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The speakers

João Soares

João Soares has PhD degree in Electrical and Computer Engineering (2017) from UTAD. He currently conducts research at

GECAD and was a visiting professor at Ecole Centrale De Lille in the L2EP. He coordinates projects in the field of energy

resource management in smart grids and smart buildings with application of computational intelligence techniques. His

research interests include optimization in power and energy systems, including heuristic, hybrid and classical optimization. He

published more than 100 publications in this field and his works have been cited over 2400 times (H-index 25 in google

scholar)

Fernando Lezama

Fernando Lezama received a Ph.D. in Information Technologies and Communications (2014) from the Monterrey Institute of

Technology and Higher Education (ITESM), Mexico. Currently (since August 2017), he is a researcher at GECAD/IPP, where

he contributes to the development of CI applications in the context of different national and international projects, such as

H2020 DOMINOES, and FCT COLORS and MAS-SOCIETY. He is also Chair (since July 2019) of the IEEE Task Force on

Computational Intelligence in the Energy Domain, and a member of the IEEE PES working group on Modern Heuristic

Optimization. Besides, Fernando Lezama has acted as guest editor in journals such as Complexity from Hindawi/Wiley and

Energies from MDPI, and is continuously promoting the use of CI in the energy domain through the organization of

international competitions and special sessions in international conferences

Pedro Faria

Pedro Faria (PhD, 2016) works in the field of power systems with focus on energy markets, smart grids, and demand

response. He has also worked in real-time simulation of power and energy systems, namely using the OPAL-RT platform and

Hardware in the Loop (HIL) technics. Pedro Faria participated in a significative number of national and international research

projects contributing with models and their implementation, testing, demonstration and piloting. He has several scientific

management and coordination responsibilities in those projects, being namely the leader of work packages and tasks in

international projects and the GECAD leader of one national project. Pedro Faria is author of 1 patent and of more than 130

scientific papers.
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Audience of this course

• This tutorial targets the following audience:

• Practitioners;

• Researchers (academic and industrial);

• Students;

• Developers familiar with, and already working with, Evolutionary

Computation or optimization in power systems / smart grid
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Motivation
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Temperature anomaly is how much warmer or colder than the long-term 
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Increase in world energy consumption will not be 

stopped in coming years

Renewable generation will alleviate 

some of the current environmental 

issues, yet at the same time will pose 

new challenges in the management and 

operation of the electrical grid

Source: http://www.fi-powerweb.com/Renewable-Energy.html

http://euanmearns.com/emissions-reductions-and-world-energy-demand-growth/
http://www.fi-powerweb.com/Renewable-Energy.html


Electrical Grid Evolution

• Smart Grid: Electrical grid that uses digital and other advanced technologies to
monitor and manage the transport of electricity from all generation sources to meet
the varying electricity demands of end-users.
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Figure: Smarter electricity systems.

Source: International Energy Agency. Online: https://www.iea.org/publications/freepublications/publication/smartgrids_roadmap.pdf



Motivation Behind SG Technologies
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• Challenges in the world’s electricity systems:

• Ageing infrastructure

• Continued growth in demand

• Integration of variable renewable energy sources and EVs

• The need to improve the security of supply

• The need to lower carbon emissions

• SG technologies offer ways to meet
these challenges and develop a
cleaner energy supply

• More energy efficient, more
affordable and more sustainable.

Figure: SG linking stakeholder objectives. 
Source: International Energy Agency. Online: https://www.iea.org/



Issue 1: Large-scale problems
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• The new paradigm in power systems has increased the complexity to manage and 
operate the transmission and distribution networks and the interactions between the 
traditional and new players.

In some SG problems, it is necessary to schedule a large number of devices/energy resources.



Issue 2: Uncertainty
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Forecast + error 

Deterministic

Stochastic

Single scenario

Set of scenarios

Best solution for the 
whole set of probable 

scenarios

Best solutions iff the 
selected scenario occurs

Demand 
response, ESS, 

vehicles…
Buy/sell market, 

contracts 
generation

Energy 
Aggregator

Vehicles, renewables, 
market price, consume

• The uncertainties associated with renewable based generation, electricity market 
prices, energy consumption or electrical vehicles trips, are just a few examples of the 
increased sources of complexity brought to the power and energy sector.

Set of scenarios departing from forecasts can represent the problem uncertainty.
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Evolutionary Computation
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Computational
Intelligence

(CI)

Evolutionary
Computation

(EC)

Artificial Neural 
Networks

(ANN)

Fuzzy Systems

(FS)

CI is usually referred to a family of problem-solving and problem-stating techniques 
that attempt to exhibit or mimic the “intelligence” observed in nature.

In an abstract sense, CI can be defined as intelligent computational tools to solve, or 
model, complex problems. 



CI: an active field of research
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Publications of the main branches of 
computational intelligence in all areas of 
engineering.

SCOPUS database
24,706 on EC
23,995 on ANN
49,623 on FS

Ratio between energy domain and total of 
publications by main fields of computational 
intelligence.

In the energy domain:
10% (2601 publications of EC)
22% (5299 publications of ANN)
2% (1410 publications of FS)

Source: Soares, J., Pinto, T., Lezama, F., & Morais, H. (2018). Survey on complex optimization and simulation for the new power systems 

paradigm. Complexity, 2018.



Evolutionary Computation
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EC mostly involves metaheuristic
optimization:

A metaheuristic is a higher-
level procedure or heuristic designed to
find, generate, or select a heuristic
(partial search algorithm) that may
provide a sufficiently good solution to
an optimization problem.

Source: Nojhan, 2007, http://metah.nojhan.net/post/2007/10/12/Classification-of-metaheuristics

Combinatorial 
Optimization:

No fast solution.

Time increases 
with the size of 
the problem.

https://en.wikipedia.org/wiki/Procedure_(computer_science)
https://en.wikipedia.org/wiki/Heuristic_(computer_science)
https://en.wikipedia.org/wiki/Search_algorithm
https://en.wikipedia.org/wiki/Optimization_problem
http://metah.nojhan.net/post/2007/10/12/Classification-of-metaheuristics
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Metaheuristics
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Metaheuristics tackle "hard" optimization problems, with 

the help of iterative stochastic processes. These methods 

are manipulating direct samples of the objective function, 

and can be applied to several problems without major 

changes in their design.

More than 130 meta heuristics have been described in 

the book “Innovative Computational Intelligence: A 

Rough Guide to 134 Clever Algorithms”

…And the list is growing…

XING, Bo; GAO, Wen-Jing. Introduction to Computational Intelligence. In: Innovative Computational Intelligence: A Rough Guide to 134 Clever 
Algorithms. Springer, Cham, 2014. p. 3-17.



Well-established MH
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Genetic
Algorithms

Particle Swarm
Optimization

Differential
Evolution

Variable
Neighbourhood

Search
Vortex Search

SCOPUS papers 6690 5323 1126 18 4

6690

5323

1126 18 4

Research papers in "Smart Grid"

Source: SCOPUS database
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Evolutionary Algorithms
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Evolutionary Algorithms
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Encoding
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Encoding of the individual:                         - It should contain the sufficient information to evaluate the 

objective function.



Encoding
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Variable name Length

Active power (1) 76 (66 DGs + 10 Suppliers)

Reactive power (2) 76 (66 DGs + 10 Suppliers)

Generator Binaries (3) 76 (66 DGs + 10 Suppliers)

EVs charge/discharge (4) 1800 EVs

ESS charge/discharge (5) 15 ESS

Demand response (6) 32 loads

Market (7) 1 market

Substation transformer tap (8) 1

Total number of variables 2077 for each period

Period 1

Ԧ𝑥1 (1) (2) (3) (4) (5) (6) (7) (8)

Ԧ𝑥2 (1) (2) (3) (4) (5) (6) (7) (8)

…

Ԧ𝑥𝑁𝑃 (1) (2) (3) (4) (5) (6) (7) (8)

Period T=24 Dimension

(1) (2) (3) (4) (5) (6) (7) (8) 49848 (2077*24)

(1) (2) (3) (4) (5) (6) (7) (8)

(1) (2) (3) (4) (5) (6) (7) (8)

Encoding of the individual:                         - It should contain the sufficient information to evaluate the 

objective function.

…



Evolutionary Algorithms
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• Recombination 
Scheme 



Fitness Function

2
6

• Minimize total operation cost (OC) over a 24 hours period: 

DG

External SupplierDR by DLC

Discharge of ESS and EVs

Penalization of Non-supplied demand
and DG units generation curtailment



Evolutionary Algorithms
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• Recombination 
Scheme 



Differential Evolution
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Differential Evolution
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Cr



Differential Evolution
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Encoding
Solutions

Fitness
Function

Recombination 
Scheme

Cr



Differential Evolution

31

Encoding
Solutions

Fitness
Function

Recombination 
Scheme

Cr



Control Parameters

Fig . The population size (NP) gives diversity to 
the population

𝑡𝑖 = ቊ
𝑚𝑖 = 𝑥𝑟1 + 𝑭 𝑥𝑟2 − 𝑥𝑟3 𝑖𝑓 𝑟𝑎𝑛𝑑 ≤ 𝑪𝒓 𝑜𝑟 𝑖 = 𝑖𝑅𝑎𝑛𝑑

𝑥𝑖,𝐺 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Main operator of DE algorithm

DE has three crucial control parameters: the mutation
constant (F), which controls the mutation strength, the
recombination constant (Cr) and the population size (NP).
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Control Parameters

Fig . The population size (NP)gives diversity to 
the population

𝑥1

𝑥2

𝑥1

𝑥5
𝑥7

𝑥8
𝑥3

𝑥2 𝑥4
𝑥6

min𝑓 𝑥∗
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Control Parameters

Fig . The population size (NP)gives diversity to 
the population

𝑥1

𝑥2

𝑥1

𝑥5
𝑥7

𝑥8
𝑥3

𝑥2 𝑥4
𝑥6

min𝑓 𝑥∗

𝑜𝑝𝑡(𝑥1, 𝑥2) The optimal solution

𝑥1
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F parameter

𝑚𝑖 = 𝑥𝑟1 + 𝑭 𝑥𝑟2 − 𝑥𝑟3

Main operator of DE algorithm

𝑥1

𝑥2

𝑥5
𝑥7

𝑥8
𝑥3

𝑥2 𝑥4
𝑥6

Fig . The mutation constant (F) control 
the mutation strength.

𝑥1
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F parameter

𝑚𝑖 = 𝑥𝑟1 + 𝑭 𝑥𝑟2 − 𝑥𝑟3

Main operator of DE algorithm

𝑥1

𝑥2

𝑥𝑟3

𝑥𝑟2
𝑥𝑟1

Fig . The mutation constant (F) control 
the mutation strength.

𝑥𝑡𝑎𝑟
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F parameter

𝑚𝑖 = 𝑥𝑟1 + 𝑭 𝑥𝑟2 − 𝑥𝑟3

Main operator of DE algorithm

𝑥1

𝑥2

𝑥𝑟3

𝑥𝑟2
𝑥𝑟1

𝐹(𝑥𝑟2 − 𝑥𝑟3)

Fig . The mutation constant (F) control 
the mutation strength.

𝑥𝑡𝑎𝑟
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F parameter

𝑚𝑖 = 𝑥𝑟1 + 𝑭 𝑥𝑟2 − 𝑥𝑟3

Main operator of DE algorithm

𝑥1

𝑥2

𝑥𝑟3

𝑥𝑟2
𝑥𝑟1

𝐹(𝑥𝑟2 − 𝑥𝑟3)

𝑚

Fig . The mutation constant (F) control 
the mutation strength.

𝑥𝑡𝑎𝑟
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F parameter

𝑚𝑖 = 𝑥𝑟1 + 𝑭 𝑥𝑟2 − 𝑥𝑟3

Main operator of DE algorithm

𝑥1

𝑥2

𝑥𝑟3

𝑥𝑟2
𝑥𝑟1

𝐹(𝑥𝑟2 − 𝑥𝑟3)

𝑚

Fig . The mutation constant (F) control 
the mutation strength.

𝑥𝑡𝑎𝑟
𝑜𝑝𝑡(𝑥1, 𝑥2) The optimal solution
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Cr parameter

𝑡𝑖 = ቊ
𝑚𝑖 = 𝑥𝑟1 + 𝑭 𝑥𝑟2 − 𝑥𝑟3 𝑖𝑓 𝑟𝑎𝑛𝑑 ≤ 𝑪𝒓 𝑜𝑟 𝑖 = 𝑖𝑅𝑎𝑛𝑑

𝑥𝑖,𝐺 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Main operator of DE algorithm

𝑥1

𝑥2

𝑥𝑟3

𝑥𝑟2
𝑥𝑟1

𝐹(𝑥𝑟2 − 𝑥𝑟3)

𝑚

Fig. The recombination constant (Cr) enhances the potential 
diversity of the population.

𝑥𝑡𝑎𝑟
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Cr parameter

𝑡𝑖 = ቊ
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𝑥𝑟3

𝑥𝑟2
𝑥𝑟1
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𝐹(𝑥𝑟2 − 𝑥𝑟3)

𝑚

𝑡′

Fig. The recombination constant (Cr) enhances the potential 
diversity of the population.

41



Cr parameter

𝑡𝑖 = ቊ
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Fig. The recombination constant (Cr) enhances the potential 
diversity of the population.
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Cr parameter
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Selection

Fig. The recombination constant (Cr) enhances the potential 
diversity of the population.

𝑥1

𝑥2

𝑥𝑟3

𝑥𝑟2
𝑥𝑟1

𝑥𝑡𝑎𝑟
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𝑚 𝑡′′

𝑡′
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Selection

Fig. Elitist selection.

𝑥1

𝑥2

𝑥𝑡𝑎𝑟𝑡
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Selection

Fig. Elitist selection.

𝑥1

𝑥2

𝑥𝑡𝑎𝑟𝑡

𝑜𝑝𝑡(𝑥1, 𝑥2) The optimal solution
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Selection

Fig. Elitist selection

𝑥1

𝑥2

𝑥𝑡𝑎𝑟𝑡

𝑇ℎ𝑖𝑠 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑑𝑖𝑒𝑠

𝑇ℎ𝑖𝑠 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 survives
to the next generation

𝑜𝑝𝑡(𝑥1, 𝑥2) The optimal solution

47



Adaptive DE - jDE
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jDE

BREST, Janez; ZUMER, Viljem; MAUCEC, Mirjam Sepesy. (2006) Self-adaptive differential evolution algorithm in constrained real-parameter 
optimization. In: 2006 IEEE international conference on evolutionary computation. IEEE, 2006. p. 215-222.



HyDE
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DE/target-to-perturbed_best/1

𝐹𝑖
1, 𝐹𝑖

2 𝑎𝑛𝑑𝐹𝑖
3

are created using jDE rule



HyDE-DF
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DE/target-to-perturbed_best/1

𝐹𝑖
1, 𝐹𝑖

2 𝑎𝑛𝑑𝐹𝑖
3

are created using jDE rule

Lezama, F., Soares, J., Faia, R., Vale, Z., (2019). Hybrid-Adaptive Differential Evolution with Decay Function (HyDE-DF) Applied to the 100-Digit Challenge 

Competition on Single Objective Numerical Optimization, GECCO 2019 – The Genetic and Evolutionary Computation Conference 2019, July 13th-17th 2019 

Prague, Czech Republic.



HyDE-DF
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Hybrid-Adaptive Differential Evolution with Decay Function

Lezama, F., Soares, J., Faia, R., Vale, Z., (2019). Hybrid-Adaptive Differential Evolution with Decay Function (HyDE-DF) Applied to the 100-Digit Challenge 

Competition on Single Objective Numerical Optimization, GECCO 2019 – The Genetic and Evolutionary Computation Conference 2019, July 13th-17th 2019 

Prague, Czech Republic.

https://github.com/fernandolezama/HyDEDF_Source



Vortex Search
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Vortex Search 
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• Single-solution based metaheuristic

• Can be studied within the family of the search algorithms that comprises the 
Random Search and Pattern Search algorithms (also known as the Fixed Step 
Size Random Search) [1][2].

• RS and PS function by iteratively moving to better positions in the search 
space that are sampled from a hypersphere surrounding the current position. 

• ‘the step size’’ significantly affects the performance of the algorithms. 

• RS variants (e.g., Optimum Step Size Random Search(OSSRS)[38], Adaptive 
Step Size Random Search (ASSRS)[38], Optimized Relative Step Size Random 
Search (ORSSRS)[37]) could challenge the performance of population-based 
metaheuristics

[1] The convergence of the random search method in the extremal control of a many parameter system. L.A. Rastrigin, Autom. Rem. Control, 24 (10) (1963), pp. 1337-1342
[2] “Direct search” solution of numerical and statistical problems, R. Hooke and T.A. Jeeves, J. Assoc. Comput. Mach. (ACM), 8 (2) (1961), pp. 212-229

https://doi.org/10.1145/321062.321069


High-level single-solution search
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Initial solution 𝑠0

Select
center

Stop?

Generate candidate 
solutions

Evaluation

Best solution

Replacement

YES

NO

• Solution 
Encoding

• Fitness 
Function
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Scheme



Vortex Search 
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Initial solution 𝑠0

Select
center

Generate candidate 
solutions

Evaluation

Replacement

In a 2-d space, a vortex pattern can be 
modeled by a number of nested circles. 
The outer (largest) circle of the vortex is first 
centered on the search space

The center is updated in each iteration

neighbor solutions 𝐶𝑡 𝑠 are 
randomly generated around the
center using a Gaussian distribution

• Fitness Function evaluation

The best solution is selected and memorized to 
replace the current circle center

represents the variance 
of the distribution



Vortex Search 
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• once the algorithm is terminated, the resulting pattern appears as a 
vortex-like structure, where the center of the smallest circle is the 
optimum point found by the algorithm.

• The inverse incomplete gamma function is used to decrease the 
value of the radius during each iteration pass.



Vortex Search 
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• The VS algorithm utilizes an adaptive step-size adjustment scheme that helps to 
balance the explorative and exploitative behavior of the search. 

• The algorithm is quite simple and does not require any additional parameters.

• The results revealed that besides its simplicity, the proposed VS algorithm is also 
highly competitive when compared to the performance of the other algorithms.

Berat Dogan (2020). Vortex Search Algorithm (https://www.mathworks.com/matlabcentral/fileexchange/74257-vortex-search-algorithm), MATLAB Central 

File Exchange. Retrieved July 2, 2020.

Doğan, B., & Ölmez, T. (2015). A new metaheuristic for numerical function optimization: Vortex Search algorithm. Information Sciences, 293, 125-145
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Polytechnic of Porto

• Polytechnic of Porto has roots in 18521 with currently around 18,000 students
spread across 3 campus (5 cities, 8 schools)

• The largest polytechnic institution by number of students in Portugal

• The 4th largest high education institution in the country (including universities)

• 59 Bachelor degree courses (Licenciaturas) and 70 Master degree courses

• 24 research centers; 597 SCOPUS publications in 2017

• 692 professors with PhD

60

1 Current structure and organization founded in 1985. The initial roots were “Escola Industrial do Porto” founded in 1852 know today as ISEP



Polytechnic of Porto
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Campus 1 Porto Campus 2 Vila do Conde Campus 3 Tâmega e Sousa



ISEP - School of Engineering
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GECAD: Research Group on Intelligent Engineering and Computing 
for Advanced Innovation and Development

• Recognized by FCT (Portuguese Science and Technology Foundation)
since 2004 and rated as Excellent in 2019 evaluation for 2013-2017 period.

• 2 main areas: Intelligent Systems and Power Energy Systems.

• 90 SCOPUS publications in 2017 (15% of Polytechnic of Porto output)

• GECAD projects are applied to areas like Energy, Transportation,
Environment, Economy, Inclusion, Critical Infrastructures, Security,
Information Access and new ways of Socialization.

• More than 80 projects so far funded, several closed and others ongoing

63



Projects with Companies from different Countries
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GECAD projects involve cooperation and partnerships with more than 100 companies from
14 countries, including:

And also with
Tech. Transfer Institutions

(FI)
(NL)
(AT)
(DE)
(ES)
(FR)

(PT)

• Airbus, Cassidian CyberSec, ENGIE, ITRON, 
Thales (FR)

• Volvo (SE)
• Philips, Security Matters (NL) 
• Bosch, E.ON (DE)
• Nokia Bell Labs (BE)
• Empower (FI)
• Datapixel, Experis (ES)
• Milestone (DN)
• Polar Electric Oy (CH)
• Erikson, Vektor Telecom (TR)
• Starhome, LiveU (IL)
• ADIRA, DouroAzul, EDP Dist, NEW-EDP 

R&D, Evoleo, Hospital S. João, Santander-
Totta Bank, INOVA+, IPBrick, PH Energia, 
PortoDigital, SISTRADE, VPS (PT)

• Eletrosul, ENEVA (BR)
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