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Abstract: As concerns about sustainable energy solutions grow, the exploration of bio-
inspired techniques for optimizing renewable energy systems becomes increasingly impor-
tant. This study presents a theoretical application of bio-inspired algorithms, specifically
the Particle Swarm Optimization (PSO) algorithm and the Genetic Algorithm (GA), to
enhance the energy availability of a renewable energy system in an existing university
building in a tropical climate. The research followed a multi-step process. First, a renewable
energy generation system was designed for the building, considering available resources
and space limitations. Next, we optimized both electricity production and overall energy
management. Using the PSO algorithm to find the ideal combination of power generators
that would fit within the available space resulted in a 10% increase in the energy deficit.
Additionally, PSO was used to optimize the discharge management of the battery bank,
independently demonstrating a 2% efficiency improvement when incorporated into the
original pre-optimization system. These findings highlight some of the challenges with in-
tegrating renewable energy systems into existing buildings while showcasing the potential
of biomimetic algorithms, like the PSO and the GA, for targeted optimization tasks. Further
research is warranted to refine such algorithms and explore their tailored applications
for enhancing the performance of renewable energy systems within the often-restrictive
parameters of existing infrastructure.

Keywords: bio-inspired; optimization; renewable energy; dynamic simulation; wind
energy; solar energy

1. Introduction

Nature may offer practical solutions to the energy challenges we face today.
Biomimicry, which involves observing and emulating nature’s efficient systems, is in-
creasingly recognized for its potential to enhance energy generation [1]. As we grapple
with diminishing resources and environmental concerns, the need for sustainable and
adaptable energy systems becomes critical [2], and biomimicry provides a compelling
pathway to achieve these goals [1].
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This approach enables us to develop energy solutions that are both effective and
environmentally friendly. Examples include innovative designs such as solar panels that
mimic the functionality of leaves and wind turbines designed after whale fins, which clearly
demonstrate how nature’s designs can be adapted for energy efficiency [3]. Biomimicry is
more than just copying natural forms; it is about understanding and applying the principles
that make these forms so effective. Embracing this concept, known as “solution-based
biologically inspired design”, could lead to a wide range of innovative energy solutions [4].
Despite its potential, biomimicry in energy generation faces challenges. The complexity
and variety of nature’s solutions necessitate careful selection and adaptation to meet the
specific energy needs [5], demanding creativity and technical ingenuity to bridge the gap
between the natural world and technological applications. However, the potential benefits
of biomimicry far outweigh these challenges.

Recent research in this field highlights the diverse applications of biomimicry across
various energy generation methods, ranging from solar and wind energy to hydropower
and biomass. Crucially, this research increasingly focuses on optimization as a key area for
advancement with biomimicry contributing to intelligent energy management. Incorporat-
ing hybrid renewable energy sources and advanced algorithms, such as machine learning
and bio-inspired optimization techniques, enhances the efficiency of energy production
and distribution, ensuring optimal utilization of resources.

Sustainability is another crucial aspect of biomimicry in energy generation. This
approach fosters solutions that minimize environmental impact and promote resource
conservation, often integrating closely with solar energy initiatives and circular economy
principles. These solutions focus on creating closed-loop systems and responsible resource
management. Interestingly, the trajectory of biomimicry research is evolving. While the
overall emphasis on biomimicry has seen a slight decline, areas like optimization are
growing rapidly [6]. Researchers are exploring bio-inspired strategies for smart energy
management [7]. Additionally, the focus on renewable energy sources, particularly solar
and wind, remains a strong focus [8].

This shows biomimicry is maturing, moving from exploration to focused application
in areas with high potential for improving energy systems. By learning from nature,
we can create a future powered by energy systems that are efficient, sustainable, and
adaptable [9]. The challenges are significant, but the rewards—a healthy planet and a secure
energy future—are worth it. This research demonstrates the potential of Particle Swarm
Optimization (PSO) and the Genetic Algorithm (GA), both bio-inspired algorithms, to
optimize energy generation in tropical buildings. Our findings show that success depends
on optimal energy management. Future research will aim to refine these optimization
techniques further and address the challenges posed by limited space availability for
renewable energy equipment.

This paper is organized into six different sections, along with an appendix and a
list of the references used for it as follows: introduction, literature review, materials and
methods, results analysis, discussion, and conclusions. The main objectives of this study
are presented in the Problem Definition and Understanding portion of Section 3.

2. Literature Review

As outlined in the overview, the first step was to conduct a bibliometric review, which
we would then use to determine the course of the project. The first step was to identify
key words necessary to find the relevant research papers. These key words combined
different energy sources with the words biomimicry, nature-based, and bio-inspired. There
were five databases used for compiling the articles—ScienceDirect, SCOPUS, MDP], JSTOR,
and SpringerLink—but only open-source articles were used. A total of 615 unique papers
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published between 2015 and 2022 were found. Duplicate papers, found across multiple
databases, were removed using Mendeley Reference Manager’s duplicate removal feature.
From this set, we selected several to illustrate some of the common biomimicry strate-
gies used in the literature, as shown in Table 1. Examples include the use of humpback
whale pectoral fins in hydroelectric energy, applying compound insect eyes to improve
solar panels, and employing palm tree root systems to build taller wind turbines. The most
important takeaway from this showcase of how varied these solutions is that in biomimicry
there is no one correct choice, but many possibilities that need to be explored further.

Table 1. Common biomimicry strategies used in literature.

Year Energy Source Biological Analogy Source Type of Research Project
2015 Solar Sea stars [10] Preliminary
2017 Solar Insect eyes [11] Simulation
2020 Solar Photosynthesis [12] Experimental
2021 Solar Genetic Algorithm [13] Simulation
2021 Solar Bacteria [14] Experimental
2017 Wind Feathers [15] Experimental
2018 Wind Mix [16] Review
2019 Wind Palm roots [17] Simulation
2019 Wind Feathers [18] Simulation
2021 Wind Mix [19] Simulation
2021 Wind Lotus [20] Experimental
2016 Hydroelectric Snail shells [21] Simulation
2021 Hydroelectric Humpback whales [22] Simulation
2018 Tidal Mix [23] Review
2021 Tidal Arrowhead crab [24] Simulation
2022 Tidal Dumbo octopus [25] Experimental
2020 Natural gas Mix [26] Simulation
2020 Biomass Bacteria [27] Theoretical
2022 Natural gas Bacteria [28] Experimental
2022 Optimization Bird flocks [29] Simulation

The selected papers were processed using VOSviewer version 1.6.18 to create neural
maps showing the tendencies in the literature, by using the key words from each of these
papers. The first map is shown in Figure 1.

There are a total of eight clusters on the map; the size of each circle is an indication
to how relevant each key word is in the literature: “optimization” (red), “biomimicry”
(blue), and “sustainability” (cyan). The biomimicry cluster is tightly linked to renewable
energy concepts like “renewable energy systems”, “artificial photosynthesis”, and “solar
energy conversion”. Sustainability, in turn, connects closely to both biomimicry and
concepts like “circular economy”, “sustainable development”, and “biomass”. Notably,
the optimization cluster, while distinct, associates with terms such as “machine learning”,

“energy efficiency”, “energy management”, “industry 4.0”, and “hybrid systems”. Solar
and wind energy appear as relevant topics across all three clusters.
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Figure 1. Neural map created from the review articles.

Figure 2, which guides this project, maps these keywords and uses color to represent

relevance over time, providing a temporal perspective on the literature.
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Figure 2. The neural map created from the review articles, showing relevance over time.

This map illustrates the evolution of key themes within the literature over the review
period (excluding 2015-2016 due to limited publications and the partial year of 2022). While
biomimicry saw peak relevance in 2017 and sustainability in 2019, the 2020-2021 period,
most relevant to this study, reveals a distinct shift. Research progressed from an initial
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focus on biomimicry, then towards optimization (dominant in 2020), and subsequently
towards energy management and Industry 4.0 applications (2021). Notably, solar and wind
energy consistently remained relevant throughout the entire period. This observed trend,
the increasing prominence of optimization within biomimicry research, particularly in
the context of renewable energy, directly informed the focus of this study: biomimetic-
based optimization of a distributed renewable energy generation system for an existing
building. Therefore, based on this bibliometric analysis highlighting the clear trend to-
wards optimization methods, particularly their dominance in the recent 20202021 period
within biomimicry and renewable energy research, the methodological focus of this study
was established as the biomimetic-based optimization of a distributed renewable energy
generation system for an existing building.

3. Materials and Methods

The methodology for the actual research, which is what makes up Sections 2—4, com-
prised five fundamental phases, focusing on distributed renewable energy generation
and biomimicry:

1.  Literature Review: We initiated our research with a thorough bibliometric review to
analyze global trends, advancements, and potential knowledge gaps in the fields of
renewable energy and biomimicry. This analysis helped us identify promising research
directions and potential areas for innovation within the sustainable energy sector.

2. Problem Definition and Understanding: Based on the literature review, we formu-
lated clear research objectives and the methodology to achieve them. This involved
defining the parameters of our case study, ensuring the research remained focused
and achievable within the defined time and research budget constraints.

3. Design of the Generation System: We designed a site-specific hybrid wind-solar dis-
tributed energy generation system with a battery bank for building #1 on the Victor Levi
Sasso Campus of the Universidad Tecnoldgica de Panama (UTP). This design prioritized
the building’s physical space and considered factors such as local climate conditions,
energy usage patterns, and available resources to optimize the system’s configuration.

4. Identification of Optimal Management: To enhance the efficiency and sustainability
of our designed hybrid system, we used a biomimetic-inspired algorithm. Utilizing
software tools such as MATLAB (ver. 9.10.0.1602886) and Python (ver. 3.11), we
implemented optimization techniques that aimed to improve energy management
and resource utilization.

5. Performance Evaluation: We conducted a comparative analysis between the per-
formance of the biomimicry-optimized system and a non-optimized baseline. This
evaluation allowed us to quantify the improvements achieved in terms of energy
efficiency, measured by the energy deficit in both cases.

Figure 3 contains a flowchart of the methodology process for easier viewing:

g ' =
. . Problem definition and i Design of the
Literature review : > A
understanding generation system
A 4 .
4 N
Performance | |ldentification of optimal
evaluation - management
\ / . J

Figure 3. Methodology flowchart.
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3.1. Problem Definition and Understanding

The selected case study is building n°1 at UTP’s Victor Levi Sasso Campus in Panama
City, Panama (9°01'26" N 79°31’52" W) as shown in Figure 4.

Campus VLS, Edificio 1, FIM
Modelo | Actividad | Cemamientos | Aberturas | lluminacion || HVAC | CFD

Classroom

Circulation area (corridors and stairways)
Bathroom

<None>
Store Room
Generic Office Area
Toilet

(b)

Figure 4. (a) Building n°1 of the Victor Levi Sasso Campus of the UTP and (b) section showing one of
the floors of the building n°1 3D model in DesignBuilder.

Historical climate data were obtained from the Solargis ® Climate app database. These
data represent average weather records from 1999 to 2019, averaged into a typical year.
According to the Képpen climate classification, the building is located in an urbanized area
bordering tropical forest. Table 2 presents climate data from this typical year, with each
entry showcasing the day with the peak temperature for that month.

A significant advantage of selecting this building was the DesignBuilder model. This
model enabled energy simulations to obtain data on energy demand and solar generation.
We also had access to the building’s construction details, shown in Tables 3 and 4, provided
by the General Directorate of Engineering and Architecture (DGIA), which provided a
thorough understanding for the simulations.
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Table 2. Climate data summary for the case study simulations.

Tmax ! Tmin 2 GHImax 3 DNImax * DIFmax ° o . 70 . Average Wind
Month/Day (] (] W/m? W/m? W/m? RH(I,I[}? X 6)( %) RH(I,?.I n 7)( 7e) Wm(crlnip))eed Direction
(Time) (Time) (Time) (Time) (Time) me me ©)
35 239 649 498 379 94 44
January 3 (15:00) (6:00) (11:00) (11:00) (1:00) (5:00) (15:00) 0.43 126
34.6 222 943 690 299 93 40
February 20 (15:00) (6:00) (13:00) (13:00) (13:00) (6:00) (15:00) 277 8577
35.6 249 956 653 388 73 36
March 17 (15:00) (6:00) (13:00) (13:00) (12:00) (6:00) (16:00) 23 49
. 35.3 24.8 918 602 357 82 44
April 11 (15:00) (6:00) (12:00) (12:00) (14:00) (24:00) (16:00) 175 87
34.8 245 716 584 385 90 53
May 20 (15:00) (6:00) (15:00) (15:00) (12:00) (6:00) (16:00) 087 83.3
32.8 234 779 464 335 94 58
June 23 (15:00) (6:00) (14:00) (14:00) (14:00) (6:00) (15:00) 0.45 108.25
35.5 24.3 846 568 352 97 49
July 21 (16:00) (6:00) (14:00) (14:00) (12:00) (400) (16:00) 03 89.3
34.7 241 848 588 402 95 52
August19 (15:00) (6:00) (12:00) (12:00) (13:00) (5:00) (15:00) 39 188
325 23 893 686 406 98 60
September 1 (15:00) (6:00) (12:00) (11:00) (14:00) (24:00) (15:00) 21 83
325 23 786 687 368 96 62
October 20 (15:00) (6:00) (11:00) (10:00) (14:00) (6:00) (14:00) 2.33 90.67
32.9 23.7 275 126 215 94 61
November 11 (15:00) (6:00) (16:00) (16:00) (16:00) (5:00) (13:00) 255 80
34.3 24.6 664 423 394 94 50
December 16 (15:00) (6:00) (14:00) (14:00) (13:00) (7:00) (16:00) 4.2 345
T Maximum temperature. 2 Minimal temperature. 3 Maximum GHI. # Maximum DNI. > Maximum DIF.
6 Maximum relative humidity. 7 Minimal relative humidity.
Table 3. Construction details of building n°1.
Component Material Heat Transfer Coefficient (Wm—2K~1)
Walls (interior and exterior) 0.100 m thick concrete blocks, with a 0.015 m thick double filling. 1.94
Flooring 0.040 m x 0.040 m tiles. 2.98
Roof 0.038 m thick expanded polyurethane, over a metal structure. 0.39
e Suspended. 0.0508 m x 0.0508 m mineral fiber in aluminum
Ceiling 1.94
frames. 2.700 m over floor level.
Doors Pine wood, 2.00 m x 1.00 m. 1.11
Windows Sliding. 0.006 m thick simple glass with a gray tone. 5.70
Table 4. Energy use and operating hours.
Equipment Estimated Consumption Operating Hours
Interior lighting (fluorescent bulbs) 32W M%I;%%}:;l;'régay
. . . 2 Saturday
Consumption density for equipment 17.6 W/m 08:00-18:00
Exterior lighting 100 W Molrédgg_—os;l (?()d ay
Air conditioning system (water-cooled chiller with fan coils) 30 kWh/m? Monday-Friday

07:00-22:30

Energy simulations were performed in DesignBuilder, using EnergyPlus. The model,
which incorporated actual building divisions, provided detailed data on the building’s
energy needs. These simulations considered key parameters such as student occupancy,
building materials, and energy use patterns. A section showing one of the floors of the
building model is shown in Figure 4b. Figure 5 shows the energy building’s energy demand
by category.
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Energy (kWwh)

350,000

300,000

250,000

200,000

150,000

100,000

50,000

Month

B Classroom electricity Interior lighting M Air conditioning Hot water  ®Exteriorlighting

Figure 5. Building energy demand per month and usage.

3.2. Design of the Generation System

The generation system combined wind and solar energy, taking into account the
building’s specific location conditions and energy needs. We prioritized technical aspects
over economic factors.

e  Wind Generation System Sizing: The RenovaWind EOS 1 kW [30] turbine was selected
for its rooftop suitability and omnidirectional operation. Using the Weibull wind
frequency method, we estimated the wind generation capacity and allocated a space
of 350.26 m? for 9 turbines. Each turbine has a rated power of 1000 W.

e  Solar Generation System Sizing: SunPower SPR-A450-COM [31] panels were selected
for their high efficiency and suitability for the available rooftop space. After accounted
for area occupied by wind turbines, 3521.86 m? remained for solar panels. The genera-
tion capacity was calculated using the Installed Power method, considering optimal
panel orientation and inclination. Each panel has a rated power pf 450 W.

o  Conventional storage system (Battery Bank Sizing): Tesvolt TS25 [32] batteries were
selected for their efficiency and reliability. These modular batteries can be expanded
in 4.8 kW increments. However, it could be replaced with another storage system.
Based on the highest daily combined energy generation, a total of 13 battery units are
required to store the surplus energy generated during off-hours.

3.3. Optimization Setup

The project’s primary focus was using a bio-inspired algorithm to optimize the system.
We reviewed various bio-inspired algorithms, including Bacterial Foraging Algorithm
(BFA), Particle Swarm Optimization (PSO), Genetic Algorithm (GA), and Ant Colony
Optimization (ACO), assessing their suitability for optimizing our generation system.
These algorithms were chosen for their relevance, effectiveness, and alignment with our
research objectives. Ultimately, the Particle Swarm Optimization algorithm was selected
due to its prevalence in the literature and relative ease of implementation, both in terms
of Python code simplicity and computational demands. After obtaining results using
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PSO, we used GA for the second optimization instance to further evaluate the viability of
this approach.

A comprehensive statistical analysis of energy flows within the case study building
was performed, followed by system optimization using the PSO algorithm. The goal was
to understand the building’s energy consumption patterns, including contributions from
solar and wind power. The methodology comprised the following steps:

1.  Data collection: We gathered energy-related data from separate sources. Design-
Builder simulations provided building energy demand and solar generation data,
shown in Figure 4. Since DesignBuilder is unable to simulate wind generation, a
MATLAB script was written to simulate it, considering the on-site historic weather
data, power curves from the turbines, and other relevant parameters.

2. Descriptive statistics: We calculated descriptive statistics to summarize the dataset.

3. Clustering: We used a k-means clustering algorithm to categorize data points exhibit-
ing similar characteristics.

Analysis of the large dataset gathered from the previously described methods reveals
several key insights. Combined solar and wind generation meet 33% of the building’s
energy demand, while air conditioning dominates consumption at 85% of the total load.
Most importantly, the analysis yields numerous figures, the most comprehensive of which
is visualized in Figure 6, which shows the data from May 6th to 13th.

1200

1000
=
= 800
=
> 600
o0
@ 400
L

200 /\

O | z I/“
05 06 07 08 09 10 11 12 13 14 15
Day
Energy demand Solar generation Wind generation

Figure 6. Generation vs. energy demand, from May 6th to 13th, where May 11th and May 12th
correspond to Saturday and Sunday, respectively.

The graph clearly shows that the energy demand significantly exceeds both solar and
wind generation. Furthermore, wind generation is negligible compared to solar generation
at this scale. We now turn to the comprehensive statistical analysis.

To understand overall system patterns in energy consumption and generation, a com-
prehensive analysis was performed using a Python script. This analysis encompassed all
three system components (consumption, solar generation, and wind generation), although
the figures presented here focus primarily on generation. Dendrograms were created
using single, complete, and average linkage methods to explore the data clustering. Fol-
lowing Mora et al. [33], the complete-link method was selected. Figure 7 shows all three
dendrograms generated for energy consumption.
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Figure 7. Energy consumption dendrograms. (a) single link; (b) complete link; (c) average link.

These diagrams are like family trees, showing how hours with similar energy use
patterns join together step-by-step. The dendrogram on the left (a) represents the single-link
method, the dendrogram on the middle (b) represents the complete-link method, and the
dendrogram on the right (c) represents the average-link method. The height of the lines
on the chart shows how different the points or groups are when they merge. Looking
at Figure 7, we can see the different methods might group the data differently—some might
create long chains, while others create tighter clumps. These pictures help us decide the
best number of clusters to use for our data. We typically look for a large vertical jump
in the lines to find a good place to ‘cut’ the tree and count the main branches below as
our clusters.

Following the creation of the dendrograms, a visual analysis is required to determine
the correct number of clusters for the dataset. Table 5 shows the conglomerate number
determined for each part of the analysis.

Table 5. Number of clusters for each part of the analysis.

Part Number of Clusters
Energy consumption 5
Solar generation 5
Wind generation 5

Once the appropriate number of clusters is known, the script goes on to allocate each
data point into one of the groups, creating a scatter chart like Figure 8.

The initial analysis clustered hourly building energy consumption data, represented in
a scatter plot where the vertical axis shows normalized consumption, and the horizontal axis
represents the time of year in hours. Each color represents a distinct consumption pattern
cluster. For instance, the largest cluster (purple) corresponds to periods of low energy use,
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while the smallest (red) indicates infrequent peak consumption periods. A similar scatter
plot was generated for solar energy production. However, the wind generation analysis,
shown in Figure 9, reflects Panama’s seasonal wind patterns, with higher generation
typically occurring during the dry season. Figure 10 presents two bar graphs summarizing
the clustering results: one displaying the centroid of each cluster, and the other showing
the number of hours within each cluster.

’ Energy C ption Clusters - Complete Link
Bl T

o
w©
T
4

OA W=

0.8 —

o
=
T

Normalized Consumption
[=] o
S T
T T

02—

4000

Hour

Figure 8. Energy consumption scatter plot for the complete link method.

; Wind Energy Generation Clusters - Complete Link
I I I I

09—

'
o s N

0.8 —

07— -

b
>
I

Normalized Generation
o o
-~ (4]
I I

02—

0 1000 2000 3000 4001 5000 6000 7000 8000 9000
Hour

Figure 9. Wind generation scatter plot for the complete link method.

The cluster analysis generally reveals an inverse correlation between cluster size
(number of hours) and centroid value (average consumption). Clusters 3 and 4 are excep-
tions, exhibiting a reversed centroid order compared to the overall trend. Despite these
exceptions, the analysis effectively illustrates the system’s operational patterns.
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Figure 10. Energy consumption bar graphs for the complete-link method.

3.4. Performance Evaluation

Having established this foundation, we now proceed to the core of the project: opti-
mizing the system using a bio-inspired algorithm. Table 6 lists several options considered,
based on literature review.

Table 6. List of some existing bio-inspired algorithms.

Algorithm Description Source

Based on the behavior of bacteria in search of nutrients, BFA is an optimization algorithm

Bacterial Foraging Algorithm (BFA) that emulates the chemotactic movement of bacteria in their search for food.

[34]

Inspired by the behavior of bird flocks and fish schools, PSO optimizes a function by having
Particle Swarm Optimization (PSO) a population (a swarm) of candidate solutions (particles) and moving these particles around [35]
the search space according to simple mathematical rules.

This algorithm is based on the principles of natural selection and genetics, such as

Genetic Algorithm (GA) inheritance, mutation, selection, and crossover, to find the best solution to a problem. [30]
o Inspired by the behavior of ants in search of food, ACO is a probabilistic algorithm that is
Ant Colony Optimization (ACO) used to find the optimal path in a graph. 371
. This algorithm is inspired by the behavior of bees in search of food, particularly the way in
Bee Algorithm (BA) which worker bees share information about the location and quality of food sources. [38]
R Based on the behavior of bats and their use of echolocation, this algorithm is used for
Bat Algorithm (BA) global optimization. i (391
Firefly Algorithm (FA) Inspired by the behavior of fireflies and their use of light signals to attract other individuals. [40]
. This algorithm is inspired by the brood parasitism strategy of the cuckoo, which lays its eggs
Cuckoo Search Algorithm (CSA) in the r%ests of other }l;ird sp}e,cies. P & g i 411
Inspired by the i tem, this algorithm i d i ly detection, patt
Artificial Immune System (AIS) rrelsggﬁiﬁo;/ ! relz CF:;:EEIQZ 27150 ﬁm is algorithm is used in anomaly detection, pattern [42]
Cat Swarm Optimization (CSO) Based on the behavior of cats, and in particular on their behavior of searching and pursuing. [43]

The algorithm chosen for this project was Particle Swarm Optimization (PSO). This
algorithm is inspired by the movement of flocks of birds and schools of fish. It offers several
advantages: strong good performance across diverse optimization problems, a limited
number of parameters to tune compared to other optimization algorithms [44], which
simplifies the task of finding an effective configuration, and its generally relative ease of
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use. A Python library facilitates rapid implementation of a basic PSO algorithm without
requiring custom coding [45], and the simulations run quickly. The algorithm works
as follows [46]:

1. PSO begins with randomly scattered particles within a search space. Each of these
particles represents a potential solution and has parameters for both position and velocity.

2. An objective function assesses each particle, determining the “fitness” of its
current position.

3. Each particle remembers the best position it has encountered, and the swarm collec-
tively remembers the best position found by any particle.

4. In each iteration, the particles adjust their velocities and positions according to a
velocity update rule. This rule is influenced by the particle’s previous velocity, the
best personal position, and the best global position.

5. This process iterates until a stopping criterion is met, typically a user-defined maxi-
mum number of iterations.

We performed optimization in two areas: first, optimizing the distribution of the
generators on the roof of the building, and second, optimizing the battery discharge rate.
The first optimization determined the optimal mix of the pre-established number of gen-
erators. The second optimization used the algorithm to determine the best moments
during the day to utilize stored battery energy, given inputs of generation, consump-
tion, and other relevant data. This aimed to reduce the energy deficit compared to the
original system.

The most important aspect of every optimization problem is the objective function; here,
we consider two. Where E is energy, D is deficit, A is area available, and G is generation,
Equations (1) and (2) represent the total energy generated by both the solar and wind parts of
the system, respectively. This considers the area in square meters that each part occupies on
the roof, and the generation per unit of area. This takes us to Equation (3), where the results
from the two previous equations are used to calculate the energy deficit, by subtracting them
from the energy demand of the building, and lastly Equation (4) is the objective function,
which is the sum of the deficit in the given time of the project, the result of which must be
minimized by the algorithm. Not shown in these equations are the limits enforced on these
variables, which limit things such as the area of the roof that is available (0-3802.12 m?), an
upper and lower limit for working wind speed for the turbines (5-14 m/s), a penalty given to
the algorithm which forces it to remain within the previously defined area bound, the PSO
variables were set at 100 particles and 1000 iterations of the optimization. An explanation
for the work process of the written snippet in Python that performs this task is available
in Appendix A, but a flowchart showing the basic steps is shown in Figure 11. The end result
is that the algorithm indicates how much, in percentage, of the available space on the roof
corresponds to the solar panels and wind turbines, respectively. These percentages are then
converted to an actual number of solar panels and turbines.

Esolar = AsolarGsolar 1)

Ewind = AwindGwind 2)

D = |Egemand — (Esolar + Ewind)| ®3)

fmix = MIN <average ( Z Dtime> ) 4)
time

The PSO parameters were selected based on common practices and preliminary tuning:
a swarm size of 100 particles was chosen for adequate search space coverage, 1000 iterations
allowed for sufficient convergence time, and coefficients w = 0.9, c1 = 0.5, c2 = 0.3 were set to
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effectively balance global exploration and local exploitation for this problem structure. Area
constraints (total limit, minimum wind, non-negativity) were managed using a penalty
function approach.

Start Import libraries 47/ Read entry data Deflrf1e ob}ectwe
/ ) unction

’

Define limits

Initialize PSO

End Print results .
optimizer

L J

Figure 11. Basic steps for energy mix optimization code.

The second stage of optimization focused on battery discharge management. It used
data from the first optimization with the same PSO parameters, where variables with the
same name depict the same information, but it could also incorporate data from other
sources, such as DesignBuilder energy simulation results. Equation (5) calculates the en-
ergy deficit considering the battery discharge, and Equation (6) is the objective function.
Similar to the first optimization, the Python code snippet explanation for this task is available
in Appendix A and a flowchart showing the basic steps of the process is shown in Figure 12.
The limits placed on these equations include the lower and upper bounds for battery capacity.

Dtime = Edemand — Gsolar — Gwind — Bdischarge ®)

fpat = MIN ( Z |Dtime|> (6)

time

To further assess the viability of bio-inspired algorithms and inform future research,
we subsequently applied the Genetic Algorithm. Given the superior results of the battery
discharge optimization, as discussed in the next section, the GA was used solely for
this purpose.

Building upon the initial analysis with PSO, the Genetic Algorithm (GA) was se-
lected as an alternative bio-inspired method, primarily due to its recognized strengths in
navigating complex optimization landscapes often encountered in energy systems man-
agement [47]. Unlike PSO’s particle trajectory approach, GA operates on a population of
potential solutions, applying principles inspired by natural selection, including selection,
crossover (recombination), and mutation. This approach helps GA search thoroughly for
the best solution, making it less likely to get stuck on a ‘good enough” answer instead of
the optimal one. Getting stuck is often a problem when dealing with complex rules and
interactions, like those involved in managing battery use with changing energy genera-
tion and needs. The ability of GA to maintain diversity within its solution population
allows for broader exploration of the search space, increasing the likelihood of discov-
ering fundamentally different and potentially superior operating strategies compared
to PSO [47].

This simulation explicitly modeled and enforced battery constraints, namely the
previously mentioned battery bank capacity and a 0.9 charging efficiency. GA parameters
were chosen based on typical ranges and preliminary testing to ensure robust performance:
a population size of 100, consistent with PSO for fair comparison and providing sufficient
diversity for the high-dimensional problem, was evolved over 50 generations, found to be
adequate for convergence in initial runs. Two-point crossover (probability 0.5) was selected
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to allow effective exchange of scheduling blocks, while Gaussian mutation (probability 0.2,
sigma = 10, indpb = 0.1) provided necessary local search capability for the continuous nature
of discharge values. Tournament selection (size 3) was used for its common effectiveness
in maintaining selection pressure while preventing premature convergence. Figure 13a,b
demonstrate an overview of how PSO and GA work at a basic level.

[ \ ( R ( =
Start — Import libraries Read entry data Calculatzgg:l energy
\ ) \ J \

!

Apply results to battery Initialize PSO . Define objective
charge optimizer Denneilimits function
s s N ( \
Calculate final energy Generate pigls End
deficit > P g
L L J J
Figure 12. Basic steps for battery discharge optimization code.
PSO Start GA Start
Generate initial
POERiOn Al velcky Evaluate fitness
Evaluate fithess
> g Stop
r ~ condition
Update best global
position and velocity No
( J No
~
Yes : Crossover and
Stop Selection -
condition
Yes
Giipuk sesulls [ Output results
7
(a) (b)

Figure 13. (a) Particle Swarm Optimization flowchart. (b) Genetic Algorithm flowchart.
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Energy (kWh)

4. Results Analysis

The PSO algorithm, as implemented, uses 1000 particles in each iteration, with each
particle attempting to find the optimal solution to the objective function. The algorithm
runs for a maximum of 100 iterations per run. For the following results, we executed the
program 10 times. Table 7 shows the results from this process.

Table 7. PSO energy generator mix optimization results.

Number of Solar Panels Number of Wind Turbines
Manual design 1743 9
Optimized design 1207 36

As shown in the table, the optimization resulted in a decrease in solar panels by
536 modules and an increase of 27 wind turbines. Vertical wind turbines offer a relatively
fast return on investment [48] and, in theory, should provide greater generation at night,
when the solar panels are inactive. Since the building’s demand is very low at night, this
increased nighttime generation could provide surplus energy to be stored in the batteries
for later use.

The code for the second optimization generates both numerical and graphical results,
including the building’s energy demand, the original energy deficit, the battery charge

level, and the final energy deficit. Figure 14 shows a sample graph displaying one week
of data.

1000 1

800

600

200

—200 4

Building demand
— Initial energy deficit

Battery charge level
~ Final energy deficit

T
2023-05-06

T T T T T T T T
2023-05-07 2023-05-08 2023-05-09 2023-05-10 2023-05-11 2023-05-12 2023-05-13 2023-05-14

Time (yyyy-mm-dd)

Figure 14. Energy analysis for the May 6th to 13th week, where the blue line is the “manual design”,
and the green line is the “optimal design”.

Figure 14 shows the building’s energy demand (gray line), the initial energy deficit
(blue line), the battery bank charge level (orange line), and the final energy deficit (green
line). Visual inspection of the graph suggests that the optimization has a limited impact
on reducing the energy deficit. The graph also reveals periods, particularly on Sundays,
where the energy generation exceeds the immediate demand. Quantified over the entire
year, this surplus energy amounts to 45,613.10 kWh, representing approximately 15% of a
single month’s energy demand, or 1.3% of the total annual energy demand. Figures 15-17
represent the same data at annual, monthly, and daily scales, respectively.
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Figure 15. Energy analysis for the whole year of this study.
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Figure 16. Energy analysis for the month of May.
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Figure 17. Energy analysis for May 6th.
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Next, we quantified the algorithm’s effectiveness in reducing the energy deficit, by
comparing the optimized system to the original system. Table 8 shows the results from
10 iterations.

Table 8. Results of decrease in energy deficit from 10 iterations.

Iteration Decrease in Energy Deficit (%)
1 -9.8
-9.9
-9.9
-9.8
-9.8
-9.8
-9.8
-9.8
-9.7
10 -9.8

O | (|| T | |W [N

Average -9.8

The average energy deficit increase was 9.8%. This gave us some helpful lessons
about designing these kinds of renewable energy systems. We started by focusing on
obtaining the most energy per square meter, which made it seem like using only solar
panels was the best idea. But the results showed us that we needed a more complete
approach. Our first attempt only looked at maximizing power; it did not think about things
like how much solar panels and wind turbines cost, how much we would have to pay
for electricity from the grid when our system was not enough, or how suitable the actual
building was for different technologies. The first try also did not fully consider that sunlight
and wind change all the time, and that the building’s energy needs also change. PSO is a
good method, but it can sometimes become stuck on a solution that is not really the best,
especially with complicated problems. It also relies on some settings that need to be just
right. And, because we did not build random changes into our model, the PSO may have
been too focused on one specific set of conditions.

The last runs with the PSO algorithm were performed with the second optimization,
without prior energy mix optimization, yielding different results. The graphsare visually
similar with a more notable difference between the initial and final energy deficit curves.
Quantitatively, this resulted in a 2% reduction in the energy deficit. The annual energy
surplus (energy that would be wasted without a battery bank) was 92,992 kWh, representing
4% of the annual energy demand. The Genetic Algorithm was subsequently used in the
same manner, with Figures 18-21 showing the results from these runs:

The Genetic Algorithm (GA) produced significantly different results compared to
Particle Swarm Optimization (PSO), highlighting the GA’s superior ability to navigate
the complexities of this particular optimization problem. The GA’s suggested strategy
involved storing all generated energy in the battery bank and discharging it as needed.
While this approach, in a real-world implementation, might raise concerns about long-
term battery health and efficiency losses due to charge/discharge cycles, it demonstrably
reduced the energy deficit more effectively within the simulation. The initial energy
deficit of approximately 2,333,160 kWh was reduced to approximately 2,241,025 kWh, a
4% decrease—roughly double the improvement achieved with the initial PSO implemen-
tation. This superior performance could be attributed to several key differences between
the algorithms:



Energies 2025, 18, 2100 19 of 26

1.  Better Exploration: GA explores many possible solutions at once, like trying out lots
of different designs. PSO focuses on improving a single solution, which can make it
become stuck on a design that is not truly the best.

2. Built-in Advantage: GA naturally favors solutions that perform better overall, even
if we do not explicitly tell it all the rules. It is like natural selection—the “fittest”
solutions survive.

3. Handles Complexity Better: GA is better at dealing with all the complicated ways
that solar power, wind power, batteries, and building energy use interact. PSO can
struggle with these complex relationships.

Energy analysis for the whole year of the study
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Figure 18. Energy analysis for the whole year of this study, using the GA.
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Figure 19. Energy analysis for May, using the GA.
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Energy analysis for the May 6th to 13th week
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Figure 20. Energy analysis for May 6th to 13th, using the GA.
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Figure 21. Energy analysis for May 6th, using the GA.

5. Discussion

This research project explored bio-inspired optimization for energy management in
buildings. While the combined optimization efforts increased the energy deficit by nearly
10%, this outcome highlights several key considerations:

e  Space Limitations: The system was constrained by the available space on an existing
building. Because of this restriction, the manually designed generation system could
only meet approximately 33% of the building’s energy demand, though this does meet
certain European standards for renewable energy integration in existing buildings [49].
This emphasizes that retrofitting existing buildings with renewable energy systems
often faces physical limitations. Project developers and policymakers need to set
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realistic expectations about the achievable level of energy self-sufficiency based on
available space.

e  Economic Factors: This project prioritized technical performance over economic factors.
Future studies should include other parameters such as equipment cost and return on
investment, reflecting real-world implementation considerations, as demonstrated in
similar studies [48]. This means that optimization should not only focus on energy
production but also on minimizing overall costs.

e  Optimization Focus: The energy mix optimization, based solely on generation per
square meter and rated power, negatively impacted the energy deficit when combined
with the subsequent battery discharge optimization. However, applying the battery
discharge optimization to the original non-optimized system did yield a positive
result of 2% reduction in the energy deficit. This demonstrates that optimizing indi-
vidual components in isolation can be counterproductive. A holistic, system-level
optimization approach is crucial for achieving overall efficiency gains. Designers
should carefully consider the interactions between different system components.

e  Algorithm Choice: Applying the Genetic Algorithm (GA) to the battery discharge
optimization achieved a 4% reduction in energy deficit, double that of PSO. There is
no one-size-fits-all optimization solution. Engineers and designers should experiment
with multiple algorithms and carefully evaluate their performance based on the specific
project requirements and constraints.

In summary, while optimizing the energy generator mix using Particle Swarm Opti-
mization (PSO) decreased overall system efficiency by nearly 10%, using PSO for battery
bank discharge optimization increased efficiency by 2%. The Genetic Algorithm (GA)
further improved battery bank discharge optimization, achieving a 4% efficiency increase.
These findings highlight the significant impact of both algorithm selection and the specific
optimization target on overall system performance, emphasizing the need for diverse
algorithmic approaches and consideration of system parameters in future research.

Negative optimization results, as observed in this study, are not uncommon in the
literature. For example, Azad et al. [50] applied several bio-inspired algorithms to an
energy generation problem, and one algorithm yielded negative results due to difficulties
in handling nonlinear constraints. Similarly, Kohne et al. [51] found that some algorithms
failed to optimize a system effectively because they struggled to balance cost optimiza-
tion with constraints such as temperature limits and system stability. While the specific
challenges encountered in those studies differ from those encountered with PSO in our
work, these examples highlight the inherent variability in the performance of optimization
algorithms and their sensitivity to problem-specific constraints and objectives.

6. Conclusions

This study investigated the intersection of biomimicry and renewable energy genera-
tion, specifically exploring how biomimetic-based algorithms—Particle Swarm Optimiza-
tion (PSO) and Genetic Algorithm (GA)—could be applied to the design of a distributed
energy system for an existing building in Panama. We designed and theoretically im-
plemented a distributed renewable energy generation system for an existing building,
using dynamic simulations to account for its physical space and operational characteristics.
While our findings reveal both the shortcomings of the PSO algorithm in this particular
application, the GA algorithm demonstrated potential performance improvements in this
context. This success provides a tangible pathway towards more efficient and effective
distributed energy system design.

This study’s findings have limitations affecting scalability and real-world application.
The results are specific to a single Panama building using local TMY climate data and
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simplified energy models; performance metrics and the optimal system design will vary
significantly with different building types, spatial constraints, and climates. Consequently,
while the bio-inspired optimization methodology presented is potentially adaptable, the
specific quantitative results are not directly transferable. Furthermore, economic feasi-
bility was not assessed in detail. Practical viability hinges on factors beyond technical
performance, including capital/operational costs, component lifespans (particularly battery
degradation under intensive use), grid electricity prices, and potential incentives. The
technical optimum identified here may differ significantly from the most economic solution,
requiring a dedicated techno-economic analysis before considering implementation in any
specific project.

Beyond the specific conclusions of this study, we offer the following
general recommendations:

e  The superior performance of the GA suggests that incorporating GA-based optimiza-
tion into the design process for distributed renewable energy systems can lead to
demonstrably better energy generation and resource utilization. This translates to
potentially reduced energy costs and a smaller carbon footprint for buildings adopting
this approach.

e  Our work highlights the crucial need to integrate practical constraints, such as space limi-
tations, building adaptability, and economic factors (equipment and grid energy costs),
directly into the optimization process. Ignoring these factors can lead to theoretically
optimal but practically unfeasible solutions. Our methodology, incorporating dynamic
simulations, provides a framework for addressing these real-world challenges.

e  The findings are particularly relevant to the advancement of distributed energy in
Panama, where the push for renewable energy adoption is growing. The successful
application of GA-based optimization in our case study provides a valuable model
for future projects in the region, potentially accelerating the transition to a more
sustainable energy landscape.
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Appendix A
The explanation for the energy mix Python code using PSO is as follows:

1. Import necessary libraries: Imports the required libraries for data manipulation (pan-
das), numerical computation (numpy), and particle swarm optimization (pyswarms).

2. Load input data: Reads the ‘Datos_de_entrada.csv’ file into a variable
called ‘energy_data’.

3. Define the objective function: This function does the following:

e  [Extract solar and wind area values from the input.
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10.

e  Calculate energy generation for solar and wind based on input areas and data
from ‘energy_data’.

e  Calculate energy deficit: Find the absolute difference between energy consump-
tion (in ‘energy_data’) and the total energy generation.

e  Apply penalties: Assign a large penalty if the combined solar and wind area falls
below 80% of the available land.

e  Return: The average of the energy deficit and any penalty.

Set the available area: Define a variable ‘available_area” and assign the value 3872.12.
Define search space boundaries: Defines lower bounds (Ib) and upper bounds (ub),
both containing [0, available_area]. These set minimum and maximum values for
solar and wind areas.

Configure PSO options: Set parameters (c1, ¢2, w) for the Particle Swarm
Optimization algorithm.

Set bounds: Creates a tuple bounds containing the lower and upper bounds of the
search space.

Create optimizer: Initialize a GlobalBestPSO optimizer from pyswarms with settings
for the number of particles, dimensions, PSO options, and search space bounds.
Run Optimization: Execute the optimization process using the objective function and
running for 1000 iterations. Returns the best cost (minimum total deficit) and the
corresponding position (optimal solar and wind areas).

Print results: Display the optimal cost (lowest energy deficit), and optimal solution
(best solar and wind areas).

The explanation for the battery management Python code using PSO is as follows:
Import Libraries

pandas: Data manipulation and analysis.

numpy: Mathematical operations.

pyswarms: Implements Particle Swarm Optimization.
matplotlib.pyplot: Plotting and visualization.

datetime: Working with dates and times.

Load Data

e  Read ‘Datos_de_entrada.csv’ into a pandas DataFrame named energy_data.
Data Preprocessing

e  Convert the ‘date’ column to datetime format.

e  Calculate the initial energy deficit (consumption—solar energy—wind energy).

Define Objective Function (f)

e Input: An array representing battery discharge levels for each timestep.

e Calculate: The final energy deficit by subtracting battery discharge from the
initial energy deficit.

e  Return: The sum of the absolute values of the final energy deficit across all
time intervals.

Configure PSO

e Set up a GlobalBestPSO optimizer with 100 particles, searching an 8760-
dimensional space (representing hourly battery usage in a year). Specify PSO
parameters (cl, c2, w).

Optimize Battery Usage

e  optimizer.optimize(f, iters = 1000): Run the PSO algorithm to find the optimal
battery discharge patterns to minimize energy deficit.
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e  Store the best cost (representing minimized deficit) and best position (optimal
battery discharge values).
7. Analyze Results
e  Print the final cost (optimized energy deficit).
e Add new columns to energy_data:
O ‘battery_discharge”: Optimized battery discharge levels.
O ‘final_energy_deficit": Updated deficit after considering battery.
e  Save the enhanced DataFrame to ‘optimized_energy_data_10.csv’.
8.  Focus on Saturdays

e  Filter energy_data to include only Saturdays.
e  Calculate the total energy deficit on Saturdays.
e  Print the result.

9.  Focus on Sundays
e  Filter energy_data for Sundays.
e  Calculate the sum of initial and final energy deficits for Sundays.
e  Print the results.

10. Focus on May

e  Filter energy_data for the month of May.
e  Filter further for May 6th to May 13th, and specifically for May 6th.

11. Visualization

e  Year-Round Plot: Plot energy consumption, initial deficit, battery discharge, and
final deficit across all dates. Add a title and legend.

e  May Plot: Repeat the plot, focusing on the month of May:.

e  May 6th-13th Plot: Repeat the plot, zooming in on May 6th to 13th.

e  May 6th Plot: Repeat the plot, specifically showing data for May 6th.

12.  Analyze Negative Values

e  Filter energy_data for rows where any of the following are negative: initial energy
deficit, final energy deficit, energy consumption.

o  Combine the filtered data into a DataFrame negative_values_df.

e  Save negative_values_df to ‘new_data_with_original system.csv’.
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