recent 
efforts were concentrated in devising schemes to achieve a more efficient training [18]. 
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CHAPTER 3 

SOLVING THE WIND-HYDRO 
COORDINATION PROBLEM WITH EPSO 

This chapter refers to the initial parameter optimization procedures that were made to a Wind–
Hydro coordination model. This section of the thesis reports some experiences that allowed to 
optimize the Hydro-Wind power model parameters (communication probability, number of 
particles in the swarm, learning parameter “τ” and initial weights “	�”), in order to guarantee with 
some certainty that the solution found within a pre-established number of iterations (20000), is 
always a good solution, near the optimum solution. These experiences are necessary because there 
isn’t a mathematical modulation that makes it possible to determine the parameters in a 
deterministic way. 

3.1. Brief problem definition  

The Hydro-Wind coordination problem, upon which this thesis is developed, is composed of 
an independent energy producer that owns a Hydro-Wind power system composed by a number 
of hydroelectric power plants in cascade, and wind power plants that are treated as a single 
source. Note that both the hydroelectric power plants and the wind power plant are from the same 
owner.  

Numerical results supporting the conclusions of this thesis will be derived from two cases of 
different dimensions. The first case, with 8 reservoirs and spanning over 12 time periods (6 
months), has a river system presented in figure 3.1, where the cascading reservoirs are displayed. 
This case will be called base case and will be used to test the methodologies proposed. The 
second case, with 12 reservoirs and spanning over 24 time periods, will be called extended case 
and will be used to test the robustness of the techniques in a larger problem than the base case. Its 
scheme will be presented in a later chapter. 

All numerical data related to the cases studied are included in an Annex to this thesis. 
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Figure 3.1 - Configuration of the hydroelectric power system – numbers represent dams and their reservoirs and lines 

represent river flows 

 

For this Hydro-Wind coordination problem, the objective is to derive an operation plan for the 
period of 6 months that maximizes the profit obtained with the exploration of the system 
throughout “T” time periods with different buying and selling energy prices. 

Therefore, the operation plan will determine: 

• Quantity of water to be turbined or pumped for each hydroelectric power plant on each 
period of time; 

• Quantity of wind energy that will be used for hydroelectric water pumping and the 
quantity of wind energy that will be sold to the electric power system; 

based only on the information available at the beginning of the first period, related to the wind 
prediction for all periods ahead and to the natural river inflow. 

The “T” time periods are divided in T/2 peak periods and T/2 off-peak periods. This way 6 
energy prices are defined: 

• Hydroelectric energy selling price at peak periods; 
• Hydroelectric energy selling price at off-peak periods; 
• Hydroelectric pumping price at peak periods; 
• Hydroelectric pumping price at off-peak periods; 
• Wind energy selling price at peak periods; 
• Wind energy selling price at off-peak periods; 

It is important to underline that this is an academic coordination model and numerical 
example, therefore some elementary simplifications were considered in order to make it easier to 
understand and to analyse the results. Some of the most important simplifications are: 

1. Ecological flow is not considered, providing in this way an operation plan without any 
environment concerns, making it more easy to analyse the results; 
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2. This example doesn’t consider water evaporation or any other use of the water 

available on the reservoirs, for example agriculture usage. 
 
3. It also excludes the uncertainties related to the wind and water predictions which 

cannot be ignored in a more realistic study because they may be a preponderant factor in the 
operation plan. 

 
4. Two constants are defined for each hydroelectric power plant: production and pumping 

constant. These two values include the efficiency, gravity acceleration, water density and 
unity conversion factors. This may a very significant simplification in some cases because on 
real case, the turbine efficiency will depend on the water head, especially when this has a 
relatively low value, which results in a non linear function. 

 
5. A pumping limit capacity for each period is imposed, which in the ignorance of the real 

efficiency for the hydro pump mode aims to represent the maximum capacity of the hydro 
pumping system. 

The model solving methodology as well as the values and definitions related to the wind and 
river inflow predictions, the physical limits of hydroelectric power plants and the initialization 
parameters and the algorithm code will be presented in an Annex. 

However, the main organization of the EPSO algorithm to solve this problem is presented in 
figure 3.2. 

All the stages shown on the EPSO flowchart will be explained further in the annex. 
 

 

Figure 3.2 - EPSO flow for the given problem 
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The model mathematical definition and solution space representation are presented in the 
following sections. 

3.1.1. Model mathematical definition 

The Wind-Hydro coordination model haves a well defined objective, which is to maximize or 
improve the operation profit of wind and hydro power plants as a whole. This optimization haves 
the underlying idea of selling the wind and hydro energy to the grid and, when economically 
advantageous, using the wind energy to pump water into the hydro reservoirs in order to sell this 
virtual energy on a more economically advantageous period. 

Mathematically speaking, the optimization procedure can be represented by equation (3.1) 
and equation (3.2). 
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Where: 
"��� – Profit on period “t”; 
# – Total number of periods; 

 
Equation (3.2) represents the profit from the hydroelectric generation. 
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Where: 
$%– Constant that includes the generator/pump efficiency, gravity acceleration, water density and 

unity conversion factors; 
�%– Volume of water available in the reservoir in the period “t”; 
&%– Volume of water turbine or pumped by the hydro power plant “n” in the period “t”; 
'%– Volume of water spilled in the reservoir “n” in the period “t”; 
(1%��� – Upstream water difference of level related to the sea level, in the reservoir “n” at “t” 

period; 
(2%��� – Downstream water difference of level related to the sea level, in the reservoir “n” at “t” 

period; 

Note that “&%” can take negative values, representing the turbine water as a positive value and 
the pumped water as a negative value. The constant “$%” takes different values, one for pumping 
mode and a different one for the generation mode, trying to represent the different efficiencies for 
the hydro turbine. 

The available water volume for each reservoir is calculated for each period considering both 
the variables associated to the reservoir, such as the natural affluences, the volume of water 
pumped or used in generation, the volume of water spilled and finally the already existing water 
volume, all of them in the previous period of time, and also considering the variables associated to 
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the operation of the upstream reservoirs such as the quantity of water that was used for generation 
and now haves to be accommodated in the downstream reservoirs and also the water volume 
spilled from the upstream reservoirs. So in the Wind-Hydro coordination model, the procedure 
above is mathematically represented as dictated in equation (3.3). 
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Where: 
*%��� – Natural river affluences for the reservoir in the period “t”; 
Ω%��� – Group of all hydro reservoirs upstream of the hydro reservoir “n”; 

Having shown above the mathematical hydro system operation definition, as well all the 
corresponding equations, one will now present the model main constraints in order to guarantee 
that the final optimized operation plan is physically implementable. These constraints or 
restrictions are from a physical and technical nature, reflecting some physical limitations such as 
the maximum and minimum quantity of water that can be pumped or turbined to or from a 
reservoir depending on the existing water volume in the reservoir and depending also from the 
operation of all other reservoirs, and reflecting some technical limitations such as the minimum 
ecological volume and the available wind energy. These constraints were mathematically 
formulated as dictated on equations (3.4), (3.5) and (3.6). 

 
�%,   +�% , �%��� , �%,   +-.                          (3.4) 
 
&%,   +�% , &%��� , &%,   +-.                          (3.5) 
 

Where: 
�%,   +�% – Minimum available water volume, corresponding to the ecological volume; 
�%,   +-. – Maximum available water volume in the hydro reservoir “n”, reservoir maximum 

capacity; 
&%,   +�% – Maximum available water volume that can be pumped into the reservoir “n”; 
&%,   +-. – Maximum available water volume in the hydro reservoir “n” that can be used for 

energy generation; 
 

/��� � /0��� � /1���                          (3.6) 
 

Where: 
/0��� – Wind energy that was sold to the grid in period “t”; 
/1��� – Wind energy that was used to pump water into the reservoirs in period “t”; 

After explaining all the mathematical formulations taken in account in the optimization 
procedure, considering the optimization function shown in equation (3.1), one is now ready to 
present the fitness function, or in other words the operation profit function: 
 
"��� � !2�345�6�7��� � 89��67� �2659:��� � !4;���� � <4*67� �2659��� � /1��� �
<4*67� �2659��� � /0��� � 89��67� �2659=�#�                           (3.7) 
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Where: 
!2�345�6�7��� – Positive &% terms sum in period “t”; 
!4;���� – Negative &% terms sum in period “t”; 
<4*67� �2659��� – Energy buying price for period “t”; 
89��67� �2659:��� – Hydroelectric energy selling price for period “t”; 
89��67� �2659=�#�  – Wind energy selling price for period “t”; 

3.1.2. Solution space dimension representation 

 The “Evolutionary Particle Swarm Optimization” algorithm applies the optimization 
procedure upon an initial population that will evolve throughout the optimization procedure due 
to the “controlled” movement of the population individuals when searching for the optimum 
solution, as shown in Chapter 2.3.3. 

The solution population is composed of a pre-established number of individuals, which are 
called particles in the EPSO algorithm, representing each one a possible solution or plan operation 
for the entire coordination process. So, in order to transpose the mathematical problem 
formulation and representation to the domain of computational programming, it is necessary to 
apply some sort of coding capable of representing the system operation variables. The adopted 
coding is a vector that contains the main system operation variables. The first vector positions 
represent, for each hydro power plant and for each period of time, the quantity of water used for 
generation (positive value) or pumped into the respective reservoir (negative value). In the last 
vector positions, the wind energy quantity used to pump water and the total wind energy sold to 
the grid are represented, also for each period of time. 

Therefore, the particle solution representation vector is shown in figure 3.3. 
 

 

Figure 3.3 - Particle's vector representation 

 

As already mentioned in equation (3.2), “&%” represents the volume of water turbined or 
pumped by the hydro power plant “n”, assuming positive values if in that period energy was 
generated according to the respective water flow and assuming negative values if in that period 
water was pumped into the reservoir. The “P” and “S” variables represent the quantity of wind 
energy used to pump water into the reservoirs and the quantity of wind energy sold to the grid, 
respectively. 

As we can observe in figure 3.3, both hydro power plant operation plan and wind power plant 
operation plan are determined for “Tn” periods of time, which represent the medium-term system 
operation plan that is aimed to be optimized in order to improve the system operation profit. 
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3.2. Determination of the communication probability 

The communication probability “p” is a parameter externally fixed, within a range of [0, 1], 
that controls the passage of information within the swarm. This way, in each iteration and for each 
dimension, there is a probability “p” that a particle will not receive the information available of 
the best location found by the swarm.  

This is a very important parameter because, as we can see, it affects directly the evolution of a 
particle; for example if “p” assumes a very low value, the particle evolves almost only under the 
influence of inertia and memory components or, in other words, the “descendent” particle is built 
almost only of contributions from its ancestor line. 

The determination of the best communication probability for a given problem is of the most 
importance because, if a full star communication is adopted, p=1, it may lead to premature 
convergence. On the other hand, if a low communication probability between particles is adopted, 
there is a risk to convert the particle swarm search process into something close to a set of parallel 
individual searches. As already said, the adequate communication probability for a given problem 
results on more local search by each particle, allows the elimination of disturbing noise, allows 
the dynamics of particle movement to be more stable and avoids premature convergence. 

To determine an adequate value to the communication probability p, experiments or tests were 
conducted on the base case by repeating the EPSO algorithm for 10 runs for each value of p and 
varying only the communication probability value. All other things remaining unchanged, in all 
cases the population was set to 50 particles, the stopping criterion was a fixed number of fitness 
function evaluations (20000), all weights were randomly initialized in the interval ]0,1] and the 
learning rate has in all cases been set to 0.2. 

The results of the communication probability test are presented on figure 3.4 and in table 3.1. 
 

 

Figure 3.4 - Average profit results for 10 runs as a function of p for the base case, and intervals of confidence at 95% 

level 
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Table 3.1 - Communication probability test 

 
 
The equation used to calculate the average result is: 
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Where: 
> – Average result; 
?6� – Fitness result for the problem on run “i”; 
�@A%B – Number of runs made; 
 
The equations for the confidence intervals are: 
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Where: 
#" – Confidence level; 
α – Significance level; 
TI – Confidence interval; 
x  – Average result; 
σ – Standard deviation; 
n – Number of runs made; 
 

The significance level considered here is D � 0.05, which means that it can be assured with 
95% of certainty that the fitness value from every run for a certain p to get a solution for the given 
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problem will be within the confidence interval . These confidence intervals are also represented in 
figure 3.4 by vertical bars. 

In a first analysis we can see that the communication probability that should be adopted is 
around 0.7. However, when looking to the confidence intervals we can see that if we adopt p = 0.6 
or p = 0.8 we can sometimes obtain solutions within the confidence interval for p = 0.7. Because 
of this reason, a little more calculation effort for “p” values around 0.7 was done, namely for 
values of “p” of {0.6, 0.7, 0.8}, in order to build evidence that, without any doubt, with p = 0.7 we 
can obtain with 95% of certainty, a better solution to the problem compared with solutions 
obtained with other communication probability values. 

 

 

Figure 3.5 – Influence of p: average results and 95% confidence intervals for 20 runs 

 

Table 3.2 - Communication probability test for 20 runs of the base case 

 
 

According to the results showed on table 2 (average result and confidence interval for 20 
runs), it is clear that the most desirable value is around p = 0.7, which suggests that the problem 
optimization function profits from limiting the communication among particles but not to a high 
degree.  

For 0.7 communication probability the algorithm achieves a far better average solution that 
with any other p value and it is guaranteed with 95% of confidence that the solution on every run 
will be better than any other obtained with another “p” value. 

As we can observe on figure 3.4, if the value of communication probability is further raised, 
the algorithm performance again deteriorates. 

Note that by choosing p = 0.7 we are also improving the robustness of the algorithm or, in 
other words, the capacity to converge to the same range of results in different runs. This is a very 
important achievement because in real world environment, most of the times, an operator have 
only the chance to run once the algorithm before making a decision based on the results. So the 
level of confidence that it will produce very good solutions, under the same circumstances, has to 
be as high as possible. 
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Adopting a “p” value around 0.7 the algorithm’s robustness and performance are improved, 
leading to both better robustness and better convergence properties, avoiding that the algorithm 
may give once an extremely good solution and in another run a very bad one. 

3.3. Determination of the learning parameter “τ”  

The learning parameter “τ” is a parameter externally fixed, like the communication 
probability “p”. 

On the EPSO algorithm, the learning parameter is used on the weight mutation procedure, 
indirectly “controlling” in this way, in each iteration, the contribution of each one of the three 
terms (inertia, memory and cooperation) for the definition of the new position of a particle in the 
search space dimension, as formulated on equations (2.6) and (2.7). 

The weight mutation through the learning parameter is presented in equation (3.12), according 
to a normal distribution. 

 
G� � G � ���0,1� � H�                       (3.12) 
 

Where: 
G� – Mutated weight or new weight; 
G – Weight from the last iteration; 
��0,1� – Gaussian distribution; 
H – Learning parameter. 
 

This is a very important parameter because, as the communication probability, it affects the 
evolution of a particle by being in a certain way responsible for the importance of mutations in 
each iteration, assuring not only a dynamic search for the solution by each particle and a better 
progression rate towards the optimum, but also assuring significant differences between ancestors 
and descendents, avoiding premature convergence. 

The experiments or tests were conducted by repeating the EPSO algorithm in the base case for 
10 runs for each value of “τ” and varying only the learning parameter value. All other things 
remain unchanged, in all cases the population was set to 50 particles, the stopping criterion was a 
fixed number of fitness function evaluations (20000), all weights were randomly initialized in the 
interval ]0,1] and the communication probability has in all cases been set to 0.7. 

The results of the communication probability test are presented on figure 3.6 and in table 3.3. 
The significance level considered here is also D � 0.05. 
Observing the results presented on table 3.3 (average result and trust interval for 10 runs), it is 

clear that the most desirable value is around τ = 0.6, which suggest that the problem optimization 
function profits from the differentiation between particles. 
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Figure 3.6 – Average fitness results for 10 runs as a function of the learning rate 

 

Table 3.3 - Learning rate test 

 
 

For τ = 0.6, the algorithm reaches a better average result compared with the results obtained 
with other “τ” values, however the difference is not significant when τ = 0.8 is chosen. 

As we can conclude by observing figure 3.6, it’s clearly preferable to use high values of 
learning rate, with the exception of τ = 0.9, because there are significant improvements on 
average results and on the guaranty to obtain a good value for higher learning rate values. 

Note that by choosing high values of learning rate and, in particular, τ = 0.6 we are improving 
the robustness and the performance of the algorithm avoiding that the algorithm may give a very 
bad solution when compared to other solutions on another runs. 

3.4. Determination of the initial weights 

In EPSO, the weights considered on equation (2.7) are strategic parameters and therefore 
defined as integral parts of an individual. They are subject to selection which forces these 
parameters towards an efficient set of values that guarantee or accelerate convergence to the 
optimum solution. 

To determine the best values to be used as 	�,�
� , 	�,�

�  and 	�,�
� , EPSO algorithm relies on a self-

adaptive mechanism, where weights are also subject to selection as integral parts of an individual. 
Under the “pressure” of selection they are forced to evolve to values adapted to the landscape 
being searched. This way, when an exploration mode is more profitable to a particle, some 
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parameters (weights) are likely to be selected to exhibit large values, on the other hand on an 
exploitation mode is more likely that some parameters may fade away because smaller values 
give competitive advantage to the particle descendents. 

The weight mutation has been already presented in equation (3.12). 
An example for the self-adaptation of the weights is that if the cooperation factor is somehow 

disturbing the progression towards the optimum, selection will tend to fade away this term acting 
on the 	�,�

�  selection. On the other hand if the cooperation term is being useful in the search for 
the optimum, selection will tend to favour this term, meaning that this particle or individual is still 
far from the optimum. 

In order to determine which weights initial values lead to a more rapid and efficient 
adaptation and convergence to a set of weights that would favour the algorithm in the search for 
the optimum, some experiments and tests were conducted on the base case. This way, instead of 
randomly initialized weights in the interval ]0,1], they are initialized to an initial set of values that 
will favour the convergence and the time taken by the algorithm on the search for the optimum 
solution for the given problem. 

The experiments or tests were conducted by repeating the EPSO algorithm for 20 runs for 
each set of “Wi” and varying only the initial weights set. Note that on each weights initial set, all 
the weights have the same value. All other things remain unchanged, in all cases the population 
was set to 50 particles, the stopping criterion was a fixed number of fitness function evaluations 
(20000), the learning rate was set to τ = 0.6 and the communication probability has in all cases 
been set to 0.7. 

The results of the initialization weights test are presented on figure 3.7. 
 

 

Figure 3.7 - Algorithm convergence to the optimum 

 

As we can already see by observing figure 3.7, the most desirable values for the weight 
initialization is G� � 0.3. However in figure 3.7 it’s difficult to analyse the improvement obtained 
along the algorithm processing, because there is too many data in only one graphic, but it’s 
obvious that by initializing the weights with 0.3 the algorithm gets a better solution at the end of 
20000 iterations, or in other words, the algorithm converges faster to the optimum. 

It’s imperative to make the comparison between two possible weight initializations: 

• The initialization that got the best results on the previous test: G� � 0.3; 
• All weights randomly initialized in the interval ]0,1]; 
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Figure 3.8 - Comparison between two possible weight initializations 

 

Analysing now figure 3.8, it’s easily concluded that G� � 0.3 is clearly the choice to make, 
allowing an undoubted improvement on the convergence to the optimum, since the fitness value 
obtained  with G� � 0.3 is, in each iteration, always better, or in other words, closer to the 
optimum value for the given problem. 

This improvement results from a more efficient adaptation to search space properties by 
adapting the weights, performing in this way self-adaptation of the proportions of contributions of 
parents to form offspring. 

 

 

Figure 3.9 - Evolving of EPSO weights of the best solution in the first 250 iterations 

 

 

 Figure 3.10 - Evolving of EPSO weights of the best solution in the last 250 iterations 
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Figure’s 3.9 and 3.10 illustrates an example of weight adaptation during an optimization 
process for the Hydro-Wind coordination problem, in which the weights of the best solution 
found in each iteration are shown. In this case, the particle relies in the inertia, memory and 
cooperation terms to form its movement in order to successfully progress to the optimum, without 
any of the terms being forced to fade away by the selection procedure. 

All the above can be also analysed in figure 3.11 and table 3.4. 
 

 

Figure 3.11 – Average fitness results for 20 runs and confidence intervals 

 

Table 3.4 - Weights initialization test 

 
 

As already said and again shown by figure 3.11, for G� � 0.3, the algorithm reaches a better 
average result compared with the results obtained with others weight initializations. 

3.5. Swarm size determination 

The adequate swarm size definition for EPSO is an open subject. There has been some work 
dedicated to this matter in PSO algorithms, however there is nothing that assures that the same 
rules can be applied to EPSO algorithms. 

The only certainty is that whatever the swarm size, it has to achieve a balance between 
processing capacity, time processing and precision of the result. 
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Taking this matter into hands, some tests were made in order to determine the process 
evolution according to the variation of the number of particles in the swarm. In other words, one 
tried to obtain the most efficient balance between those three characteristics for the Wind-Hydro 
coordination problem. 

In order to determine the most efficient swarm size for the given problem were conducted two 
different experiments. The first one is related to the computational effort in order for the 
algorithm to achieve a pre-determine fitness solution. This way, one will be able to determine the 
number of iterations and the amount of time needed for each swarm size in order to reach the 
same value of fitness. The second experiment is related to the fitness precision of the result after a 
pre-establish number of fitness evaluations, in order to determine the average result that each 
swarm size is capable of reaching after a fixed number of evaluations. Based on the results from 
these experiments, one will be able to determine the adequate swarm size for the problem to be 
solved, in a well-founded manner and not based in a guessing. 

Both experiments were conducted by repeating the EPSO algorithm for 20 runs for each 
“swarm size” and varying only the number of particles. All other things remain unchanged, in all 
cases all weights were randomly initialized in the interval ]0,1], the stopping criterion was a fixed 
number of fitness function evaluations (20000), the learning rate was set to τ = 0.6 and the 
communication probability has in all cases been set to 0.7. 

The results obtained in the computational effort experiment are shown on figures 3.12 and 
3.13. 

 

 

Figure 3.12 - Average computational effort (2*N*I) for 20 runs 

 

 

Figure 3.13 - Average computational effort (2*N*I*T) for 20 runs 
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The computational effort mentioned in these experiments was calculated as dictated in 
equation (3.13). 

 
J�;�4�K�6�7K� 9LL�2� � 2 � 8	K2;MNO= � P�92K�6�7QRST1=U                      (3.13) 
 
The “Computational effort” value is in fact an important comparison index since that this way 

one is able to obtain the number of calls to the evaluation procedure (the most time consuming 
procedure in all the optimization process) accordingly to the swarm size and to the number of 
iterations needed to achieve the optimum solution or any other desirable solution, providing some 
insight relatively to the required computational capability in order to solve a determined problem. 
This “index” will be often used to make performance comparisons between different optimization 
strategies further in this thesis, allowing one to have some sort of comparison between developed 
strategies. 

However, on the results shown in figure 3.13, the computational effort does consider the time 
variable but, as it is possible to observe by comparing the results in figure 3.12 and in figure 3.13, 
the time variable seems to be the less significant parameter in the computational effort since those 
two curves follow the same tendency, differing only on the average computational value once the 
results shown in figure 3.13 are also multiplied by the time needed to reach the fitness value.  

Having said this, one can conclude that the time variation that results from the increase of the 
swarm size is insignificant when compared to the time variation that results from the increase of 
iterations needed to reach the desired fitness value. It is obvious that for bigger swarm sizes the 
time taken by each iteration will increase as result of a bigger number of particles to be evaluated 
by the evaluation routine, however for different number of particles in the swarm the algorithm 
will need different number of iterations to get to the desired fitness value and the increase or 
decrease of iterations needed has revealed much more important that the time taken only on one 
iteration. Also one must note that the time taken on each iteration accordingly to the swarm size is 
in some way already considered when the swarm size variable is introduced in the computational 
effort calculation. 

Taking into account only the processing capacity and the time processing, the most desirable 
swarm sizes are the ones contained in the interval [20, 80[ or  also 100 would be acceptable. 
However the determination of the swarm size must consider also the precision of the result, 
mainly because the experiment shown in figure 3.14 and table 3.5, revealed that smaller swarm 
sizes are more exposed to less efficient runs and therefore sometimes get stuck in local 
minimums. 

 

 

Figure 3.14 - Average results for 20 runs 
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Table 3.5 - Swarm size test 

 
 

As it is possible to observe in figure 3.14, one detects a range of values between 90 and 140 
particles, in which solution precision doesn’t differ in a significant way from one case to another. 

From the result precision point of view, the most desirable swarm size would be 110 particles, 
being it the one that has obtained the best average result after 20 runs. However it’s important to 
remember that the processing time is proportional to the swarm size, therefore any solutions to the 
swarm size determination with a bigger value than 110 particles are excluded from the possible 
solutions, assuming that the improvement on the average result, and therefore the improvement on 
algorithm convergence is not significant, as we can observe in table 3.5. 

Having reduced the possible solutions interval, and considering the result precision as one of 
the decision criterions and not the only one, the most desirable swarm size is now the 100 
particles because, with this number of particles, as shown by the test results, better average result 
was obtained and the additional amount of time taken by the algorithm, when compared for 
example with the time taken with 20 or 50 particles, is not such significant that justifies the 
consideration of the time factor as the dominant one. 
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CHAPTER 4 

SOLVING THE WIND-HYDRO 
COORDINATION PROBLEM WITH EPSO 
AND NEURAL NETWORKS 

This thesis defends the application of neural networks denoted “autoencoders” in order to 
reduce the dimension of the search space in complex optimization problems, illustrated in this 
dissertation with an application of an EPSO (Evolutionary Particle Swarm Optimization) 
algorithm to problems of medium term wind-hydro coordination. The “autoencoders” concept and 
previous developments in this particular area were presented in Chapter 2.4.4. In the following 
sections, the application developed concerning both “autoencoders” and the evolutionary swarm 
algorithm EPSO will be presented. 

It is important to underline that these experiments will show the effect on the efficiency of 
method that different strategies to train and use of the autoencoder may have. In the first 
experiences the autoencoder will be trained with a data set that that was gathered by executing a 
previous run of the EPSO optimization algorithm for the given problem (as it will be explained), 
after which the autoencoder will be trained and applied inside an algorithm hybrid 
EPSO/Autoencoder. In the last experiences, as it will be shown, the autoencoder is trained with a 
data set gathered during the first iterations of the EPSO, after which it will be active from that 
point on until the boost of the particles towards the optimum region takes place; this strategy will 
be called hybrid EPSO/Autoencoder with continuous training. These two different approaches 
will allow one to determine the effect that the training data set solution space representation will 
have to the global efficiency of the hybrid optimization algorithm. 

4.1. EPSO/NN in the reduced space 

As already mentioned, metaheuristics such as evolutionary or particle swarm algorithms 
suffer from some drawbacks namely being demanding in terms of computing effort, especially if 
one is dealing with large scale problems, which is the case in most areas in Power Systems. The 
difficulty of dealing with large scale problems using meta-heuristics lies not only in computation 
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time but also in some difficulty in converging to an optimal solution. Both these factors (need to 
an early stopping and difficulty in converging) contribute to originate a performance of 
metaheuristics below what would be desirable in practice. 

So in order to test the idea defended in the thesis one will apply the developed method on a 
typical large scale power system problem, the Wind-Hydro coordination, which requires a 
medium term operation planning or the water resources requires an evaluation of the operation for 
a period of 1 year and estimates of water and wind availability, with the division of the planning 
period in sub-periods corresponding to different months and different load levels with different 
estimated energy costs. Taking into account all these factors it is obvious that the dimension of 
the problem will undoubtedly be very large. 

The wind-hydro coordination problem has obvious similarities with hydro-thermal 
coordination in the presence of pumping storage facilities and is represented by a complex time 
dependent formulation if cascading river dams are present, and there has been developed several 
techniques to perform these kinds of optimizations, however all of them suffer from the same 
drawbacks that were mentioned above. 

One way to solve the difficulties experienced by the optimization algorithms when applied to 
large complex problems, would be to perform a feature reduction for the original variables of a 
problem, reducing this way the number of variables that are treated and optimized by the 
evolutionary or particle swarm algorithms but, most important, without losing the capacity to 
represent the variables that define originally the problem to solve. 

Continuing this line of thought, feature reduction and feature selection techniques have been 
used to reduce the number of variables of a problem to a set of meaningful ones. One popular 
technique is Principal Component Analysis (PCA) [8]. This technique projects the data into a 
linear subspace with minimum information loss, by multiplying the data by the eigenvectors of 
the sample covariance matrix. A point is then represented by its coordinates along the directions 
of greatest variance in the data set. 

However, when one is optimizing and one needs to evaluate solutions during the process, a 
feature reduction or selection process is not applicable because some or all variable values of the 
original space would be unknown and therefore the actual value of the objective function could 
not be calculated. So it was imperative to develop a tool that at the same time permits to perform a 
feature reduction of the original solution space dimension and that when needed also allow to 
evaluate all the solutions found at the moment, having to be capable at all times to reproduce all 
variable values of the original space. 

This thesis presents the original idea of applying an autoencoder neural network together with 
the evolutionary particle swarm algorithm (EPSO). By using an autoencoder neural network the 
optimization procedure is able to generate a pair consisting of a function f  and its inverse 1f − , 
allowing to map a space of dimension m into a space of dimension n (with n < m) and to 
reconstruct the original variables. The optimization procedure may evolve in the reduced space 
but objective function evaluation is performed in the original space thanks to the inverse decoding 
function 1f − . This reduction of the dimension of the search space has a notorious beneficial 
effect in the performance of the optimization algorithm as it will be shown further in this paper. 
The function  acts as an intelligent encoder of the chromosomes organized in the original space: 
the chromosomes used in the optimization technique are no longer designed by the user but 
“engineered” by an intelligent process to better suit the optimization process. 

f
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4.1.1. Optimizing in a reduced space 

The original idea reported in this thesis can be summarized in the following lines: 

• One will use an autoencoder neural network to generate a reduced dimension 
search space S’ and a half-network decoder approximating , regenerating from 
each individual in space S’ the corresponding individual in the original variable 
space S. 

• One will launch an EPSO with individuals (particles) represented in S’ and the 
movement rule will be applied in space S’, therefore from this moment on the 
limits for each variable of each particle, which until now correspond to the physic 
limits of the wind-hydro system, will correspond to the limits for the middle layer 
of the autoencoder in the representation of the original solution space. These limits 
are obtained during the training procedure, guaranteeing that whatever the 
particles created they are within the real limits for hydro and wind power systems. 
Also these limits will be affected by a small increase factor in order to allow the 
algorithm to explore solutions that were not considered in the neural network 
train. 

• The evaluation of each new particle will be performed by decoding it (passing it 
through the  half-network) and calculating an exact objective function value 
from the real variables produced in S, allowing to evaluate solutions during the 
optimization process since all variable values of the original space would be 
known and therefore the actual value of the objective function can be calculated, 
contrarily to what happens when using, for example, the popular technique known 
as Principal Component Analysis (PCA). 

• Based on this evaluation, selection will act on particles in space S’ allowing the 
mutation and movement rules of the EPSO optimization algorithm to perform its 
tasks within the reduced space S’ avoiding that the EPSO needs to optimize all the 
variables of the original solution space S. 

This process is illustrated in figure 4.1. 
 

The success of this idea depends of the gain in efficiency that one obtains from having the 
particles evolving in a space of reduced dimension. A few additional comments must be made. 

First, it is true that the half-networks emulating  and  only generate approximations to 
these functions. However, this is not important in the light that each point in S’ is associated with 
a real solution in S and it is valued exactly. 

Second, because the autoencoder is just an approximation and not a representation of the 
exact mappings S↔S’, some information will eventually be lost. It is possible then that the exact 
optimum of the original problem may not be found in S’ – but if the approximation is good 
enough, a near optimal solution or, at least, the location of the optimum will be found and an 

1f −

1f −

f 1f −
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efficient post-optimization search may be launched, if necessary back in space S. 
Third, the advantage of the method will only be evident if the task of training the autoencoder 

becomes much smaller than the additional iterations needed by an algorithm searching in the 
original space S.  

However one must not forget that the task of training the autoencoder becomes only necessary 
in the first time that this procedure is used for a given problem, once after that the autoencoder 
will be saved in the source of the program for future uses in order to avoid the train procedure 
every time one run the optimization algorithm. 

 

 

Figure 4.1 - Particles evolve in the reduced space S’ but are decoded and evaluated in the original space S 

 

All the answers to these points are given in the following sections, where a complex problem 
of wind-hydro coordination that has been designed to serve as a test to the autoencoder hypothesis 
illustrates clearly the advantages of the scheme. In the following sections a detailed explanation of 
all the procedures taken into account when creating the autoencoder, such as the architectural 
structure, the mathematical definitions for the used autoencoder and the training procedures will 
also be presented. 

First it will be presented and explained the results for the general application of the 
EPSO/NN.  

Second it will be presented and explained the results for the hybrid strategy where one shows 
that an EPSO running of a reduced space generated by an autoencoder with solutions evaluated in 
a reconstructed space runs ten times faster to obtain the same results as an EPSO running in the 
original problem space showing undisputable improvements in efficiency for the optimization 
procedure. 

Third it will be presented an application of the hybrid EPSO/Autoencoder to a wind-hydro 
coordination problem with the triple of complexity, in order to prove with some certainty that this 
method is able to perform as good or better with different solution space dimensions, at least for 
this kind of optimization problems. 

Some other experiments and ideas will be mentioned that could help this hybrid strategy to 
improve the performance and efficiency, however because of the limited time for conclusion of 
the dissertation, those ideas will be only approach in a shallow way, consisting mainly in an 
introduction for future studies and developments. 
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4.1.2. Structural definition and actual application of “Autoencoders” and EPSO to 

optimization algorithms 

In the present chapter, are going to be dissected all the details referring to the 
EPSO/Autoencoder algorithm, including the training data gathering procedure and the respective 
ANN input values treatment. Will also be approached the adopted architecture for the autoencoder 
and the codification layer dimension (number of neurons in the middle layer), the explanation of 
the training process that has revealed to be the most suitable for this case, and finally the 
implementation of the autoencoder together with the EPSO algorithm.  

4.1.2.1. Data acquisition process to train and test the autoencoder neural network 

In order to learn and understand how to react or proceed under certain circumstances, one 
needs to successfully pass throughout a learning process that would provide one with reasoning 
power to look for and choose the right step to make between all the possible decisions in the 
solution space. In the same way, in order to make it possible to train an autoencoder neural 
network that would properly encode a solution space (composed by “n” variables that define the 
solution) and then be capable of reproducing at the end the same original solution space, it is 
necessary to submit the autoencoder to a similar concept of learning procedure. 

In a superficial definition, this learning technique as any other learning process in life, is no 
more than a “trial and error” method, where for several scenarios or input data the autoencoder 
will produce an output vector that will be compared to the desired output. If the actual output is 
too far from the desired one it will be submitted to the input data again, adjusting its internal 
parameters, in order to produce a good approximation of the actual output to the desirable one. It 
is possible in a certain way to compare this to the learning process that happens with human 
brain’s, being this kind of learning based mostly on experience. 

In the training procedure of an artificial neural network one must ensure that mainly three 
important aspects are fulfilled: 

• Ensure that there is no “noise” on the input data that will cause the artificial neural network 
train to fail its objective. 

• Guarantee the generality of recognition of possible solutions in the space by the 
autoencoder. In other words, ensure that most of the solution space is represented in the input 
data used to train the network. 

• Ensure that the artificial neural network is not over-trained, in order to avoid that the 
autoencoder performs correctly the encoding and decoding procedures only for the input data 
used in the train, losing the capability to perform the same tasks with the same quality for 
different input data. 

The third aspect relies only in the way the training procedure is executed and the stoppage 
criterion adopted for the train. For this reason one will not develop an explanation at this point, 
once it will be properly approached further in this report. 

However, the fulfilment of those two other aspects mentioned above relies only in the quality 
and quantity of the gathered data with the purpose to train and test the performance of the 
autoencoder neural network. In fact it is necessary to obtain a large number of possible solutions 
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for the Wind-Hydro coordination problem, capable of representing as better as possible the 
solution space, in order to obtain a set of training data that allows the autoencoder to learn 
correctly the space that it is supposed to encode and represent. 

To obtain such amount of data it was executed one time the Wind-Hydro coordination EPSO 
algorithm, saving the position vectors of the 20 best particles in the swarm every “n” number of 
iterations. In this process one has the concern not to consider too big or too small values for the 
interval between each data gathering, because with a small value for “n” one could end up 
collecting very similar solutions, which will cause the train to “over-adapt” the autoencoder to 
those “repeated” input data, failing this way the main objective of comprehending a significant 
sample of the solution space. However if one chooses a big value for “n”, this will result in input 
solutions too far apart from each other, which will cause the decreasing of the performance of the 
autoencoder when applied to solutions much different from the ones considered in the training, in 
other words this will result in a loss of the pretended generalization character for the autoencoder 
neural network. Therefore, in order to obtain a reasonable training data set that comprehends a 
significant sample of the solution space, one has adopted a value for “n” of 500 iterations in the 
beginning of the optimization process (where the improvement of the particles is most notorious) 
and a value for “n” of 1000 iterations for the rest of the process, in a universe of 20000 iterations 
for each algorithm run. Moreover it was made 20 runs in order to obtain data that wasn’t 
composed by the results obtained with a single run, increasing the probability to obtain a bigger 
amount of different solutions and to obtain both worst and better solutions that the ones obtained 
on previous runs. 

Another important aspect that must be avoided is the “noise on the input data”. This “noise” 
or “disturbances” are introduced by input data that for some reason doesn’t belong to the solution 
space. This could be caused by errors in the data gathering process or, like what happens in the 
Wind-Hydro coordination EPSO algorithm, the first particles generated by the algorithm represent 
solutions that violate some limits (as for example the total quantity of wind energy is not equal to 
the quantity of wind energy sold to the grid plus the wind energy used to pump water into the 
reservoirs), which will result in a penalization of the fitness value for that particles, turning it into 
a negative value and therefore into a nun possible solution for the Wind-Hydro system operation 
plan. In order to avoid the introduction of noise into the train data set, particles with penalized 
fitness values were not considered, once they would lead the autoencoder to be trained for 
solutions out of the real solution space. 

Note that the desired output for the autoencoder is the same vector that was applied to the 
input layer of the autoencoder, since it pretended that it performs a feature reduction of the 
original solution space and then be also capable of decoding it into the original solution space. 
Therefore one do not need to get two different sets of data since, as already said, the inputs and 
outputs are the same. 

In total, was considered 5400 input solutions of 120 variables each (size of the particle 
vector), divided by 5000 input vectors for the train set and 400 input vectors for the test set. The 
separation of the data set in two separated groups since it is essential to test the generalization 
character of the neural network with a different set of input values than the ones used in training. 
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4.1.2.2. Autoencoder neural network architectural structure and definitions 

Having the both the objective of performing a feature reduction for the original solution space 
dimension S into a reduced encoded solution space S’, as well the necessity to be able to decode 
the space S’ back to the original solution space S, an autoencoder has to have both input and 
output layers with a size equal to the dimension of space S and at least one of the internal layers 
with the size of the pretended dimension for the solution space S’. 

Considering that the input to the network is a vector whose total dimension is “n”, by 
definition the input dimension and the output dimension are the same in an autoencoder while the 
hidden layer has obviously a lower dimensionality than the input/output, as low as the pretended 
reduction. 

So in order to define the autoencoder structure one has to define 4 aspects: 

• Number of hidden layers. 
• Number of neurons for the hidden layers and most important the number of neurons in the 
layer responsible for the values of the encoded space S’. 

• Neurons activation functions. 
• Connections between neurons of different layers. 

In process to define the most desirable number of hidden layers and the actual number of 
neurons in each hidden layer one has to take into account that this decisions will directly affect 
both the running time of executing and training an artificial neural network as well it will affect 
the autoencoder capability to perform a good encode/decode process for the original solution 
space dimension.  

So one has to achieve a balance between those two important factors since both of them are 
crucial to the performance of the method when working in the optimization process, once the 
advantage of the method will only be evident if the task of executing and training an ANN 
becomes much smaller than the additional iterations needed by an algorithm searching in the 
original space S. Moreover the autoencoder must be capable of properly represent the different 
solutions of space S in the reduced space S’ in order to allow the EPSO movement and mutation 
rules to be efficient, if not it would be impossible to perform a proper evolution of the particle 
towards the optimum. 

When executing an ANN, equation (2.8) on Chapter 2.4.2 needs to be calculated for each 
neuron which is not part of the input layer, besides that it is also needed to make one call to the 
activation function for each neuron that is not part of the input layer. Therefore the running time 
of executing an ANN, as shown in [21] is given by equation (4.1). 

 
# � 5> � �7 � 7��V                           (4.1) 
 

Where: 
5 – Total number of connections; 
7 – Total number of neurons in the artificial neural network; 
7� – Total number of input neurons in the artificial neural network; 
> – Cost of multiplying the weight with the input and adding it to the sum; 
V – Cost of the activation function; 
#  – Total cost of executing an ANN; 
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Taking into account the information above, in the process of trying to obtain an efficient 
balance between the computational effort and time needed to execute the autoencoder and the 
minimization of the mean square error in training (which will be explained in the following 
chapter), one has tried different configurations for the neural network autoencoder. However 
configurations with more than one hidden layer has shown to be less efficient in the 
encoding/decoding procedure and more demanding in computational effort on execution and in 
training. So analysing these results one as opted to adopt an autoencoder with only one inner layer 
to represent the reduced solution space dimension S’. 

Having defined the most desirable structure for the autoencoder one needs to define the proper 
dimension for the inner layer. To do this, one has made several experiences considering different 
solution space reductions in order to establish the most advantageous number of neurons for the 
middle layer comparing the behavior in the optimization process. Theoretically the increase of 
loss information is proportional to the increase in the reduction of solution space dimension S, 
moreover there will be a limit for how much it is possible to reduce the S’, once after that limit it 
would be impossible to decode S’ to the original space S and therefore the evaluation mechanism 
can no longer be applied. However one must not forget that with the increase of dimension of 
space S’ not only the approximation of S’ towards S will be better but also the computational 
effort will be bigger since the evaluation mechanism would have more variables to consider. So it 
is important to establish a balance between these two main decision factors. 

These experiments and the respective results and comments will be presented on Chapter 
4.2.2.5. 

 

 

Figure 4.2 - Autoencoder architecture with an input layer with 120 variables, an output layer with the same dimension 

to represent the original solution space dimension and a hidden layer with 60 variables to represent the solution space 

dimension S' 

 

The next step is to define the most efficient activation functions for the neurons in the middle 
layer and for the neurons of the output layer. The neuron activation function is the one responsible 
to weight how powerful the output (if any) should be from the neuron, based on the sum of the 
inputs. This activation function, as mentioned on Chapter 2.4.2, can be modelled by various types 



51 

 

of functions, some of the most commonly used are the threshold, sigmoid, Gaussian, linear and 
step wise but it can also be used the Elliot, the sin and cosh activation functions. 

The adopted activation function for all the neurons of the autoencoder except the neurons in 
the input layer is the symmetric sigmoid function illustrated in equation (4.2), since it has been 
shown to be the most suitable function to improve the performance for the autoencoder. 
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Where: 
* – Output of the respective neuron; 
� – Sum of all the input of the respective neuron, which correspond to the outputs from the 

neurons of the previous layer; 
Q – Steepness value of the activation function; 

The steepness of an activation function says something about how fast the activation function 
goes from the minimum to the maximum.  A high value for the activation function will also give a 
more aggressive training. One has opted by a steepness value of 0.5 in order to avoid a very 
aggressive training. 

The sigmoid activation function is one of the most used activation functions, being efficient 
on most of the applications for neural networks. For sigmoid units, the output varies continuously 
but not linearly as the input changes. Sigmoid units bear a greater resemblance to real neurons 
than do linear or threshold units, however all three must be considered rough approximations to a 
real neuron. 

Now focusing on the pattern of connections between the neurons of different layers and the 
respective propagation of data, there are two main distinct types of networks: the Feed-forward 
networks and the Recurrent networks or Feed-back networks. The last ones have connections 
between neurons contrarily to the normal direction of the data propagation throughout the 
network. The Autoencoder neural network is a Feed-forward network, where the data flow from 
the input to output neurons is strictly forward. The data processing extends over multiple units, 
but no feed-back connections from the outputs to inputs of neurons in the same layer or previous 
layers are considered. It has been shown (Hornik, Stinchcombe [22]) that only one layer of hidden 
units suffices to approximate many kind of functions, provided that the activation functions of the 
hidden layer neurons are non-linear. The process of establishing the connections between neurons 
is strictly an integrant part of the training procedure, where the training algorithm will define the 
connections to be considered in order to improve the performance of the neural network to 
perform the desired encode/decode procedure. A matrix with the connection structure for the 
created autoencoder is presented in an Annex to this thesis. 
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4.1.2.3. Autoencoder training procedure 

4.1.2.3.1. Pre-treatment of the input and output data sets 

Before the training of the autoencoder takes place, one must pre-treat the input and output 
train data set, transforming the range of the input and output values to a normalized interval of [-
1, 1]. This scale adjustment process, known as standardization procedure, increases the 
performance and efficiency of the autoencoder training, once it allows a better adjustment of the 
input variables to the range of the activation function, and also allows the neural network to be 
less affected by the different ranges of the variables in the training data set. 

There are three main methods to standardize the data: 

• Z-core method. 
• Decimal scaling method. 
• Min-Max method. 

The “Min-Max method” is the best standardization procedure when the minimum and 
maximum values of the data set are known. Therefore this is the method applied here to perform 
the standardization since that the minimum and maximum values of the variables that compose 
the input vectors can be easily obtained. 
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Where: 
*′ – Standardized value for the considered variable; 
* – Variable value in the original representation interval; 
;67W – Minimum value of the standardized range of values (-1); 
;K�W – Maximum value of the standardized range of values (1); 
;67- – Minimum value of the “original” range of values; 
;K�- – Maximum value of the “original” range of values; 

The values for the ;K�W and ;67Wparameters are 200000 and -2000 respectively. These 
values correspond to the maximum water that can be pumped into the reservoirs and to the 
maximum amount of wind energy considered to be available at each period of time for which the 
coordination plan is optimized, both for the base and extended cases to be simulated. 

4.1.2.3.2. Training algorithm 

With the purpose of training the autoencoder properly, an adaptive gradient-based algorithm 
called “Resilient Back-Propagation algorithm” was adopted, which belongs to the most widely 
used class of algorithms for supervised learning of neural networks. This learning algorithm is an 
update of the “Back-Propagation algorithm” that considers a fixed learning rate to determine how 
the weights should evolve. However, it is well known that this approach tends to be inefficient. 
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So in order to overcome the inherent difficulty of choosing the right learning rates, adaptive 
gradient-based algorithms were developed, like the “Resilient Back-Propagation algorithm”, 
which have individual step sizes by controlling the weight update for each weight in order to 
minimize oscillations and maximize the length of the step size. This way it becomes possible to 
speed-up the learning process and to easily avoid local optimums in the neural network training 
process. 

The “RPROP” algorithm [21] works in much the same way as the name suggests. After 
propagating an input through the autoencoder neural network, the error is calculated and then it is 
propagated back through the network while the weights are adjusted in order to make the error 
smaller. 

Another training particularity is that aiming for a more efficient way to minimize the mean 
square error for all the training data set the training on data is executed sequentially one input at a 
time, instead of training on the combined data. This provides a very efficient way of avoiding 
getting stuck in local minima. 

First the input is propagated through the ANN to the output, after which the error on a single 
output neuron can be calculated as: 

 
9X � 3X � *X                               (4.4) 
 

Where: 
9X – Error on the single neuron k; 
3X – Desired output for the neuron k; 
*X – Calculated output for the neuron k; 

This error value is then used to calculate the YX value, which is again used for adjusting the 
weights. The YX value is calculated by: 

 
YX � 9X � �′�*X�                            (4.5) 
 

Where: 
�′�*X� – Derived activation function for the given neuron; 

After being calculated the YX values, are calculated the YZ values for preceding layers. The YZ 
values are calculated from the YX values of this layer by the equation (4.6): 

 

∑
=

=
K

k
jkkjj wyg

0

)(' δδ                          (4.6) 

 
Where: 
$ – Total number of neurons in the layer; 
	ZX – Connection weight between the neurons j and k; 

Note that in the previous equation it is not considered the learning parameter. In fact, in this 
training algorithm a set of more advanced parameters provides a more qualified guess to how 
much the weight should be adjusted. 
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Using these δ values, are calculated the weight slopes according to the equation (4.7): 
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Where: 
/ – Batch error measurement defined as the sum of the mean square error for the entire training 

set; 
 
In order to update the weights, for each weight if: 
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Where: 
∆ZX – Step size between j and k; 
∆+�% – Minimum weight step to prevent the weight from becoming too small; 
∆+�% – Maximum weight step to prevent the weight from becoming too large; 

Finally if slope is negative then: 
 

)()1()( ttwtw jkjkjk ∆−−=                         (4.12) 

If slope is positive then: 

jk jk jkw (t ) w (t 1) ( t )= − + ∆                         (4.13) 
 
This process continues until a specified stopping criterion is reached. The stopping criterion 

that was used is the mean square error measurement of the training data while training the 
network for the training data set input values. When the mean square error value reaches a certain 
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pre-specified limit, the training is stopped. Moreover if the desirable value for the mean square 
error is never reached, the training can also be stopped by defining in the beginning of the training 
the maximum number of training epochs defined as the number of times that the all data set is 
applied to the inputs of the network. 

Figure 4.3 displays the mean square error evolution during the training procedure in order to 
adapt the autoencoder to the encoding and decoding process for future application into the feature 
reduction of the solution space dimension. 

 

 

Figure 4.3 - Mean square error evolution during the autoencoder training 
 

The pre-specified mean square error for which the training procedure should stop was defined 
as 0.07, since it was found (as expected) that for smaller values of MSE the autoencoder neural 
network loses its generalization character and therefore provides very poor performances when 
applied to the validation and test data sets. 

4.1.2.4. EPSO/Autoencoder optimization algorithm (implementation) 

The flow of the EPSO/Autoencoder algorithm for the optimization of the wind-hydro 
coordination operation plan is presented in figure 4.4. 

Figure 4.4 presents the procedures that correspond to the EPSO algorithm together with the 
autoencoder in order to reduce the solution space dimension for the creation, mutation and 
movement EPSO procedures and to decode the reduced space S’ back to the original solution 
space S, making it possible to execute the EPSO evaluation procedure with the original 
representation of the particles. Otherwise the evaluation process wouldn’t be capable of properly 
evaluating the solutions found, resulting on a failed optimization process. 

Most of the steps of the EPSO/NN flow are the same considered in the EPSO optimization 
algorithm mentioned in Chapter 3.1; however there are a few steps that deserve a special attention 
and a further explanation once they are specifically related with the introduction of an 
autoencoder in the this optimization process. 

These specific steps have introduced relevant changes in some procedures of the EPSO, 
aiming to produce an improvement of the efficiency both in the speed up of the optimum solution 
achievement as well in the needed computational effort in order to achieve any good solution. 
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Figure 4.4 - EPSO/NN flow for the given problem 

 

Given the importance of some stages or steps considered in this flow, some comments are 
made in order to make it more easily to understand how they were implemented and the purpose 
of those steps, being them: 

• Creation and training of the autoencoder; 
• Data gathering for min. and max. Limits of S’ (reduced space limits); 
• Decoding: S’ to S; 
• Particle swarm creation; 
• Original particles and replicas movement; 

The “Creation and training of the autoencoder” procedure was already detailed explained 
in Chapters 4.2.2.2 and 4.2.2.3, however one believes that it is important to underline that this 
procedure relies on the idea of creating and training an artificial neural network to be capable of 
reducing the number of variables to be optimized by the EPSO algorithm without losing the 
ability to properly represent in the reduced space the original particle containing the solution for 
the given problem. This will obviously affect the other EPSO procedures once they will be 
modified to operate under the reduced representation of S and to achieve the optimum solution in 
the original space S. 

The “Data gathering for minimum and maximum Limits of S’” procedure assumes a very 
important role in this optimization algorithm. Having in mind that both the EPSO particle swarm 
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creation and movement rules define the particle’s position respecting the minimum and maximum 
position values for each variable in the particle, one easily understands that by representing the 
space S by a reduced space S’, the minimum and maximum limits for each variable considered 
until now are not directly applicable to the variables in the reduced particle dimension. Without 
these limits the optimization process would decrease in efficiency and would require more 
computational effort once the search space wouldn’t have pre-defined boundaries, resulting in a 
much larger space to look for the optimum solution. 

The minimum and maximum limits for the original representation of the solution space are 
easily determined by analysing the physical limits for each component or variable. For example 
the maximum position value for a hydroelectric power plant for a given period corresponds to the 
maximum amount of water stored in the reservoir that can be used in the generation process, 
taking into account its own minimum storage level and the capacity available in the reservoir 
ahead to store the respective water inflow. However it is much difficult and almost impossible to 
mathematically determine those limits for the variables in the reduced space S’, since the 
chromosomes used in the optimization technique are no longer designed by the user but 
“engineered” by an intelligent process to better suit the optimization process, and one does not 
keep track of the mathematical encoding procedure. Therefore, to obtain these values, a 
modification was made to the artificial neural network code in order to be able to get the input 
values of each neuron in the hidden layer. This way, by applying to the input of the autoencoder 
all the training and testing data sets, one is able to obtain the values of the input that each neuron 
gets for each input vector/solution. When this process is over, all outputs of each neuron will be 
compared and a maximum and minimum value for each variable of the reduced space is achieved, 
once each neuron represents a variable in the reduced space. 

The interval achieved here for each variable position can only be validated if the data sets 
used in the training and testing procedures are representatives of the entire solution space. 
Therefore, to ensure that this fact won’t affect the achievement of the global optimum solution,   
the ranges of values that each variable position can assume have been increased a little bit. This 
way one ensures that by applying these limits to the reduced space variables one will avoid that 
the optimization procedure produces real solutions too far from the optimum solution region. 

The “Decoding: S’ to S procedure is responsible to decode the particles position in the 
reduced solution space back to the original solution space. This is one of the most important 
procedures implemented in this work because when one is optimizing, one needs to evaluate 
solutions during the process, and this is only possible if all variable values of the original space 
are known and therefore the actual value of the objective function can be calculated. The 
optimization procedure may evolve in the reduced space but objective function evaluation is 
performed in the original space thanks to the inverse decoding function 1f − , which is performed 
by the second half of the autoencoder neural network in this EPSO/NN optimization algorithm. 

The reduced solution space dimension decoding process takes place both in the Particles 
creation and Particles movement procedures for two main reasons: 

• The need to know all variable values of the original space in order to calculate the actual 
value of the objective function; 

• To correct the randomly attributed positions of the variables; 

The first reason, as already said, is determinant in the decision to adopt an autoencoder to 
perform the reduction in the space dimension. In fact there are some other methods that would 
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allow performing the same reduction, however those methods wouldn’t be able to perform the 
inverse process (decoding) needed to make it possible to evaluate the particles after they have 
been created or moved in the space solution. Note that this evaluation procedure is of the most 
important since it allows to determine the best position for each particle and the best global 
position ever achieved by any particle of the swarm, which then will be considered in future 
movements of the particles, as shown in equation (2.7). 

The second reason lies on the fact that the solution space is not always constant. The 
maximum and minimum value of each particle chromosome is not constant, as the superior and 
inferior position limits of a chromosome for a determine period (t) depend on the position value 
that the same chromosome has in a previous period (t-1). For example, if the reservoir “n” has a 
“v” volume of available water and in period (t) the volume suffers a variation of “-2v/3+v/3”, than 
in period (t+1) only a water volume of “2v/3” will only be available. This can be seen has a 
change or decrease of the maximum position value that the variable associated to the reservoir “n” 
in period (t+1). Therefore, some correction mechanisms were implemented to assure that the 
position values for each chromosome are within the solution space dimension. 

However, contrarily to what happens when optimizing with the original variables 
representation, this procedure cannot continuously update the superior and inferior limits of each 
particle position while creating them once. Contrarily to the “original” limits, the way that the 
limit values variations takes place within the reduced space are unknown and therefore impossible 
to update before the next chromosome is created. To overcome this drawback, one has 
implemented a correction mechanism that, after the positions for all the chromosomes are 
determined, it will progressively update the real limits and then corrects the position values that 
are out of the range. Only then the particle is submitted to the evaluation procedure. This 
mechanism is performed using the real limits for all the variables of the original space S, 
executing a continuous update of these same limits. 

Limit violations have shown in the experiments to be insignificant when compared to the 
number of variables in the reduced space S’, and with the progress of the optimization procedure 
they soon disappear. This mechanism has shown to be efficient and well capable of solving the 
limitations referred above, as it will be shown in the following chapter. 

The “Particle swarm creation” and the “Original particl es and replicas movement” 
procedures are much the same that the ones applied to the “original” Wind-Hydro coordination 
EPSO algorithm. However, instead of defining the particle position for 120 variables, will only be 
defined the particle position for the reduced space variables, taking into consideration the 
maximum and minimum limits for each variable determined in the “Data gathering for minimum 
and maximum Limits of S’” procedure, from which every particle will then be submitted to the 
“Decoding: S’ to S” and to the “evaluation procedure”. 

4.1.2.5. Worked examples in wind-hydro coordination (experimental results) 

As already said, one will use an autoencoder neural network to generate a reduced dimension 
search space S’. 

The experiments results that allow defending one’s thesis are given in the following section, 
where a complex problem of wind-hydro coordination that has been designed to serve as a test to 
the autoencoder hypothesis illustrates clearly the advantages of the scheme. 
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First one will present an initial experiment were an EPSO/Autoencoder is used to perform the 
optimization procedure in a solution space with half of its original dimension. 

In a second section, one will present some experiments where one tries to obtain the most 
desirable reduction for the reduced solution space S’, in order to minimize the loss of information 
due to the encoding of the original solution space S. 

In a third section, one will present a different approach of the EPSO/NN algorithm, named as 
“Hybrid EPSO/NN” optimization algorithm, which cancels the EPSO/NN deficiencies identified 
in the previous experiments. 

The final section describes the application of the Hybrid EPSO/NN method to a more 
complex problem in order to assure that the present algorithm continues to be much more efficient 
than the EPSO even for more complex problems, at least for this kind of optimization problems. 

4.1.2.5.1. EPSO/NN with a solution space dimension S’ of 60 variables 

In this experiment, an EPSO/NN algorithm was considered that optimizes the variables of a 
reduced solution space dimension with 60 variables. The final solution, as already explained, 
intends to be an optimized operation plan for the Wind-Hydro power system with an output vector 
that contains the information about all the 120 variables that define the coordination operation 
plan. Note that in this experiment, the training data set was obtained by executing a preliminary 
EPSO optimization algorithm once and selecting data mainly in the best region of the space, in 
order to obtain an uneven and biased of the space favourable to the algorithm. 

For the parameters associated to the EPSO algorithm, the optimized values determined in 
Chapter 3 were assumed, with the exception of the swarm size. Since that the main goal is to 
prove the clear advantages of using the EPSO/NN algorithm, by adopting a smaller swarm size 
than the most desirable swarm size one is able to get the results much faster. In all cases the 
swarm size was set for 20 particles, all weights were randomly initialized in the interval ]0,1], the 
stopping criterion was a fixed number of fitness function evaluations (20000), the learning rate 
was set to τ = 0.6 and the communication probability has in all cases been set to 0.7. 

 

 

Figure 4.5 - Average solution development towards the optimum performed by EPSO and by the merging of EPSO 
with autoencoder. 

The results shown in figure 4.5 are average results for both methods, having been each one 
executed 5 times, in order to provide results with reliability avoiding that they were affected by 
the probability of occurring a very good run or a very bad run. 



60 

 

In a first and shallow analysis of the results, one can conclude with no doubt that the adoption 
of an optimization in the reduced space S’ improves the convergence on the initial stages of the 
optimization, providing a big step forward for the solution space in the direction to the region 
where the optimum solution is. 

In fact, the EPSO/Autoencoder method when compared to the EPSO optimization algorithm, 
is able to provide an acceptable optimization plan for the Wind-Hydro coordination (with a fitness 
positive value, not penalized operation plan) around iteration 13 while EPSO algorithm is only 
able to get to a similar solution around iteration 838, as it is possible to observe in table 4.1. 

 
Table 4.1 - First acceptable solutions for both EPSO and EPSO/Autoencoder algorithms 

 
 

This solutions push towards the space region where the optimum is, results in a smaller 
computational effort needed when EPSO/Autoencoder is applied to the coordination problem. 
This can be easily understood if one imagines the following process: 

• First one must imagine a search space with dimension “n”, on which the optimization 
algorithm will start to look for the optimum solution, engineering an intelligent search 
process like the one executed by the EPSO algorithm. 
• Then, during the “search process”, the initial search space is continuously being reduced 
resulting in a much more local search. This can be analyzed by the decreasing movement 
velocity of each particle during the EPSO optimization procedure. 

So one can conclude that by pushing in the initial stages of the optimization procedure the 
particles towards the space region where the optimum is, the EPSO/NN algorithm reduces the 
search space much sooner than the EPSO, assuring this way the achievement of the optimum 
solution much faster than the EPSO. 

Table 4.2 shows the computational efforts, for both EPSO as well EPSO/Autoencoder, needed 
to obtain the same fitness solution, or in other words, the same profit obtained by the optimized 
Wind-Hydro system operation plan. 

 
Table 4.2 - Computational effort for both EPSO and EPSO/Autoencoder, for the same fitness value (1820) 

 
 

The computational effort values shown in the previous table are calculated as presented in 
equation (3.13), on Chapter 3.5 and represent the number of calls to the fitness evaluation routine. 
Once again note that the adopted computational effort equation does not consider the time taken 
to complete the optimization. This relies on the fact that the computational effort strongly depends 
on the number of iterations needed, since that the time taken in one iteration is almost the same 
for both methods, as it is shown in figures 3.12 and 3.13. 

As it is possible to observe by the results shown in table 4.2, by adopting the EPSO/NN 
optimization algorithm there has been an improvement of almost 16 times the computational 
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effort required by the EPSO. This is indubitably an important and significant step forward on 
improvement of solving large complex problems, usually associated to electric system problems, 
allowing both to get to a similar good solution within a smaller amount of time and computational 
effort, as well to get to a even better solution within the same time and same computational effort 
as the EPSO optimization algorithm. 

However, as it is shown in figure 4.5, the solution found after 20000 iterations lose when 
compared to the solution found by EPSO. In fact around iteration 8000 the EPSO/NN converges 
to a local solution and displays almost no further evolution. This results in an overtaking by the 
EPSO algorithm somewhere in the process providing a better solution after 20000 iterations, a 
solution with a fitness value of 2155. This loss in fitness precision by the EPSO/NN algorithm has 
its origin in the encoding process made by the first half of the autoencoder. When the solution 
space S is encoded to the reduced solution space S’ some information relative to the state of the 
Wind-Hydro system is lost, therefore when decoding the space S’ back to its original space S that 
same information is not correctly represented now in S, which makes it impossible, from a 
determined stage of the optimization process, to further improve the operation plan. This leads to 
an early convergence of the algorithm and to a solution that is near the global optimum but is not 
there yet. 

One possible solution to the early convergence by the algorithm may rely in the dimension of 
the solution space S’. So some additional experiments were made in order to establish the most 
desirable dimension reduction. The answer to this point is presented in the following chapter. 

4.1.2.5.2. EPSO/NN with different solution space dimensions S’ 

With the purpose of trying to get over this result precision drawback, one tried to train and 
apply autoencoders that considered different solution space reductions, in order to compare the 
behavior in the optimization process. Theoretically the increase of loss in information is 
proportional to the increase in the reduction of solution space dimension S. Moreover there will 
be a limit for how much it is possible to reduce the dimension of S’, as after that limit it would be 
impossible to adequately decode S’ to the original space S and therefore the evaluation 
mechanism can no longer be applied. However one must not forget that with the increase in 
dimension of space S’ not only the approximation of S’ towards S will be better but also the 
computational effort will be bigger since the evaluation mechanism would have more variables to 
consider and convergence is slower in higher dimension spaces. So it is important to establish a 
balance between these two main decision factors. 

Two additional experiments were made. One with an inner layer size of 30 neurons reducing 
this way the original space dimension S to a quarter, and one with an inner layer size of 90 
neurons performing a smaller reducing to the original space dimension S. Supported by the results 
of these experiments one expects to be able to determine the balance between the decoding 
performance and the algorithm computational effort. 

In all cases the swarm size was set for 20 particles, all weights were randomly initialized in 
the interval ]0,1], the stopping criterion was a fixed number of fitness function evaluations 
(20000), the learning rate was set to τ = 0.6 and the communication probability has in all cases 
been set to 0.7. 
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Table 4.3 - First acceptable solutions for different space S' dimensions 

 
 
 

 

Figure 4.6 - Average solution development towards the optimum performed by different sizes for solution space S’ 

 

Table 4.4 - Computational effort for autoencoders with different inner layer sizes, for the same fitness value (1820) 

 
 

As one can observe and analyze by the results shown in figure 4.6 and in table 4.3 and 4.4, 
with a smaller reduction of the original solution space dimension one is able to get a more precise 
result after a certain number of iterations, allowing to get a more profitable plan for the Wind-
Hydro coordination. However the optimization algorithm needs more time to get to an acceptable 
operation plan with a positive result (that hasn’t violated any constraints in the process) when 
compared to the dimension reduction of S’ = 60. In fact, in the initial steps of the optimization 
process the S’ = 60 autoencoder is more efficient in terms of computational effort in order to get 
to a pre-determine fitness value (fitness = 1820). 

Another conclusion that can be taken by analyzing the results is that the reduction of the 
original solution space to 30 variables can be interpreted as being already beyond the acceptable 
limit for reduction of the solution space dimension. In fact, the reduction from 120 system 
variables to 30 variables results in a significant information loss, which increases the error of the 
decoding part of the autoencoder. As shown by the results, this kind of reduction provides a less 
efficient optimization, resulting in a bigger computational effort and a solution too far from the 
optimum, when compared to the one provided by S’ = 60. 
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So the most desirable reduction would be around 60 variables (60 neurons in the hidden layer 
of the autoencoder). This conclusion is valid given a fixed architecture for the autoencoder. One 
may also state that, in order to achieve an acceptable reduction to the magnitude S’=30, one 
would have to use as autoencoder a more complex network with more intermediate layers, as 
referenced in [18]. 

However, in none of the experiments was one able to get the same precision of fitness result 
after 20000 iterations that the one provided by the EPSO, which allows one to conclude that, 
despite the EPSO/NN presents clear advantages of the scheme mainly from the computational 
effort point of view, the process is still leading to an early convergence instead of continuing until 
they reach the global optimum. 

However the approximation is good enough, near the optimal solution, assuring that the 
location of the optimum was undoubtedly found. So an efficient post-optimization search may be 
launched, back in space S, to achieve the optimal solution. 

The answer to this point is presented in the following chapter. 

4.2. Hybrid strategy – EPSO+NN/EPSO in the reduced space 

Taking into account the EPSO/NN drawbacks, a hybrid approach of the EPSO/Autoencoder 
was developed, which performs better than the simple EPSO algorithm on every aspect, for this 
kind of optimization problems. 

This hybrid strategy consists of the use of EPSO/Autoencoder at the initial stages of the 
optimization algorithm and, for the next stages, the neural network or autoencoder is turned off 
leaving only the evolutionary algorithm EPSO to progress in the original space S. 

This procedure allows the optimization process to speed up the convergence towards the 
optimum solution, since that the optimization in the reduced space S’ has been shown to give a 
push to the optimum solution region in the solution space for all the particles, and it also allows 
overcoming the early convergence deficiency. After finding the region where the optimum is, the 
EPSO, alone, will be responsible to tune up the result precision and to find the optimum in that 
region. 

In the following sections one presents the way that the hybrid strategy was implemented and 
also presents the results of such method. 

4.2.1. Hybrid EPSO/Autoencoder optimization algorithm (implementation) 

The flow of the EPSO/Autoencoder algorithm for the optimization of the wind-hydro 
coordination operation plan is presented in an Annex to this thesis. 

The flow chart in Annex I presents the procedures that correspond to the “Hybrid 
EPSO/Autoencoder” in order to reduce the solution space dimension for the creation, mutation 
and movement EPSO procedures and to decode the reduced space S’ back to the original solution 
space S, making it possible to execute the EPSO evaluation procedure with the original 
representation of the particles.  

Most of the steps of the “Hybrid EPSO/NN” flow are the same considered in the EPSO 
optimization algorithm and in the EPSO/NN optimization algorithm, mentioned in Chapter 3.1 
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and 4.2.2.4. However, there are a few steps that deserve a special attention and a further 
explanation once they are specifically related with the procedure of turning off the autoencoder 
and leaving only the EPSO to optimize in space S. 

These specific steps have introduced relevant changes in some procedures of the EPSO, 
aiming to improve the final solution precision and therefore avoiding an early convergence to 
local optima, as it has been shown to happen with the EPSO/NN algorithm. 

Given the importance of some stages or steps considered in this flow diagram, some 
comments are made in order to make it more easily to understand how they were implemented 
and the purpose of those steps, being them: 

• Update list of particles to space S dimension; 
• Turning off the Autoencoder; 
• Particle swarm creation and Original particles and replicas movement updated 
procedures; 

All the stages above only take place when all the particles or, at least the best ones, are within 
the solution space region where the optimal solution is. This is only possible due to the push that 
the algorithm applies to the particles towards the optimal region, when functioning with the 
reduced space S’. This way, following the first big push for all the particles towards the optimum 
region, the optimization process will switch back to an optimization in the original solution space 
dimension. The exact moment that the autoencoder is turned off is associated with the progression 
in the optimum direction, in other words, when the optimization procedure in the reduced space 
becomes less significant in terms of progression, showing a somewhat early process stagnation. 
So from this point on the process switch back to the original space, avoiding the undesirable early 
convergence to a value that is not the optimum solution. The optimization region where the 
optimization in a reduced space starts to stagnate is shown in figure 4.5, around iteration 200, 
however in this hybrid strategy, the optimization procedure will switch back to an optimization in 
the original solution space in iteration 250, following as already said the first big push for all the 
particles towards the optimum region. After that only EPSO will remain “active”: if, for the next 
stages, the algorithm continued optimizing in the reduced space, it would lead not to the finding 
of the optimum but to an undesirable early convergence. In this moment all the particles will be 
decoded by the second half of the autoencoder in order to allow the optimization process to 
continue its optimization process within the original solution space with all 120 variables that 
defines the real state and operation plan for the consider Wind-Hydro power system. 

The “Update list of particles to space S dimension” procedure is responsible not only to 
apply the second half of the autoencoder to decode all the particles to its original representation, 
but also for updating all particle information related to the optimization procedure: 

• Real dimension of the particle; 
• Actual space position of the particle in the original space S; 
• Best position ever occupied by the particle in the original space S representation; 
• Best global position ever occupied by any particle of the swarm in the original space S; 

Since the EPSO algorithm was performing under these parameters for the reduced space, in 
order for EPSO to proceed the optimization in the original space representation S, it is necessary 
that all the “parameters” are decoded back to the solution space S dimension. 
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The present procedure is implemented within the Particles Movement procedure, since this 
way it will be easily acceded when needed. 

The “Turning off of the Autoencoder” procedure takes place after the update of the list of 
particles and all the related parameters. From this point on, there is no need any more for the 
autoencoder neural network, since that the optimization algorithm will perform all the procedures 
upon the original solution space S. This procedure is important for two main reasons: avoid the 
use of the neural network and liberate the memory that was allocated to the neural network. 

First, when the neural network autoencoder is turned off, information is given to the 
optimization algorithm that, from now on, no encoding or decoding procedures will take place, 
reducing this way the time of executing the optimization procedure, as the optimization should 
evolve now within the original space S. 

Second, by cancelling the neural network, the memory allocated to the neural network is 
liberated, being from this moment on available to the EPSO algorithm if needed. 

The “Particle swarm creation and Original particles and replicas movement” procedures 
will be updated due to the modification of the dimension space upon which the optimization 
process is applied. Truthfully, this is a small difference from the Particle creation and movement 
procedures applied in the EPSO/NN algorithm, where an extra variable will inform the procedures 
whether or not to perform the decoding of the particle position supplied to them in order to 
progress to the “correction” and finally to the evaluation of particles. As already mentioned, in the 
Particles Movement procedure, the difference is a little bit more significant since is here that it 
was also implemented the “Update list of particles to space S dimension” procedure. 

4.2.2. Hybrid strategy – EPSO+NN/EPSO experimental results 

In this experiment, an EPSO/NN algorithm was considered, which optimizes the variables of 
a reduced solution space dimension with 60 variables. 

For the parameters associated to the EPSO algorithm, as the for the previous experiments, the 
optimized values determined in Chapter 3 were assumed, with the exception of the swarm size. 
As already explained, the main goal is to prove the clear advantages of using the EPSO/NN 
algorithm, so by adopting a smaller swarm size than the most desirable swarm size one is able to 
get the results much faster. In all cases the swarm size was set for 20 particles, all weights were 
randomly initialized in the interval ]0,1], the stopping criterion was a fixed number of fitness 
function evaluations (20000), the learning rate was set to τ = 0.6 and the communication 
probability has in all cases been set to 0.7. 

The results of the application of this method are shown in figure 4.7 and table 4.5. 
They are average results for both methods, having been each one executed 5 times, in order to 

provide results with reliability avoiding that they were affected by the probability of occurring a 
very good run or a very bad run for EPSO. 

 
Table 4.5 - Computational effort for both EPSO and the hybrid strategy EPSO + Autoencoder/EPSO, for the same 
fitness value (2000) 
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Figure 4.7 - Average solution development towards the optimum performed by EPSO, by the merging of EPSO with 

autoencoder and by the hybrid strategy EPSO+NN/EPSO 

As one can observe and analyze by the results shown in figure 4.7 and table 4.5, by adopting 
the hybrid strategy for the optimization of the Wind-Hydro operation plan with get the same 
benefits shown with EPSO/NN algorithm and more important the algorithm doesn’t get stuck in a 
local minimum avoiding an undesirable early convergence. 

In fact, as one can observe in figure 4.7, both EPSO as well the EPSO/NN haven’t even 
reached the same solution provided by the hybrid strategy after 20000 iterations. Moreover, when 
one makes the comparison between the initial pushes that both EPSO/NN and “Hybrid 
EPSO/NN” impels to the particles towards the optimal region, one can observe that the hybrid 
strategy is capable of performing a better and therefore more efficient approximation of the 
particles to the region where the global optimum should be found. 

Another important advantage shown by the hybrid strategy is that, by abandoning the 
optimization in the encoded solution space S’ and continuing the optimization procedure in the 
solution space dimension S, using an efficient post-optimization search performed by the 
evolutionary particle swarm optimization algorithm, an early convergence of the optimization 
method to a local optima is avoided. 

As it is possible to analyse from the results presented above, the hybrid strategy provides, in 
every step of the optimization, a better solution than the ones provided with both EPSO and 
EPSO/NN. This is the result of a speed up convergence towards the optimum, and can be a 
determinant factor for the applications resembling the optimization of electrical power systems. 

All the advantages mentioned above are in fact confirmed by the computational effort values 
presented for the two methods (EPSO and EPSO/Autoencoder hybrid strategy) shown in table 
4.5. When one makes the comparison of the computational effort for both EPSO as well for the 
hybrid EPSO/Autoencoder, in order to get to the same fitness value (2000), one sees that the 
computational effort for the EPSO algorithm has shown to be around 14 times the computational 
effort for the hybrid EPSO/Autoencoder algorithm. Note that the difference between both 
computational efforts seems to decrease when bigger fitness values are considered in order to 
calculate the computational effort. This results from the fact that when considering fitness values 
closer to the optimum region one is comparing two significantly different search procedures, and 
while the hybrid EPSO/Autoencoder is already near the optimum and just performing a local 
search, the EPSO is approaching to the region where the EPSO/NN is already searching. It is 
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possible to see by observing figure 4.7 that while the hybrid EPSO/NN method is already 
converging to a value (since that the fitness value doesn’t diverge too much from one iteration to 
another), the EPSO method is yet starting to approach to the same region. 

All the mentioned above clearly shows the advantages of such scheme. However, the real 
advantage of the method will only be evident if the task of training the autoencoder becomes 
much smaller than the additional iterations needed by the algorithm to perform the optimization in 
the original solution space dimension S. As shown by the experiments that were made for this 
work, the time taken to train the autoencoder is approximately 0.86 minutes (value obtained when 
training the network), this time added to the time needed by the hybrid strategy in order to get to 
the optimized solution is much smaller than the time that EPSO takes to get to the same solution, 
as shown in table 4.6.  

Moreover one must not forget that the autoencoder needs to be only trained once, therefore in 
future runs the autoencoder doesn’t need to be trained because it has been saved for future uses 
from the moment it has been created, and it is already prepared to encode and decode the solution 
space for the given problem. Only if one alters the system configuration (for example the number 
of reservoirs or the number of periods for the optimization), or in other words, if one alters the 
number of variables that characterize the problem or in this case the Wind-Hydro system, only in 
this case one need to train a new autoencoder for the new problem ahead. One can overcome this, 
by creating an autoencoder for each system that is to be optimized, avoiding this way the need to 
train an autoencoder each time one wants to optimize the operation of a determine number of 
power systems with different configurations.  

Therefore the training time must only be considered for the first time use, since for future uses 
the autoencoder is saved in the source of the program. 

 
Table 4.6 - Average time effort for 10 runs, performed by a Pentium M 1.6GHz with Windows Xp as the 
operating system 

 
 

Further comments must be done to the results shown in table 4.6. Those time average results 
were obtained by running each method 10 times in order to get on each run the fitness result of 
1850. So they do not reflect the time taken in order to achieve the optimum solution. Therefore if 
one takes into consideration the probable time taken to achieve the optimal solution, the time that 
takes to create and train an autoencoder will turn to be less and less significant, moreover when 
one only needs to create and train the neural network for the first time that the optimization 
algorithm is applied to a specific problem. 

4.3. Extended case with the Hybrid strategy – EPSO+NN/EPSO 

After being illustrated the hybrid EPSO/NN hypothesis and after being clearly showed the 



68 

 

advantages of the scheme, the question remains if this improvement introduced by this application 
happens only when applied to this type of problems with similar complexities. 

In order to get a partial answer for that question, a final experiment was made, where a similar 
Hydro-Wind coordination problem was defined but with the triple of complexity to test the 
robustness of the techniques in a larger problem than the base case. 

For this new problem the system configuration has been a little altered, considering now 12 
hydro reservoirs and 24 time periods (one year), which will result in a much complex 
optimization problem. 

 

 

Figure 4.8 - Configuration of the hydroelectric power system – numbers represent dams and their reservoirs and lines 

represent river flows 

For this “extended” Hydro-Wind coordination problem, the objective is still the same one 
detailed in Chapter 3.1, which is to derive an operation plan for the period of one year that 
maximizes the profit obtained with the exploration of the system throughout 24 time periods with 
different buying and selling energy prices. 

All numerical data related to the cases studied are included in an Annex to this thesis. 

4.3.1. Extended case experimental results 

For this experiment, an autoencoder was created and trained to perform a reduction of 
solution space dimension from 336 variables to 168 variables (half the size of the original solution 
space dimension). The procedures to create and implement the autoencoder were the same 
explained in the previous chapters of this thesis, since that the character of this experiment is to 
prove that the hybrid EPSO/NN can successfully be applied to more complex problems without 
any kind of drawbacks.  



69 

 

For the parameters associated to the EPSO algorithm were assumed, as the for the previous 
experiments, the optimized values determined in Chapter 3, with the exception of the swarm size 
since that, as already explained, the main goal is to prove the clear advantages of using the 
EPSO/NN algorithm, so by adopting a smaller swarm size than the most desirable swarm size one 
is able to get the results much faster. In all cases the swarm size was set for 20 particles, all 
weights were randomly initialized in the interval ]0,1], the stopping criterion was a fixed number 
of fitness function evaluations (20000), the learning rate was set to τ = 0.6 and the communication 
probability has in all cases been set to 0.7. 

The results from this experiment are shown in figure 4.9 and table 4.7. 
 

 

Figure 4.9 - Average solution development towards the optimum performed by EPSO, by the merging of EPSO with 

autoencoder and by the hybrid strategy EPSO+NN/EPSO for the extended case 

 

Table 4.7 - First acceptable solutions for both EPSO and hybrid EPSO/Autoencoder methods 

 
 
 

Table 4.8 - Computational effort for both EPSO and the hybrid EPSO/Autoencoder, for the fitness value reached by 
EPSO after 20000 iterations, 6720 

 

As one can conclude by the shown results, the hybrid strategy responds well to bigger 
dimension problems. In fact this hybrid strategy showed a much more satisfactory performance 
when applied to this bigger dimension problem, reaching solutions of quality that the simple 
EPSO could not find in 20000 fitness evaluations. The hybrid strategy required about 6 times less 
computational effort than the EPSO optimization algorithm, as shown in table 4.8. However, 
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figure 4.9 seems to suggest that the EPSO, by itself, will require an extremely long time before 
reaching solutions of the same quality as the hybrid method. 

The difficulties generated by an increase in dimension became clear in the optimization 
process made by EPSO but, when applied the same problem to the hybrid EPSO/Autoencoder, 
this increase in dimension seems to have insignificant reflexes on the performance and 
convergence towards the optimum operation plan – it looks like the efficiency difference between 
the two methods has increased. This conclusion is due to the fact that for the “original” dimension 
problem, the hybrid strategy gets the same fitness value that the EPSO achieves after the 20000 
iterations around iteration 8000 (less 12000 iterations per average, figure 4.7). However, for this 
extended case, the hybrid strategy gets the same fitness value that the EPSO achieves after the 
20000 iterations around iteration 4000 (less 16000 iterations per average, figure 4.9). 

Moreover, the hybrid strategy still provides an acceptable solution much sooner than the 
simple EPSO, as expected. As a fact, the increase in number of iterations in order to provide an 
acceptable solution was not significant when compared with the study base case, however the 
EPSO has shown to need almost 3 times the number of iterations to provide an acceptable 
solution.  

At least for this kind of optimization problems, the original idea upon which the hybrid 
strategy was developed, has been successfully applied, showing to be a very efficient cleverer 
strategy with clearly advantages upon other optimization schemes, becoming an important 
improvement to the optimization tools. 

4.4. Hybrid EPSO+NN/EPSO with continuous “autoencoder” training 

In this section, one will present a hybrid EPSO/Autoencoder applied to the same optimization 
problem detailed before, the Wind-Hydro coordination operating plan. The hybrid 
EPSO/Autoencoder optimization algorithm relies on the same structural and conceptual 
definitions as the hybrid strategy presented in previous chapters. However there are some 
important differences mainly in the training process and implementation of such strategy. Having 
said this, one believes to be important to do a brief explanation of the main differences between 
the “Hybrid EPSO/Autoencoder” and the “Hybrid EPSO/Autoencoder with continuous 
autoencoder training”. 

The data acquisition process to train and test the autoencoder neural network holds the 
main and most significant difference between both hybrid strategies implementation exposed in 
this thesis. Contrarily to the data acquisition process for the hybrid strategy presented in the 
previous chapters, where in order to obtain data  the Wind-Hydro coordination EPSO algorithm 
was run once in the beginning, saving the position vectors of the 20 best particles in the swarm 
every “n” number of iterations, for this “Hybrid EPSO/Autoencoder with continuous autoencoder 
training” the training data set is acquired in the first 50 iterations of the hybrid strategy algorithm, 
collecting in every iteration the all the solutions represented by the particles in the EPSO swarm. 
In order to train the autoencoder properly one needs to have at least 1000 possible solutions, in 
order to be capable of representing as well as possible the solution space, having this way a set of 
training data that allows the autoencoder to learn correctly the space that it is supposed to encode 
and represent. Note that in these experiments a swarm size of 20 particles was considered, so if 
one considers a bigger swarm size, one can choose to gather a bigger amount of data to train the 
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neural network or to collect the same 1000 solutions in a smaller number of iterations, which will 
result in a faster process. 

As the results will show, it is obvious that the first data acquisition process is capable of 
representing in a more suitable way the solution space, since it has more amount of data and on 
the other hand it is composed by far better solutions provided by the latter stages of the EPSO 
optimization procedure. However a learning process based on the data set acquired in the first 
steps of the optimization procedure is also capable a representing the solutions space, in order to 
allow the autoencoder to learn the encoding/decoding procedure with sufficient approximation 
and to acquire in some way enough information to usefully guide the evolution of the swarm 
across the solution space towards the optimum. 

The Autoencoder neural network architecture structure and definitions, the 
Autoencoder training procedure and the pre-treatment of the inputs and outputs data sets 
haven’t suffered any kind of alteration in the process, due to the fact that the conceptual idea 
behind the autoencoder remain the same, therefore the structure adopted for the neural network 
must remain unchanged. The autoencoder training algorithm has continued to show that it is the 
most suitable for this kind of input and output data. 

In the “Hybrid EPSO/Autoencoder with continuous autoencoder training” optimization 
algorithm implementation lies another significant difference between both the hybrid strategies 
implementation exposed in this thesis. 

The flow chart of the new variant of the EPSO/Autoencoder algorithm for the optimization of 
the wind-hydro coordination operation plan is presented in an Annex to this thesis. 

In the flow chart illustrated in Annex II, the procedures that correspond to the “Hybrid 
EPSO/Autoencoder with continuous autoencoder training” are presented, in order to reduce the 
solution space dimension for the creation, mutation and movement EPSO procedures and to 
decode the reduced space S’ back to the original solution space S, making it possible to execute 
the EPSO evaluation procedure with the original representation of the particles.  

Most of the steps of the “Hybrid EPSO/NN” flow are the same considered in the EPSO 
optimization algorithm and in the EPSO/NN optimization algorithm, mentioned in Chapter 3.1 
and 4.2.2.4, however there are a few steps that deserve a special attention and a further 
explanation once they are specifically related with the procedure of turning on and off the 
autoencoder and leaving only the EPSO to optimize in space S. 

As already mentioned, the main difference is due to the different approach to train and 
introduce the autoencoder in the optimization procedure. Now the data set to train the neural 
network is not acquired by a previous EPSO run but by the first iterations of the optimization 
procedure. Some of the most important steps that need a more detailed explanation are: 

• When one starts the optimization algorithm, the EPSO optimization algorithm will be 
executed without the autoencoder for the number of iterations needed to gather 1000 
solutions (50 iterations when considered 20 particles in the swarm); 

• Having know the required data set to train the autoencoder, the training procedure will 
take place, after which the autoencoder will be applied to the EPSO continuing the 
optimization process now in a reduced solution space S’; 

• After the boost applied to the solutions towards the optimum region due to the application 
of the trained autoencoder, it will be turned off, continuing the optimization with the 
EPSO alone in order to tune up the final solution by executing a more local search for the 
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optimum solution. However, due mainly to the worst training data set quality used in this 
strategy, the exact moment when the autoencoder is turned off is in iteration 450; 

All the other related procedures are applied and executed in the same way already detailed in 
previous chapters. 

4.4.1. Experimental results 

In this experiment, an EPSO/NN algorithm was considered that optimizes the variables of a 
reduced solution space dimension with 60 variables. 

For the parameters associated to the EPSO algorithm, as the for the previous experiments, the 
optimized values determined in Chapter 3 were assumed, with the exception of the swarm size 
since that, as already explained, the main goal is to prove the clear advantages of using the 
EPSO/NN algorithm. So by adopting a smaller swarm size than the most desirable swarm size one 
is able to get the results much faster. In all cases the swarm size was set for 20 particles, all 
weights were randomly initialized in the interval ]0,1], the stopping criterion was a fixed number 
of fitness function evaluations (20000), the learning rate was set to τ = 0.6 and the communication 
probability has in all cases been set to 0.7. 

The results of the application of this method are shown in figure 4.10 and table 4.9. 
They are average results for both methods, having been each one executed 5 times, in order to 

provide results with reliability avoiding that they were affected by the probability of occurring a 
very good run or a very bad run for EPSO. 

 

 

Figure 4.10 - Average solution development towards the optimum performed by EPSO and by the hybrid strategy 
EPSO+NN/EPSO with the continuous “autoencoder” training, for the original Wind-Hydro coordination case 
 

Table 4.9 - Computational effort for both EPSO and the hybrid strategy EPSO + Autoencoder/EPSO, for the same 
fitness value (2000) 
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As one can observe and analyze by the results shown in figure 4.10 and table 4.9, by adopting 
the hybrid strategy for the optimization of the Wind-Hydro operation plan one gets almost the 
same benefits shown with the previous hybrid EPSO/NN algorithm. More importantly, the 
algorithm doesn’t get stuck in a local minimum avoiding an undesirable early convergence. 

In fact, as one can observe in figure 4.10, EPSO hasn’t even reached the same solution 
provided by the hybrid strategy after 20000 iterations. Moreover, when one makes the comparison 
between the initial pushes that both EPSO/NN and “Hybrid EPSO/NN” apply to the particles 
towards the optimal region, one can observe that the hybrid strategy is capable of performing a 
better and therefore more efficient approximation of the particles to the region where the global 
optimum should be found. 

Another important advantage shown by the hybrid strategy is that, by abandoning the 
optimization in the encoded solution space S’ and continuing the optimization procedure in the 
solution space dimension S, using an efficient post-optimization search performed by the 
evolutionary particle swarm optimization algorithm, an early convergence  of the optimization 
method to a local optima is avoided. 

As it is possible to analyse from the results presented above, the hybrid strategy provides, in 
every step of the optimization, a better solution than the ones provided with both EPSO. This is 
the result of a speed up convergence towards the optimum, and can be a determinant factor for the 
applications resembling the optimization of electrical power systems. 

All the advantages mentioned above are in fact confirmed by the computational effort values 
presented for the two methods (EPSO and EPSO/Autoencoder hybrid strategy) shown in table 
4.9. When one makes the comparison of the computational effort for both EPSO as well for the 
hybrid EPSO/Autoencoder, in order to get to the same fitness value (2000), one sees that the 
computational effort for the EPSO algorithm has showed to be around 7 times the computational 
effort for the hybrid EPSO/Autoencoder algorithm. Note that the difference between both 
computational efforts seems to decrease when bigger fitness values are considered in order to 
calculate the computational effort. It is possible to see by observing figure 4.10 that while the 
hybrid EPSO/NN method is already converging to a value (since that the fitness value doesn’t 
diverge too much from one iteration to another), the EPSO method is yet starting to approach to 
the same region. 

When compared to the previous presented hybrid strategy, the present hybrid method provides 
a somewhat bigger computational effort and the first acceptable solution is provided a little bit 
latter. This is due to the type of solutions adopted to train the autoencoder, once that now the 
neural network is trained with the solutions provided by the first iterations of the EPSO algorithm. 
However, as it is possible to observe in figure 4.10, the boost applied to the particles by the 
autoencoder puts all the solutions out of local minima so that the EPSO can easily perform the 
optimization with less risk of getting stuck, resulting in a catch up by this algorithm with the 
previous hybrid strategy after around 2200 iterations. 

After having illustrated the “Hybrid EPSO/Autoencoder with continuous autoencoder 
training” hypothesis and after having clearly shown that the advantages of the scheme remain 
untouched, one has applied this strategy to the same optimization problem presented in Chapter 
4.3 in order to show that it works as well as for the wind-hydro coordination problem solved in 
this section. 

For this experiment, an autoencoder was created and trained to perform a reduction of 
solution space dimension from 336 variables to 168 variables (half the size of the original solution 
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space dimension). The procedures to create and implement the autoencoder were the same 
explained above, since that the character of this experiment is to prove that the “Hybrid 
EPSO/Autoencoder with continuous autoencoder training” can successfully be applied to more 
complex problems without any kind of drawbacks.  

For the parameters associated to the EPSO algorithm were assumed, as the for the previous 
experiments, the optimized values determined in Chapter 3, with the exception of the swarm size 
since that, as already explained, the main goal is to prove the clear advantages of using the 
EPSO/NN algorithm, so by adopting a smaller swarm size than the most desirable swarm size one 
is able to get the results much faster. In all cases the swarm size was set for 20 particles, all 
weights were randomly initialized in the interval ]0,1], the stopping criterion was a fixed number 
of fitness function evaluations (20000), the learning rate was set to τ = 0.6 and the communication 
probability has in all cases been set to 0.7. 

The results from this experiment are shown in figure 4.11 and table 4.10. 
 

 

Figure 4.11 - Average solution development towards the optimum performed by EPSO and by the hybrid strategy 
EPSO+NN/EPSO with the continuous “autoencoder” training, for the extended Wind-Hydro coordination case 

 

Table 4.10 - First acceptable solutions for both EPSO and hybrid EPSO/Autoencoder methods 

 
 

Table 4.11 - Computational effort for both EPSO and the hybrid EPSO/Autoencoder, for the fitness value reached by 
EPSO after 20000 iterations 

 

As one can conclude by the showed results, the hybrid strategy responds well to bigger 
dimension problems, as shown in table 4.11. 

The increase in dimension became clear both in the optimization process made by EPSO, as 
well when applied the same problem to the hybrid EPSO/Autoencoder, however this increase in 
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dimension seems to have insignificant reflexes on the achievement and convergence towards the 
optimum operation plan, being the efficiency difference between the two methods increased. 

 One believes the difference in efficiency between those to optimization tools to be reflected 
in an increasing way, since for bigger dimension problems the gap in efficiency increases. This 
conclusion is due to the fact that for the “original” dimension problem, the hybrid strategy gets 
the same fitness value that the EPSO achieves after the 20000 iterations around iteration 8000 
(less 12000 iterations per average, figure 4.10). However, for this extended case, the hybrid 
strategy gets the same fitness value that the EPSO achieves after the 20000 iterations around 
iteration 2500 (less 17500 iterations per average, figure 4.1). 

At least for this kind of optimization problems, the original idea upon which the hybrid 
strategy was developed has been successfully applied, even when the autoencoder is trained with 
the first solutions given by the EPSO at the beginning of the optimization procedure, showing to 
be a very efficient cleverer strategy with clear advantages upon other optimization schemes, 
becoming an important improvement to the optimization tools. 

 
This “improved” method as shown to be as much efficient as the previous presented hybrid 

strategy, having also the advantage that it does not need an early EPSO run in order to obtain the 
training data set. This results in a much faster process to obtain the optimized operation plan for 
the wind-hydro coordination system. 

 

  



76 

 

  



77 

 

 

CHAPTER 5 

CONCLUSION 

5.1. Developed strategy 

As already mentioned, this thesis intends to develop and present cleverer strategies to solve 
large complex optimization problems in a more efficient and principally fast manner obtaining the 
same optimum results. One must not forget that problems related to electric power systems 
(problems associated to the field of electrical engineering, in particular to the energy major) are 
usually characterized as high dimension systems with a wide technical and management 
complexity due to the large number of variables that defines the technical and physical system 
constrains. 

Problems with a large number of variables when treated with METAHEURISTICS such as 
evolutionary or particle swarm algorithms [7] have proven to display some drawbacks, namely 
being demanding in terms of computing effort and difficult in converging to an optimal solution, 
originating a performance of metaheuristics below what would be desirable in practice. 

In this thesis, as shown, a way to overcome these drawbacks is presented by applying an 
“AUTOENCODER” neural network to the EPSO to perform a feature reduction of the real 
solution space dimension into a much smaller dimension, resulting in a less complex space for the 
EPSO to perform its tasks and achieve the optimum solution for the real problem in hands. By 
using an “autoencoder” one is able to reduce the number of variables that defines a given 
problem, determining some kind of codification of the original solution space, reducing this way 
the number of “parameters” that the EPSO will have to move and mutate in order to progress 
towards the optimum. The “autoencoder” has proven to be capable of performing the 
encoding/decoding procedure for this kind of problems, allowing one to obtain, in a first analysis, 
two main advantages: 

• By encoding the original solution space, the number of variables that are submitted to the 
EPSO procedures is significantly reduced, resulting in a much smaller computational 
effort needed by the metaheuristics algorithm to progress towards the optimum, once that 
the internal processes are applied to a relatively smaller particle dimension; 

• By being able to decode the solution space dimension S’ back to the original solution 
space dimension, contrarily to other methods capable of performing only the encoding 
procedure (PCA for example), the “autoencoder” neural network allows the algorithm to 
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transpose all the modifications made to a previous solution in the encoded space to the 
original solution representation, allowing this way the optimization algorithm to calculate 
the exact value of the solution in the evaluation procedure. 

As it has been explained in Chapter 4.1.2.1, to train properly the autoencoder one uses a set of 
solutions or particles provided by the EPSO algorithm. Therefore one is training the neural 
network not only to recognize the representation of the solution space, but also some information 
related to the optimization process is considered in the training process, once that training data set 
is organized sequentially from the worst solutions to the best ones. This way, when a properly 
trained autoencoder is applied to the optimization process, is achieved two main advantages: 

• The EPSO/NN optimization process is able to provide an acceptable optimization plan for 
the Wind-Hydro coordination (with a fitness positive value, not penalized operation plan) 
much sooner that the EPSO optimization algorithm; 

• The EPSO when optimizing in a reduced space is able to apply a boost to the optimization 
procedure, in other words, it applies a push over for all the particles or solutions towards 
the space region where the optimum is; 

Therefore, one can conclude with no doubt that the adoption of an optimization in the reduced 
space S’ improves the convergence on the initial stages of the optimization, providing a big step 
forward for the solution space in the direction to the region where the optimum solution is, 
resulting in a smaller computational effort needed when EPSO/Autoencoder is applied to the 
coordination problem. 

However, as it was shown by the results of the two strategies developed, “EPSO/NN” and the 
“Hybrid EPSO/NN”, the EPSO/NN strategy converges to a local solution (an optimum in S’), 
from which it can’t break free resulting in being overtaken by the EPSO algorithm somewhere in 
the process, which provides a better solution after 20000 iterations. This loss in fitness precision 
by the EPSO/NN algorithm has its origin in the encoding process made by the first half of the 
autoencoder and in the loss of information associated to the process. When the solution space S is 
encoded to the reduced solution space S’, some information relative to the state of the Wind-
Hydro system is lost, therefore when decoding the space S’ back to its original space S that same 
information is not correctly represented now in S what makes it impossible, from a determine 
stage of the optimization process, to improve the operation plan, leading to an early convergence 
of the algorithm and to a solution that is near the global optimum but is not there yet. 

So, one concludes that the optimization in a reduced space isn’t capable by itself of providing 
the optimum result. It’s true that this strategy reveals significant advantages in the initial stages of 
the optimization procedure, but mainly because of the information losses in the encoding and 
decoding process, it isn’t capable of achieving the optimum solution.  

In order to overcome this drawback, the “Hybrid EPSO/Autoencoder” strategy was 
developed, which applies the EPSO/NN strategy in the initial stages of the optimization process 
and, after the boost has been applied to all the solutions and the location of the optimum has been 
found, launches an efficient post-optimization search back in space S. When one makes the 
comparison between the initial pushes that both EPSO/NN and “Hybrid EPSO/NN” pushes to the 
particles towards the optimal region, one can observe that the hybrid strategy is capable of 
performing a better and therefore more efficient approximation of the particles to the region 
where the global optimum should be found. 
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Another important advantage shown by the hybrid strategy is that, by abandoning the 
optimization in the encoded solution space S’ and continuing the optimization procedure in the 
solution space dimension S, using an efficient post-optimization search performed by the 
evolutionary particle swarm optimization algorithm, an early convergence of the optimization 
method to a local optima is avoided. In fact, all these advantages can be confirmed by the 
computational effort values presented for the two methods (EPSO and EPSO/Autoencoder hybrid 
strategy). This is the result of a speed up convergence towards the optimum, and can be a 
determinant factor for the applications resembling the optimization of electrical power systems. 

5.1.1. Importance of the “autoencoder” training data set 

One of the most important conclusions that one must take from the developed work is related 
to the importance of the autoencoder training data set. Two types of training data set were 
considered in order to determine how it would affect the performance of the autoencoder in the 
process and mainly the performance of the hybrid optimization algorithm. The “simple” Hybrid 
EPSO/NN strategy considers an autoencoder trained with a data set that contains the solutions 
provided by a previous run of the EPSO optimization algorithm. On the other hand, the “Hybrid 
EPSO/Autoencoder with continuous autoencoder training” considers an autoencoder trained with 
a data set that contains the solutions provided by the first 50 iterations of the EPSO optimization 
algorithm, from which the hybrid strategy will take over the optimization procedure. When 
comparing both strategies, the “Hybrid EPSO/Autoencoder with continuous autoencoder training” 
provides a bigger computational effort and the first acceptable solution is provided a little bit 
latter. This is due to the type of solutions adopted to train the autoencoder, once that now the 
neural network is trained with the solutions provided by the first iterations of the EPSO algorithm. 
However, as it is possible to conclude by the shown experimental results, the boost applied to the 
particles by the autoencoder process puts all the solutions within or near the optimal region so that 
the EPSO can easily perform the optimization with less risk of getting stuck in local minima, 
resulting in a catch up by this algorithm with the previous hybrid strategy after around 2200 
iterations. So it is easily concluded that by adopting a better data set, with a biased representation 
of the solution space, the autoencoder is able to more easily represent accurately solutions closer 
to the optimum, resulting in a bigger and earlier boost or push over to the particles towards the 
optimum region in the initial stages of the optimization procedure. However it was clearly shown 
that by adopting a worst data set, with limited capability to represent the solution space (as the 
one used to train the autoencoder in the “Hybrid EPSO/Autoencoder with continuous autoencoder 
training”), all the advantages of the scheme mentioned above remain untouched. It is shown that 
one of the most important steps is to determine the desired balance between the data set capability 
to represent the solution space and the improvement that it will produce in the performance of the 
optimization procedure, once that to obtain better training data sets one needs to consider the 
execution of the EPSO algorithm for a bigger number of iterations, resulting in a much slower and 
less efficient optimization process. Note that by adopting a less representative training data set 
one gains the advantage of not needing an early EPSO run in order to obtain the training data set, 
resulting in a much faster process to obtain the optimized operation plan for the wind-hydro 
coordination system or any other optimization problem. 

 



80 

 

5.1.2. Robustness of the scheme for more complex problems 

The question that remains is if this improvement introduced by this application happens only 
when applied to this type of problems with similar complexities, or if it still shows the same 
advantages when applied to this type of problems but with a larger complex character. In order to 
answer this particular question, one has applied this hybrid strategy to a similar Hydro-Wind 
coordination problem but with the triple of complexity to test the robustness of the techniques in a 
larger problem than the base case. The increase in dimension became clear both in the 
optimization process made by EPSO, as well when applied the same problem to the hybrid 
EPSO/Autoencoder, however this increase in dimension seems to have insignificant reflexes on 
the achievement and convergence towards the optimum operation plan, being the efficiency 
difference between the two methods increased. 

 One believes the difference in efficiency between those to optimization tools to be reflected 
in an increasing way. So one can conclude with certain that at least for this kind of optimization 
problems, the original idea upon which was developed the hybrid strategy has been successfully 
applied, even when the autoencoder is trained with the first solutions given by the EPSO at the 
beginning of the optimization procedure, showing to be a very efficient cleverer strategy with 
clearly advantages upon other optimization schemes, becoming an important improvement to the 
optimization tools. 

One strongly believes that this thesis clearly presents an original application for the 
autoencoders, performing a reduction of the dimension of the search space, with a notorious 
beneficial effect in the performance of the optimization algorithm, showing the undoubtedly 
clearly advantages of such scheme. 

5.2. Future studies and developments 

One of the first future studies than can be made to the presented hybrid strategy, and that has 
already been made a previous introduction in this work, is related to the evaluation procedure. 
The evaluation procedure is the one that “consumes” the bigger amount of time in each iteration 
of the optimization process. So in order to speed up the optimization one could implement an 
extra variable added to the encoded solution, containing an approximated value of the actual 
fitness for the solution represented in the reduced space. This way, the evaluation procedure 
needed by the EPSO in order to progress towards the optimum would not be necessary to execute 
when the algorithm was optimizing in the reduced space, once that the fitness value would be 
provided by the autoencoder after the mutation and movement procedures applied to the particle 
by the EPSO. The differences in implementation would be only in the training, since this way for 
each solution it would need to be considered also an extra variable with the respective fitness 
value, and in the number of neurons in the input a output layers of the autoencoder, since it would 
be necessary to consider an extra neuron responsible to provide the fitness value. However in the 
experiments already made considering this idea, when the autoencoder was turned off, the 
optimization algorithm has revealed to have some reluctance to continuing to progress to the 
optimum. This fact is due to the poor capability of the autoencoder to perform an accurately 
approximation of the fitness value for a given encoded solution. So when the EPSO starts 
optimizing back in the original solution space dimension, it meets with a solutions swarm that 
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doesn’t correspond to the fitness values achieved so far, in other words, the all optimization 
process was mislead by the fitness value provided by the autoencoder.  

One way to solve this drawback, and therefore one of the future developments that should be 
made, is to apply different weights for this extra variable and to apply a specific training of the 
autoencoder to perform a better approximation of the fitness value of an encoded solution, 
achieving here an improvement in terms of time needed to perform the optimization, once it 
would be able to avoid the evaluation procedure without losing efficiency and precision of results. 

Another important future study that could be able to improve even more the advantages of the 
presented scheme is the improvement of the training of the autoencoder. By adapting the training 
procedure shown in [18], one could possibly obtain a better trained autoencoder, capable of 
performing a more accurately encoding/decoding procedure. So, one possible future work would 
be to apply a pre-training procedure, maybe using a “restricted Boltzmann machine”, in order to 
optimize the initial weights of the autoencoder allowing a far better training procedure, resulting 
in an even more efficient autoencoder. This way one would be able to avoid more easily poor 
local minima in the autoencoder training and, most important, one would be able to reduce even 
more the solution space dimension S’, increasing this way the efficiency of the global 
optimization procedure. 

Finally, as already mentioned, the focus of this work is not a detailed modelling of the Wind-
Hydro coordination but the development of cleverer strategies to solve large complex problems, 
taking a simplified Wind-Hydro coordination model as an example, so in order to apply the 
hybrid strategy developed here to a real problem, one needs to develop further the problem 
implementation, considering all the constrains of a given problem. One possible future 
development would be the application of this cleverer strategy to a real problem, with all its 
complexity. 
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ANNEX I –  Hybrid EPSO/NN flow 
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ANNEX II –  “Hybrid EPSO/NN with continuous training” flow 
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ANNEX III –  Wind-Hydro power system real limits and initial simulation 
values 

 
Table A3. 1 - Initial parameters for each hydroelectric power plant 

 
 

 
Table A3. 2 - Available water volume for each reservoir in the first period 

 
 

 
Table A3. 3 - Natural river inflows for each reservoir in each period of time 
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Table A3. 4 - Wind energy generation prediction for each period of time and the corresponding type of period 

 
 

In table A3.4, are defined the type of period of each period of time for which the optimization 
procedure will obtain the optimized operation plan. For that, were adopted the values 1 and 0, 
which pretends to characterize the time periods by “peak period” (1) and “off-peak period” (0) 
respectively. The available wind energy values are based in a prediction of wind for each period 
of time, which accordingly to the wind generator will result in an approximately wind energy 
generation for each period. 

 
 

Table A3. 5 - Energy prices 

 
 

In table A3.5 are presented the energy prices accordingly to the type of period. These are non-
dimensional values, adopted only to strongly influence the optimum operation strategy in each 
separate time period. 
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ANNEX IV –  Wind-Hydro power system optimized operation plan 
(solution provided by the hybrid EPSO/Autoencoder) 

 
By simulating the Wind-Hydro coordination problem with the hybrid EPSO/Autoencoder 

optimization algorithm, one has been able to obtain optimized operation plan presented in figures 
A4.1 and A4.2, and in table A4.1, for the Wind-Hydro power system presented in Chapter 3 and 
in the previous A3 annex. 

 
Table A4. 1 - Wind-Hydro power system operation plan 

 
 

The negative values represent that in that time period one should adopt the pumping mode for 
the given reservoir. 

 

 

Figure A4. 1 - Wind-Hydro power system operation plan 
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Figure A4. 2 - Wind park optimized operation plan 

 

 

Figure A4. 3 - Available water volume in each reservoir for each time period 

 

Table A4. 2 - Available water volume in each reservoir for each time period 
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Table A4. 3 - Available water volume in percentage 

 
 

This power system operation plan has a fitness value of 2338. As one is able to see, the 
optimization algorithm provides a detailed operation plan for both the Hydro power system, as 
well for the Wind power system, individually for each Wind and Hydro power plant. The 
available water volume for each reservoir is also given by the program, allowing analysing if any 
kind of violations occur, due to excess of water volume or lack of it in the reservoirs. 
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ANNEX V – Submitted paper to publication in IEEE transactions 

 
As a result of the advantages achieved by the developed strategy in this work, it was decided 

to write a paper where the main achievements and ideas of such strategy are presented.  In this 
annex, one will do a brief and general presentation of the main topics that are focused in the 
referred paper. However it is important to underline that this paper is, at the moment, confidential, 
having been submitted for future publication in IEEE Transactions. Therefore only the first page 
is reproduced below. 
 
  



93 

 

Abstract-- This paper reports the application of 
neural networks denoted “autoencoders” in order to 
reduce the dimension of the search space in complex 
optimization problems. This allows a more efficient 
search by meta-heuristic algorithms, with a reduction 
in computing time and an improvement I the quality 
of results. The technique is illustrated with an 
application of an EPSO (Evolutionary Particle 
Swarm Optimization) algorithm to problems of 
medium term wind-hydro coordination, where the 
operation of cascading river dams with pumping-
storage capability must be combined with decisions 
on the available wind power generation, depending 
on tariffs and market prices. One shows that an 
EPSO running of a reduced space generated by an 
autoencoder with solutions evaluated in a 
reconstructed space runs ten times faster to obtain 
the same results as an EPSO running in the original 
problem space. 

Index Terms—Wind power, wind-hydro 
coordination, neural networks, autoencoders 

I. INTRODUCTION 

ETAHEURISTICS such as evolutionary or 
particle swarm algorithms have proven to be 

flexible in representing realistic features of real 
world problems and became therefore a valuable 
tool in discovering optimising solutions in many 
problems. However, the suffer from some 
drawbacks namely being demanding in terms of 
computing effort, especially if one is dealing with 
large scale problems, which is the case in so many 
areas in Power Systems. The difficulty of dealing 
with large scale problems using meta-heuristics 
lies not only in computation time but also in some 
difficulty in converging to an optimal solution. 
Both these factors (need to an early stopping and 
difficulty in converging) contribute to originate a 
performance of metaheuristics below what would 
be desirable in practice. 

A typical large scale problem may be wind-
hydro coordination, which becomes relevant with 
the emerging importance of wind generation in the 
generation portfolio of many countries, namely in 
Europe. To assess this importance, notice that in 
Iberia (joining together Portugal and Spain) a total 
of over 25000 MW of installed capacity in wind 
generation is foreseen for 2011, while the joint 
peak power in Portugal and Spain, was about 

54000 MW in December 2007. Wind energy value 
is greatly enhanced if combined with pumped 
storage so that energy may be delivered to the 
market during hours of high price but the decision 
to store must be weighted against the price of 
selling directly at the moment it is produced in the 
wind parks. This problem has obvious similarities 
with hydro-thermal coordination in the presence of 
pumping storage facilities and is represented by a 
complex time dependent formulation if cascading 
river dams are present.  

In hydro-thermal coordination, several 
techniques were used such as Lagrangian 
relaxation [1], Stochastic Dynamic Programming 
[2] or Dual Dynamic Programming [3]. Models 
with Genetic Algorithms and Evolutionary 
Programming have also been proposed [4]. Models 
for wind-hydro coordination have also been 
proposed [5], [6]. In this paper, we will apply to 
the numerical examples an EPSO (Evolutionary 
Particle Swarm Optimization) algorithm [7] to test 
problems emulating the wind-hydro coordination 
context, built with enough complexity to test the 
optimization techniques under judgment. 

A medium term operation planning or the water 
resources requires an evaluation of the operation 
for a period of 1 year and estimates of water and 
wind availability, with the division of the planning 
period in sub-periods corresponding to different 
months and different load levels with different 
estimated energy costs. The dimension of the 
problem may be very large. 

Feature reduction and feature selection 
techniques have been used to reduce the number of 
variables of a problem to a set of meaningful ones. 
One popular technique is Principal Component 
Analysis (PCA) [8]. This technique projects the 
data into a linear subspace with minimum 
information loss, by multiplying the data by the 
eigenvectors of the sample covariance matrix. A 
point is then represented by its coordinates along 
the directions of greatest variance in the data set. 

However, when one is optimizing and one 
needs to evaluate solutions during the process, a 
feature reduction or selection process is not 
applicable because some or all variable values of 
the original space would be unknown and therefore 

Using autoencoders to perform space dimension 
reduction and speed up optimization processes – 

application to wind-hydro coordination 
Vladimiro Miranda, Fellow, IEEE    and   Luís Costa 
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the actual value of the objective function could not 
be calculated. 

This paper presents an original idea of using an 
autoencoder neural network to generate a pair 

consisting of a function f  and its inverse 1f − , 

allowing to map a space of dimension m into a 
space of dimension n (with n < m) and to 
reconstruct the original variables. The optimization 
procedure may evolve in the reduced space but 
objective function evaluation is performed in the 
original space thanks to the inverse decoding 

function 1f − . This reduction of the dimension of 

the search space has a notorious beneficial effect in 
the performance of the optimization algorithm. The 
function f  acts as an intelligent encoder of the 

chromosomes organized in the original space: the 
chromosomes used in the optimization technique 
are no longer designed by the user but 
“engineered” by an intelligent process to better suit 
the optimization process. 


