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Resumo

As florestas fornecem serviços essenciais para o ecossistema, mas a sua gestão susten-
tável permanece umdesafio. A otimização do volumedemadeira extraída e a avaliação
de diferentes estratégias de gestão exigem a simulação do futuro desenvolvimento dos
povoamentos florestais. Para auxiliar neste processo, os gestores florestais necessitam
de ferramentas que lhes permitam tomar decisões informadas e baseadas em dados,
uma gestão que equilibre metas imediatas com a sustentabilidade a longo prazo.
Este trabalho aborda esses desafios através do desenvolvimento de um simulador web
de gestão de alternativas florestais, dotadodeumalgoritmogenético adaptado (NSGA-
II). O simulador está disponível na plataforma "Floresta Digital". Para garantir a sua
integração bem-sucedida, o processo de desenvolvimento foi dividido em duas etapas:
primeiro, foram realizadas melhorias no website existente e, em seguida, foi criado e
implementado o simulador.
O simulador permite que os utilizadores explorem diversas opções de gestão florestal,
avaliando o equilíbrio entre a extração de madeira e a variação do volume ao longo
do tempo, apresentando múltiplas alternativas de gestão. A modificação do algoritmo
possibilitou a criação de um maior número de possíveis combinações de povoamen-
tos, satisfazendo as restrições do problema e indo além dos métodos tradicionais. Para
avaliar o desempenho do NSGA-II modificado, foram aplicados vários indicadores de
desempenho e parâmetros diferentes, comparando-os com a versão padrão. Os resul-
tados indicam que o algoritmo otimizado gera um maior número de soluções válidas
sem aumentar significativamente o tempo de execução, proporcionando um melhor
desempenho em termos de diversidade de soluções e eficiência computacional.
O simulador fornece dados de uma floresta em Coimbra, Portugal, para estudos exper-
imentais, mas também suporta conjuntos de dados de outras localidades para proble-
mas de otimização semelhantes. A criação do simulador segundo um formato Web
permite aumentar a acessibilidade para os profissionais da área florestal. No entanto,
o simulador apresenta algumas limitações, particularmente no que diz respeito à in-
trodução manual de dados e à definição de objetivos por parte do utilizador. Estas
limitações proporcionam oportunidades para melhorias futuras. Este trabalho con-
tribui para a gestão sustentável das florestas ao fornecer uma ferramenta prática de
simulação para apoiar a tomada de decisão pelos gestores florestais.

Palavras-chave: Gestão Florestal, Simuladores Florestais, Otimização Multi-Objectivo,
Algoritmos Genéticos, NSGA-II
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Abstract

Forests provide essential ecosystem services, but their sustainable management
presents a complex challenge. Achieving objectives such as timber harvesting optimi-
sation require simulating the future development of forest stands and evaluating var-
ious management strategies. To support this, forest managers need access to decision
support tools that enable informed, data-driven choices, ensuring that management
practices balance immediate goals with long-term sustainability.
This work addresses these challenges by developing a web-based forest management
simulator integrated with an adapted genetic algorithm (NSGA-II). The simulator is
available on the "Floresta Digital" platform. To successfully integrate the simulator, the
development process was divided into two stages: first, improvements to the existing
website, followed by the creation and implementation of the simulator itself.
The simulator allows stakeholders to explore various forest management optionswhile
assessing the trade-off between timber harvesting and volume variation over time, gen-
erating multiple management alternatives. By enhancing the algorithm to generate a
wider range of valid stand combinations, this modification not only satisfies problem
constraints but also outperforms traditional methods. To evaluate the performance
of the custom NSGA-II, several performance metrics and different parameters were
applied and compared to the standard version. The results suggest that the custom
NSGA-II generates a larger number of valid solutions without a significant increase in
runtime, offering superior performance in terms of solution diversity and computa-
tional efficiency.
The simulator provides data from a forest in Coimbra, Portugal, for experimental re-
search, but also supports datasets from other locations for similar optimisation prob-
lems. Its web-based design ensures accessibility for non-experts, however, limitations
likemanual data entry anduser-defined objectives highlight opportunities for enhance-
ments. This study strengthens sustainable forest management by providing a practical
simulation tool to aid decision-making for forest stakeholders.

Keywords: Forest Management, Forest Simulators, Multi-Objective Optimization, Ge-
netic Algorithms, NSGA-II
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Epigraph

"You can’t just turn on creativity like a faucet. You have to be in the right mood.
What mood is that?
Last-minute panic."

– Calvin and Hobbes by Bill Watterson
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1 Introduction

1.1 Context to Forest Management
Forests are complex systems that provide a wide range of ecosystem services that con-
tribute to environmental sustainability and resilience. However, the quantity and di-
versity of these services depend heavily on the type of forest management applied and
the initial conditions of the landscape.
In Portugal, particularly in the central region, the forest landscapes are mainly com-
posed of planted forests ownedbymany small non-industrial private landownerswhose
main objective is wood production [1, 2].
The extensive use of maritime pine and eucalyptus, along with agricultural abandon-
ment and lack of active forestmanagement, has led to large areas of forestmonocultures
and scrublands. These conditions, combined with orographic and climatic factors typ-
ical of the region, as well as climate change, have resulted in widespread forest fires
and the spread of invasive wood species. This has caused the loss of ecological and
economic value of forest areas and their degradation, significantly altering the land-
scape and compromising sustainability.
In response to this concern, Portugal has adopted the recommendation of several in-
ternational bodies and policy makers from the European Union to use a landscape
approach to forest management [3–5]. This approach aims to better tailor policy mea-
sures and forest management to meet the expectations of local stakeholders and com-
munities and to promote the resilience of forested landscapes [5, 6].
A new policy instrument known as AIGP (Integrated Landscape Management Areas)
has emerged to promote forest management at the landscape level, proposing a multi-
functional model for forest spatial planning. This model is based on functional zoning,
which divides the territory into three categories: (1) the resilience structure aims to
reduce fire hazards; (2) the ecological structure to ensure the environmental services
of the landscape and the conservation of natural areas and biodiversity; and (3) the
remaining area that does not have any designation but will be called a matrix in this
work, where wood production and other forest products with economic value can be
pursued to meet the needs of forest landowners.

9
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The first two structures are designed to adhere to the spatial environmental restric-
tions specified in the hierarchical planning system. In contrast, in the matrix, the use
of awide range of forestmanagementmodels and silvicultural options is encouraged to
promote landscape heterogeneity and structural diversity. Diversifying management
strategies can improve the ecological and economic resilience of the landscape, help-
ing to reduce the likelihood of catastrophic events and the economic dependence on a
minimal range of forest products [7].
Management strategies should integrate silvicultural practices to improve forest re-
silience to climate change. These practices, among other adaptation measures, include
species diversification, the establishment of mixed stands, the promotion of natural
regeneration, adjustments to harvesting ages, and the implementation of shelterwood
and selective cuts [8–12]. The diversification of silvicultural practices makes the pro-
cess of selectingmanagement alternatives significantlymore complex, requiring a care-
ful evaluation of ecological, economic, and operational trade-offs.
Furthermore, historical, political, and social factors significantly influence the effective-
ness of forest adaptation strategies, often limiting the universal applicability of findings
from global studies in addressing global change [13]. Therefore, it is essential to de-
velop locally tailored adaptation measures that account for specific regional contexts
and stakeholder needs, and the long-term sustainability of forest ecosystems. This adds
another layer of complexity to the already intricate challenge of designing forest man-
agement compositions and drafting management plans [14, 15]. Many authors em-
phasise the importance of the learning process involved, highlighting its fundamental
contribution to the quality and feasibility of the solutions developed [16, 17].
The specific social context in Portugal amplifies the importance of the learning process
in forest management. Exploring new approaches to adaptive silviculture for forest
stands and designing comprehensive management plans for areas with multiple for-
est owners are essential. The inherent complexity of the situation makes it difficult for
forest owners and decision-makers to clearly define their preferences without under-
standing how different management alternatives align with their objectives and poten-
tial outcomes.

1.2 Research Motivation
Forest management is a multifaceted challenge that requires balancing a variety of ob-
jectives, such as maximising timber yield, preserving biodiversity, and ensuring envi-
ronmental sustainability. Traditional optimisation techniques, such as linear and dy-
namic programming, have been used to address these challenges, with notable studies
by Hoganson et al. [18] and Borges et al. [19].

10
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However, these methods often face limitations when applied to large, complex, and
multi-objective problems [20], especially as the scale and complexity of forest manage-
ment increases. In these cases, the computational cost of traditional approaches can
become prohibitive.
In order to address these limitations, heuristic approaches have been employed as a
practical alternative, offering near-optimal solutions with manageable computational
costs [20, 21]. Among these, Genetic Algorithms (GAs) have emerged as a powerful
and widely used tool to solve complex, large-scale, multi-objective optimisation prob-
lems [22]. GAs utilise evolutionary principles to improve the populations of poten-
tial solutions over multiple generations [21]. In contrast to single-objective methods,
which consolidate various objectives into a single metric [23], GAs generate a set of
solutions that independently balance multiple objectives. As a result, this approach is
well suited to scenarios where the optimal solution may be represented by more than
one alternative.
A key development in this field is the Non-Dominated Sorting Genetic Algorithm II
(NSGA-II), which was introduced by [24]. The effectiveness of NSGA-II in producing
a range of Pareto-optimal solutions has been demonstrated, allowing decision-makers
to examine a variety of trade-offs rather than a single, potentially biased solution. The
core mechanisms of the algorithm, namely the non-dominated sorting and crowding
distance, assist in the preservation of diversitywithin the set of solutions, thus ensuring
a wide selection of high-quality results [24].
However, despite its proven effectiveness, such advanced optimisation techniques are
often inaccessible to forest managers due to the lack of open-source and user-friendly
platforms.
This research aims to fill a gap in forest management by offering a versatile and open
source tool: a web-based simulator for management alternatives. This simulator en-
ables decision-makers to assess the influence of a variety of management strategies
across defined planning periods in relation to timber volume, without previous knowl-
edge of optimisation algorithms or the need to define a mathematical problem.
For this work, a customised version of NSGA-II has also been developed and integrated
with the simulator, featuring a mutation operator designed to enhance the diversity
and quality of the solution, in accordance with the simulator requirements.
The entire process is accessible through the website www.floresta.digital.esac.pt,
which not only hosts this simulator, but also offers a range of additional forest tools,
providing a comprehensive platform dedicated to sustainable forest management.
This project resulted in the publication of the article "Optimising Forest Management
UsingMulti-Objective Genetic Algorithms" in the journal SustainabilityMDPI (Decem-
ber 2024) [25].
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1.3 Methodology

This project was carried out in two separate phases. Initially, the first phase concen-
trated on examining and refining the existing website platform associated with the
project. This phase included a series of enhancements designed to improve the func-
tionality and accessibility of the platform. Subsequently, the second phase was ded-
icated to the creation of a forest management simulator. The simulator has been de-
signed with a multistep format in order to facilitate an intuitive and straightforward
user experience.
In relation to the simulator, it has been constructed from two integrated modules. The
first module enables users to import forest stands and simulate potential management
options for individual stands, allowing them to test different scenarios. The second
module employs a custom NSGA-II algorithm designed to generate more diverse so-
lutions tailored to the context of the forest management problem.
The performance of the algorithm was evaluated through a practical case study, com-
paring the customised NSGA-II with the standard NSGA-II across various parameter
settings. The study aimed to optimise two primary objectives: maximising timber har-
vest volume and minimising standard deviation in harvest volumes throughout the
planning horizon, while ensuring that all constraints were met. The results demon-
strate the algorithm’s capability to offer forest managers a very diverse set of solutions,
helping to get better support for decision-making and trade-off analysis.

1.4 Outline of the Work

This work is organised into eight chapters, each focused on a key aspect of the research.
The structure of the document is as follows.
Chapter 1 introduces the research by summarizing the study’s objectives, methodolo-
gies, and document structure. This chapter sets the context and delineates the main
goals.
A comprehensive review of the literature concerningmulti-objective optimisation tech-
niques is presented in Chapter 2. This section explores the application of these tech-
niques in contexts such as forest management, emphasising the evolution of these
methods and their significance in addressing optimisation problems.
Chapter 3 concentrates on the technical execution of the research, detailing the tools
and libraries utilised for constructing the simulator’s web platform.
The design and architecture of the simulator are outlined in Chapter 4. This chapter
explores the development of the system, discusses initial challenges, identifies areas
for improvement, and describes the refinements made to the user experience.
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Chapter 5 focusses on the initial module of the simulator, providing an in-depth anal-
ysis of its requirements, the design of its data structure, and the workflow of the mul-
tistep form that guides the simulation process.
The incorporation of a multi-objective optimisation algorithm into the simulator is dis-
cussed in Chapter 6. This chapter provides an overview of the context of forest man-
agement and presents a mathematical formulation of the optimisation problem. It also
outlines the strategy used to adapt the algorithm to the specific requirements of the
study. A case study is used to illustrate the algorithm’s performance, followed by an
analysis of the results.
Chapter 7 presents a critical analysis of the completed work, evaluating its advantages,
limitations, and primary contributions.
In conclusion, Chapter 8 provides a summary of key findings and offers recommenda-
tions for future research directions.
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2 Related Work

This chapter presents a detailed examination of current research in forest management,
with a specific attention to the evolution of methodologies employed in forest ecosys-
temmanagement. The objective is to identify current trends and address existing liter-
ature gaps to support decision-making based on simulation tools in the field.
The following sections summarize the evolution of forest management strategies, start-
ingwith traditionalmethods for optimizing forestry practices. It then examines heuris-
tic approaches, such as Genetic Algorithms, tailored for multi-objective optimisation.
Next, the application of AI techniques in forest related contexts is reviewed. The chap-
ter ends with a summary of key findings from the literature.

2.1 Evolution of Methodologies for Forest Management

In forest management, effective decision making is key. Planning serves as a crucial
tool to facilitate decision processes within forests and aims to empower decision mak-
ers with the information and strategies required to achieve the balance between inputs
and outputs [26]. This balance helps to find the best goals set for sustainable manage-
ment of forested areas, these goals range from ecological and economic considerations
to social and recreational aspects [27]. In real life, forests are expected to generate rea-
sonable incomes, but also promote conservation and recreational aspects, making them
versatile enough to serve multiple purposes simultaneously.
Over the years, the landscape of forest management has evolved significantly. Reliable
assessment of forest productivity is essential for efficient forestmanagement. However,
productive forest management is aided by the efficient generation of precise models of
forest productivity. So in its earlier stages, forest management relied predominantly
on mathematical techniques to devise strategies to optimise forest resource use. These
studies were instrumental in the first steps towards more sophisticated tools for pre-
dicting the future dynamics of forests [28].
However, as technology advanced andnewchallenges such as climate change emerged,
forest management has seen a shift towards the incorporation of more computationally
based techniques. These techniques cannot guarantee finding only one optimal solu-
tion to a planning problem [29], however, given the uncertainty and the fact that forest
management is dynamic in time and space, the very notion of trying to find only one
solution may be a limitation of those mathematical techniques.
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It is crucial to keep in mind that environmental uncertainty is a factor in long-term
sustainable forest management [30].
Computational based techniques, in particular the use ofMachine Learning algorithms,
have helped to address challenges related tomodels performance, scalability, and eval-
uation of properties for complex cases. Themain goal of bothmodels is to help the user
gain insight into changes that affect forest productivity over time [31].

2.2 Exact Approaches in Forest Management
Societies are heavily dependent on forest ecosystems, as they play a crucial role in pro-
viding essential services. More than half of the global gross domestic product (GDP) is
estimated to be substantially dependent on ecosystem services, notably those provided
by forests [32].
However, thewaywood is being cultivated and cut is still based on rules of thumb from
the 1900s. Despite the need to paymore attention to forests and their ecosystems, there
is still difficulty in using several methods that have been studied and proven to help
optimise and achieve sustainable management of forests [33]. In addition to impacting
a main operation in forest management, timber harvesting, good or bad practices in
forests, can also impact other parts of the ecosystem such as CO2 sequestration, water
cycles, local climates and the preservation of biodiversity.
E. Bell defines mathematical programming as "a generic term for a set of methods that
can be used to optimise an objective in light of a set of constraints imposed on manage-
ment activities or constraints imposed on the allocation of land to various uses" [34].
These exact techniques, including linear, goal and mixed integer programming, can be
used to address spatial forest planning issues if computational needs do not become
too demanding and are generally successful in solving simple planning problems [29].
According to Shan et al. [29], there are various forest planning techniques such as
goal, integer, linear, mixed integer, non-linear, and dynamic programming. These ex-
act methods aim to ensure optimal solutions and are typically used to validate heuris-
tic methods or for small-sized problems. Considering all these techniques, the most
common optimisation method for forest management planning is linear programming
[35–37].
Linear programming is a useful tool to allocate resources efficiently, taking into account
various restrictions and maximising or minimising a goal [38]. Kangas et al. [26] sug-
gests that linear programming can be used to address a variety of sustainability issues,
as it allows multiple constraints. This task requires two crucial elements: quantifying
and ensuring the linearity of all variables needed to formulate the model.
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Another traditional optimisation technique is dynamic programming [39]. This tech-
nique is more versatile and takes special account of the sequential decision-making
process over time. As such, it becomes especially helpful to address and simplify the
ongoing and difficult issues that require a long-term plan for forest management at any
age [35, 40].
Exact conventional methods have proven their merit in optimising timber production
and biodiversity conservation. However, while they may have the advantage of being
transparent and interpretable, they may struggle to work for complex, non-linear rela-
tionships in forest stands, which is where more modern approaches based on heuris-
tic methods can complement and enhance traditional forest management optimisation
practices [41].

2.3 Heuristic Techniques
In the field of forest management, professionals are increasingly being tasked with
balancing a broader range of resource objectives than ever before. Modern sustainable
forest management has evolved from a focus on timber supply to incorporate more
integrated land use planning, taking into account social, economic, and ecological con-
siderations [42].

2.3.1 Multi-Objective Problem Solving

Despite significant advances in computing power andmathematical approaches, these
traditional techniques are more difficult to adapt given the increasing diversity of for-
est planning objectives. The main challenge is the complexity of the problem, because
the ecological and human components of decision-making have complex relationships
[42]. Therefore, in response to computational deficiencies, techniques designed to gen-
erate good approximate solutions or predictions have been investigated [43]. These
techniques may range from heuristic methods to newer approaches based on Artificial
Intelligence.
In forest planning, pursuing optimal solutions is often a challenging and computation-
ally demanding task. However, heuristics, defined as techniques that seek near-optimal
solutions at minimal processing cost, provide a pragmatic solution to this problem, ac-
cording to Reeves et al. [44].
Heuristics are particularly good at producing solutions that find a balance between
computational economy and efficacy. Heuristics can also offer adaptability in problem
formulation, allowing decision makers to align optimisation problems with diverse
goals and preferences [45].
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Categorised by solution generation strategies, heuristic methods can focus on point-
based approaches such as Tabu Search and Simulated Annealing (SA), as well as
population-based methods such as Genetic Algorithms and Particle Swarm Optimiza-
tion (PSO) [29, 46].
In forestry, usually, the pursuit of multiple goals lacks a universally agreed criterion for
measurement [37]. Assessing the degree of difficulty when meeting multiple goals in
management plans remains a challenge. However, most forest management problems
are cast as multi-objective optimisation problems. For this type of problem, multiple
objectives need maximisation or minimisation, accompanied by meeting constraints
to yield feasible solutions. The distinction between single- and multi-objective opti-
misation lies in the multidimensional space formed by objective functions alongside
the typical decision variable space [37, 47]. When it comes to reaching the goal of the
problem, heuristic optimisation techniques do not require a particular form for the ob-
jective function. Consequently, the design of the objective functions can vary from case
to case.
According to Pukkala [48], there are four basic approaches to formulate the objective
function for a multi-objective forest planning situation:

1. One goal is either minimised or maximised through the objective function, and
the other goals become constraints.

2. The objective functionmeasures the deviations of several objective variables from
their target levels. These levels are given in other equations of the problem for-
mulation.

3. A single objective is included in an objective function that is augmented with a
penalty function.

4. A multi-attribute function is developed and used as the objective function.
Some of these formulations resemble conventional mathematical programming meth-
ods, yet they are solvable via heuristic optimisation techniques. Nonetheless, the plan-
ner commonly needs to define weights or constraints for the objectives. However, in
this study [26], decision-makers do not establish these parameters in advance.
Given the inherent nature of heuristic problems, which often do not allow for exact
solutions, researchers commonly evaluate the quality of the solution using statistical
measures such as maximum value, minimum value, mean value, standard deviation
and an estimated global optimum solution [29].

17



Isabel Catarina Ramos Castro

2.3.2 Genetic Algorithms

The term "Genetic Algorithm"was first used by JohnHolland in 1975 and laid the foun-
dation for a thriving field of study that has since expanded to cover a wider range of
applications than the initial GA [49]. The terms "evolutionary computing" and "evo-
lutionary algorithms" are now used to refer to significant developments over the past
ten years in the field, which have expanded the concept beyond the original GA [50].

Genetic Algorithms are population-based heuristic techniques based on natural selec-
tion and natural genetics. For this reason, the terminology of genetics and biology is
used for their description [22]. This algorithm and its variations operate with a popu-
lation of solutions, termed chromosomes, and combines them to generate new genera-
tions of solutions. It uses the concepts of selection, crossover, andmutation to simulate
the mechanisms of biological evolution. These algorithms have been successfully used
in a variety of areas, including music generation, genetic synthesis, strategic planning,
and Machine Learning [51].

For forest planning, this algorithm provides flexible and efficient approaches to try to
find optimal solutions. Given the fact that they search through large solution spaces
efficiently, they are suitable for solving combinatorial optimisation problems. They can
also handle both spatial and non-spatial objective variables, and so they are an efficient
way to solve multi-objective optimisation problems [27].

The extensive use of Genetic Algorithms in forest planning is well documented in var-
ious studies and can be implemented in several ways [29]. However, a shared aspect
of all implementations is their attempt to identify multiple solutions [52]. This means
that GAs operate with a population of solutions. Each member of the population is a
chromosome, representing a potential solution. Chromosomes can be viewed as linear
formations consisting of contiguous segments, each segment corresponding to a vari-
able within the problem. Each segment contains one or more elements, called genes,
that perform a specific function [22]. From a biological point of view, each gene is
responsible for expressing a specific characteristic associated with the individual chro-
mosome.

The initial population of solutions is generated in a random manner and is subse-
quently subjected to simulated genetic evolution. The evolutionary process is carried
out via three genetic operators: selection, crossover, and mutation.

Selection is an operation designed to givemembers of a populationwith greater fitness
a greater chance of survival. In a numerical optimisation problem, the fitness of a
solution is measured in relation to the objective function value. The selection process
results in a population with an overall higher level of fitness. The population is then
subjected to the crossover operation.
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In this process, the genes of two parent chromosomes are combined to create a new
chromosome. Finally, mutation involves the random alteration of one or more genes
on one or more chromosomes in the population. In an optimisation context, mutation
can help avoid regions of local optima [22].
Several studies have produced different results depending on the characteristics of
the problem being solved. These characteristics include whether the problem was
single-objective ormulti-objective, how complex the constraints or objectiveswere, and
whether the problem was integrated with spatial systems. Most of these studies com-
pared the GA against other heuristic techniques, as previously described.
Bettinger et al. [53] and Pukkala et al. [54] conducted comparative studies evaluating
various heuristic optimisation techniques in the context of forest management. They
found that Genetic Algorithms are highly effective and their adaptability and robust-
ness make them a valuable tool for managing forests, especially when dealing with
complex spatial issues. Despite the fact that these studies were conducted, they did
not investigate the effectiveness of these algorithms when dealing with uncertainty in
forest planning.
In the study conducted by Ducheyne et al. [47], the objective was to implement an
optimiser that facilitates the simultaneous optimisation of multiple objectives without
the need to join these objectives in a single function.
In amulti-objective setting, an individual possessesmultiple objective values, each per-
taining to distinct objective functions. Consequently, the selection criterion for the evo-
lutionary algorithmmust be redefined to accommodate an objective value vector while
retaining the essence of a single fitness value selection. The investigation compared two
multiple objective algorithms: the Multiple Objective Genetic Algorithm (MOGA) de-
veloped by Fonseca et al. [55] and theNon-Dominated SortingAlgorithm II (NSGA-II)
by Deb et al. [24].
The study [47] aimed to evaluate its performance against a random search strategy
to gauge the efficacy of genetic operators. The findings revealed the effectiveness of
both MOGA and NSGA-II in random search strategies. NSGA-II notably approached
the Pareto-optimal front (solutions in which one of the objectives cannot be improved
without sacrificing another one) more closely than MOGA.
However, MOGA excelled in discovering extreme solutions, contributing to a more
widespread distribution along the Pareto front. Despite these strengths, neither algo-
rithmmanaged to pinpoint extreme solutions. NSGA-II demonstrated a faster approx-
imation of the front and displayed evenly spaced solutions, butMOGA slightly outper-
formedNSGA-II when considering the distance between extreme solutions. Neverthe-
less, NSGA-II exhibited greater stability in approximating the Pareto-optimal front.
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Hypervolume assessments and additional analyses consistently demonstrated that
NSGA-II surpassed MOGA in terms of solution space coverage. In general, NSGA-
II performed more effectively in forest management challenges. The study concludes
by highlighting the advantages of using Multi-objective Genetic Algorithms in for-
est management planning, and recommends integrating GIS (Geographic Information
System) with heuristic methods to enhance efficiency.

In order to address the multiple objectives involved in land use management, a multi-
objective evolutionary algorithm is the best solution. Multiple EAs, with slight varia-
tions in functionality, have been developed and implemented for these problems. The
most widely accepted are MOGA [55], NPGA [56], NSGA, and NSGA-II [24].

In addition, Deb et al. [57] explored how NSGA-II can be used to optimise multiple,
often conflicting, objectives within the context of land use management. NSGA-II was
selected as the optimal solution and designated as NSGA-II-LUM (NSGA-II in Land
Use Management). NSGA-II was chosen for its successful application to a broad range
of problems.

The GIS-based spatial algorithm effectively evaluated three key objectives: maximising
economic return,maximising carbon sequestration, andminimising soil erosion. These
objectives are particularly important in addressing global warming and soil degrada-
tion, making NSGA-II-LUM a valuable asset in contemporary environmental research.
Despite data limitations, NSGA-II-LUM showed potential to predict long-term global
changes. It uncovers complex relationships and offers valuable information on land
use management, promising for dynamic applications [57].

Fotakis et al. [22] introduced a spatial operator to enhance the efficiency of genetic algo-
rithms in multi-objective spatial forest planning. The study used a constrained NSGA-
II against a standard genetic algorithm to evaluate this newly proposed methodology.
The focus was on a typical harvest scheduling problem, with the aim of maximising
timber volume while minimising sediment levels, with constraints on minimum tim-
ber yield and even flows.

This algorithm adaptation included a spatial operator that functions as a secondary
mutation mechanism with a low probability. The operator assessed the spatial rela-
tionships between the "mutated" land unit and its neighbouring units within the study
area, ensuring localised spatial coherence in planning.

This modified algorithm, termed Spatial NSGA-II, achieved superior performance in
both constrained and unconstrained optimisation problems. Not only did it generate
better outcomes, but it also naturally preserved the cohesion of old forest patches, an
emerging property that was not explicitly targeted as a goal.
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According to Ducheyne et al. [58], when looking at the use of Genetic Algorithms to
solve a multi-objective optimisation problem in forest management, it is also essential
to take into account spatial objectives. Neglecting spatial intricacies during planning
may lead to plans that are misleading or impractical. Genetic Algorithms, particularly
when integrated with GIS, offer a solution by providing spatially feasible plans during
the optimisation process itself.
Insights from Næsset and Kurttila [59, 60] further emphasise the importance of incor-
porating spatial objectives and constraints in optimisation of forest management.
The connection between theGeneticAlgorithm andGIS through exchange files ensures
platform-independent communication, aiding in optimal task allocation. The results
of this type of integration revealed substantial differences in spatial layout and output
levels when spatial information was included, although only a fraction of the Pareto
front was explored [61]. This highlights the importance of incorporating spatial data
within the optimisation process and demonstrates the potential of a GA – GIS fusion
in the development of spatial decision support systems. It also underscores the risk
of omitting spatial-dependent objectives during implementation, which could lead to
misleading or unfeasible plans, even in a simple problem with two management com-
positions.
Previous research by the same authors demonstrated the efficiency of GAs over single-
objective formulations in forest management optimisation. By integrating the spatial
analysis capabilities of a GIS within the optimisation process, spatially feasible plans
were constructed during the optimisation.
Various studies consistently emphasise that the performance of heuristic methods
largely depends on the parameters that guide their search process. Identifying ideal
parameter values is essential to achieve high-quality solutions [43].

2.4 Applications of Artificial Intelligence in Forestry

Artificial Intelligence (AI) is increasingly impacting forestry, particularly in areas like
forest health monitoring, illegal logging detection, and biodiversity assessment. Ma-
chine Learning (ML), a key AI field, is being applied to improve data collection and
analysis through remote sensing and image recognition, enhancing forestmanagement
practices.
However, in forestry, challenges such as limited data availability and complex ecosys-
tems have slowed broader implementation. Nonetheless, ML is proving valuable in
specific applications, such as studying tree volume and growth dynamics.
Some of the following studies show the recent advancements and applications in forest
related tasks using Machine Learning models.
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Decision tree-based models, such as Random Forest (RF) and Gradient Boosting Deci-
sion Trees (GBDT), have been widely used for biomass estimation and forest produc-
tivity modelling. For example, He et al. [62] applied RF to include more forest stand
variables and environmental relationships, helping to improve prediction accuracy. For
instance, in [63], the authors also utilised RF algorithms to forecast tree species distri-
bution. Thismethod has also been used for improving the accuracy of coarse resolution
vegetation maps by down-scaling them to finer resolution climatic grids [64].
GBDT has been applied in forest resourcemanagement, where the integration ofmulti-
temporal LiDAR data with climatic factors has been shown to enhance model per-
formance for forest productivity, as demonstrated by Sotomayor et al. [31]. These
algorithms showcase superior performance when compared to more traditional ap-
proaches.
Another important technique, Artificial Neural Networks (ANN), is used for tasks
such as estimating tree volume, above-ground biomass, and evaluating the suitability
of forest plantation sites. For example, Nitoslawski et al. [65] used an ANN to assess
the suitability of cork oak plantations and predict biomass. Additionally, deep learn-
ing methods such as Convolutional Neural Networks (CNN) and Recurrent Neural
Networks (RNN) have advanced forest monitoring. Peng et al. [66] highlighted their
potential in processing satellite anddrones data for soil quality assessment to helpmax-
imise biomass production while minimising environmental impact, and also facilitate
crop monitoring.
Support Vector Machines (SVM) are also applied in forest management tasks such as
tree stem taper mapping [65] and predicting the spatial evolution of forest land [67].
Furthermore, Decision Support Systems, which integrate various MLmodels, help op-
timise soil quality and predict environmental conditions to enhance forest productivity,
as evidenced by Peng et al. [66].
ANN models have been widely used in fire risk prediction [68, 69], with studies such
as those by Safi et al. [70] and Sakr et al. [71] demonstrating their effectiveness in
modelling fire hazards and estimating fire spread dynamics. Other studies also reflect
on the use of ANN to help model forest risks such as organic carbon stocks in the soil
and evaluate snow damage [72].
Similarly, Support Vector Machines (SVM) have proven effective as an alternative to
predict the level of fire hazard or to predict the days of spread of the fire, with studies by
Liu et al. [41] and Safi et al. [70] showing its reliability in risk modelling. However, all
of these studies explain that challenges remain due to data availability, interpretability
concerns, and the need for widespread adoption.
A more advanced model, Particle Swarm Optimization Random Forest (PSO-RF), has
also been applied to fire risk prediction.
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Integrated with RF, PSO-RF combines environmental variables such as altitude, slope,
and proximity to human activity to improve prediction accuracy, as demonstrated by
Shi et al. [73]. The integration of the PSO algorithm with the RF model demonstrates
the effectiveness of combining optimisation algorithms with traditional models. The
study also compares other Machine Learning models that include Logistic Regression,
Support Vector Machine, and Random Forest. However, the PSO-RF model outper-
forms the others, as evidenced by higher Area Under the Curve (AUC) values.

Furthermore, according to Schmoldt et al. [74], several Machine Learning algorithms
such asKnowledge-Based Systems (KBS), ArtificialNeuralNetworks, Fuzzy Logic and
Bayesian Belief Networks (BBN), can be used to predict fire behaviour, assess the prob-
ability of pest and disease outbreaks, forecast weather events, and assess the impact of
anthropogenic activities, all of which affect optimal management of forests.

2.5 Summary

This chapter analysed forest resource management methods, focussing on the evolu-
tion from traditional optimisation techniques to AI-based and heuristic approaches. It
highlights the challenges of multi-objective planning, spatial dependencies, and com-
putational complexity in forest management.

The shift from linear anddynamic programmingmethods to heuristic techniques demon-
strates a continuous effort to improve decision-making. Recent advances in Artificial
Intelligence and Machine Learning further demonstrate significant potential in this
field.

The analysis in Table 2.1 reveals that traditional methods, such as linear and dynamic
programming, although effective for smaller or simpler problems, encounter limita-
tions when applied to more complex or dynamic forestry scenarios. Heuristic ap-
proaches, including Genetic Algorithms and NSGA-II, have emerged as strong alter-
natives capable of addressing multi-objective and spatially dependent forest planning
challenges. However, these methods require careful parameter tuning to ensure opti-
mal performance. Artificial intelligence and Machine Learning methods have shown
significant promise in predictive modelling and monitoring tasks. However, their use
for optimizing resource management in forests is not widely documented.

As a result, it can be concluded that there is a current knowledge gap concerning sys-
tems designed to create forest management alternatives that are both easily accessible
and open to modifications.
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Table 2.1: Summary of methodologies applied in forest scenarios

Method Strengths Weaknesses

Linear Programming Interpretable, suitable for small-sized
problems

Cannot handle complex, dynamic, or spatial
dependencies

Dynamic Programming Suitable for sequential decision-making
over time

Computationally intensive for large-scale or
long-term plans

Genetic Algorithms Flexible, handles multi-objective
and spatial optimisation

Sensitive to parameter settings, requires
significant tuning

NSGA-II Effective for multi-objective problems,
generates diverse Pareto-optimal solutions

Computational complexity in large-scale
applications

AI/ML Models Highly accurate predictions, helpfull in
risk assement

Limited by data quality and availability,
scalability remains a concern, not usually used
for optimisation tasks
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3 Tools and Frameworks

The successful implementation of this project is based on the use of contemporary tools
and frameworks that facilitate the flow of development processes, improve operational
efficiency, and support the execution of complex processes. The following sections pro-
vide an overview of the main technologies employed, including development environ-
ments, web frameworks, and specialised libraries that are essential for the implemen-
tation of front-end and back-end functionalities.

3.1 Web Platform Details
This research is part of the F4F project [https://f4f.serq.pt], within Pilot Projects 7
and 10. Previously, it was proposed to create a web platform that combines the work
of other projects, including this simulator. This platform, named Floresta Digital, is
the result of projects by some ISEC students: Daniel Correia, José Lopes and André
Guimarães [75]. Ana Rita Malta was responsible for the creation and development of
the initial platform. This project also counts on the participation of Professor Mateus
Mendes, Professor Raúl Salas González, and Professor Beatriz Fidalgo.
The main goal of the web platformwas to integrate a suite of simulators tailored to the
forestry domain, with the aim of making them accessible to a diverse range of potential
users, including forest managers, foresters, forest owners, and students.
The platform hosted three different types of simulator, each catering to specific aspects
of forest resources. The first is a growth and production simulator that runs on the
maritime pine stand. The second is a tree-level simulator that estimates the volume
of cork produced by cork oak, and there is also a similar tree-level simulator that pre-
dicts the volume produced by maritime pine. There is a fourth simulator specifically
designed for the estimation of American oak volume that is still under construction.
Through the efforts of this project, the website now has a total of four functional sim-
ulators, classified into two main categories: volume or area simulators and growth or
management alternative simulators.
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3.2 Development Environment

The choice of an appropriate development environment was critical to enable efficient
coding, debugging, and collaboration. PyCharm [76] (version 2024.3) was used as
the primary Integrated Development Environment (IDE) due to its advanced features,
such as intelligent code assistance, integrated debugging tools, and seamless integra-
tion with version control systems. Its robust support for Django further reinforced its
suitability for this project.
Version control was managed through GitHub [77], which served as a centralised
repository to track changes and maintain code integrity. Although the development
process was conducted individually, the repository was structured to facilitate future
collaboration. AGitHubActionwas implemented to automate server-side updates, en-
suring that the latest version of the project is deployed efficiently and consistently upon
pushing changes to the main branch. To manage tasks and monitor progress, Trello
[78] was used as a project management tool, allowing clear organisation of workflows
and effective timeline management.

3.2.1 Back-End Framework and Deployment Tools

The back-end development of the project was centred around Django (version 4.2.9)
[79]. Launched in 2003, Django is a high-level Python web framework known for its
scalability, security, and extensive built-in features [80]. Supports swift development
and the design of applications using clear and functional design principles. The frame-
work architecture provides an integrated Object-Relational Mapping (ORM) system,
an intuitive administrator interface, and middleware capabilities for efficient handling
of requests and responses [80]. In particular, Django is freely available and adheres to
open source principles, fostering community collaboration and continuous improve-
ment [81].
The deployment process used Nginx (version 1.26.2) [82] and Gunicorn (v23.0.0) [83]
to establish a high-performance, secure, scalable production environment. Nginx was
configured as a reverse proxy server, facilitating efficient load balancing, secure han-
dling of client requests, and the serving of static files. Gunicorn was used as the Web
Server Gateway Interface (WSGI) HTTP server. This tool communicates between the
Django framework and Nginx to ensure a reliable handling of HTTP requests, illus-
trated in Figure 3.1.
To streamline the deployment workflow, a GitHub Action was implemented, automat-
ing the process of updating the codebase on the server. This integration eliminated
the need for manual interventions outside the local development environment, as well
as automatically linting the codebase, ensuring consistency and reducing deployment
overhead.
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Figure 3.1: Interactions of a Django app with Gunicorn and Nginx

3.2.2 Front-End Integration

The front-end aspects of the project were developed using the Django templating en-
gine, which provided a solid foundation to render dynamic content. To further enhance
interactivity and user experience, Django-Leaflet (version 0.29.0) was integrated to im-
plement interactive mapping capabilities, allowing intuitive visualisation and manip-
ulation of spatial data.
For design and layout, Bootstrap (version 5.2) and FontAwesome (version 5.0) were
used to ensure a responsive, consistent, and visually appealing user interface. These
frameworks streamlined the development process by offering pre-designed compo-
nents and iconography. Furthermore, GSAP (v3.12.5), a widely adopted JavaScript
animation library, was utilised to introduce engaging animations while maintaining
compatibility with all major web browsers [84].
Other Django tools employed include Django’s built-in static file management system
to efficiently serve front-end assets and Django’s Form and Widget framework, which
facilitated the creation and customisation of user-friendly input forms.

3.2.3 Python Libraries

A diverse range of Python libraries were integrated into the project to support various
computational, analytical, and visualisation tasks. For datamanipulation and analysis,
Pandas (v2.2.0) was used due to its robust handling of structured data. Visualisation
tasks were performed using Matplotlib (v3.8.2) and Seaborn (v0.13.2), which allowed
the creation of informative graphical representations. Additionally, Folium (v0.15.1)
was used to produce interactive geographic maps.
Arithmetic operations were supported by libraries such as NumPy (v1.26.3) and SciPy
(v1.14.0). Optimisation tasks, including those that involve genetic algorithms and
multi-objective optimisation, were handled using Pymoo (v0.6.1.1) [85].
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4 Architecture of the Web Platform

This chapter presents the redesign process of the existing website, which required a
comprehensive restructuring to improve functionality, resolve persistent bugs, and en-
hance the user experience. The structure of the previous website, although functional,
was constrained by limitations that affected performance and scalability. The following
sections outline the newly developed code structure, detailing the key changes that ad-
dress the aforementioned issues, aswell as the primary defects that were identified and
resolved during the redesign process. Furthermore, new wireframes are presented to
illustrate the updated layout and improvednavigational flow,which reflect the project’s
focus on creating a more intuitive, user-centred interface.

4.1 Principles for Efficient Web Development
Creating a successful website requires following a number of best practices, each de-
signed to improve its functionality, usability, and overall performance [86]. First, it
is essential to establish clear objectives that outline the purpose, target audience, and
desired results of the website. It is a fundamental step in all subsequent design and
development decisions. User-centred design principles are key, guiding the creation
of intuitive navigation structures, clear layouts, and accessibility features that focus on
user experience [86]. Ensuring responsiveness across devices and screen sizes is es-
sential, emphasising the importance of having a mobile-friendly design in the current
digital environment.
Implementing SEO strategies is vital formaximising thewebsite’s visibility and organic
traffic. This requires thorough keyword research, meta tag optimisation, and the cre-
ation of relevant high-quality content that resonates with both users and search engine
algorithms [87].
Beyond user experience and search engine optimisation, website performance is a crit-
ical consideration. Employing techniques to minimise loading times, such as file com-
pression, browser caching, and content delivery networks, is instrumental in fostering
a seamless browsing experience.
Another critical component of modern web development is the implementation of a
Continuous Integration and Continuous Deployment (CI/CD) pipeline. CI/CD is a
development practice that automates the processes of integrating code changes, testing,
and deploying them to production environments [88].
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This approach is indispensable in ensuring that updates are seamlessly deployedwith-
out compromisingwebsite stability or user experience. By continuously validating and
deploying code changes, developers can address issues early, reduce downtime, and
maintain a reliable, scalable platform. CI/CD is not just a convenience, but a neces-
sity in modern web development, allowing teams to work efficiently and consistently
deliver high quality software [88].

Security measures cannot be overlooked, with encryption, regular software updates,
and secure authenticationmechanisms serving as foundational pillars to protect against
cyber threats. Equally crucial is the ongoingmaintenance andupdating of thewebsite’s
content, software, and security features to ensure its continued relevance, functionality,
and security.

Upon reviewing the platform and scrutinising its underlying source code, it became
apparent that a portion of the project should be allocated to enhancing both its front-
end interface and the structural integrity of its codebase. Consequently, the web de-
velopment portion of this project was divided into two distinct initiatives: first, the
enhancement of code authored by other programmers, focussing on optimisation and
organisation, and secondly, the development of a simulator dedicated to forest man-
agement alternatives.

4.2 Updated Website Infrastructure

The previous website was a collection of projects developed by different individuals,
including bachelor and master students, brought together on a single platform. As
developersworked independently andwere not part of a cohesive team, the integration
process posed some challenges. As a result, the application was not fully aligned with
standard practices, as previously noted.

To address these issues, three main tasks were undertaken. First, a version control sys-
tem was implemented to maintain a history of changes, as previous work had been
done locally without proper tracking. Second, a new project was initiated with a clean
structure that followed the framework guidelines and best practices for web develop-
ment. Finally, a CI/CD pipeline was implemented using GitHub Actions to automate
testing and deployment, ensuring the codebase was correctly validated and updates
were seamlessly deployed to the server while keeping the website operational.

The original project was found to have some areas for improvement in responsiveness
and visual appeal, along with a few issues identified during testing. As a result, the
goal of the final task was to redesign the website, enhancing its aesthetics and address-
ing the identified issues.
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4.2.1 Implementation of Version Control

Incorporating version control into a website project is essential to facilitate collabora-
tion, track changes, organise code, manage risk, enable experimentation, and ensure
the quality of the code.
To achieve this, Git was chosen as the version control system. Git is a distributed ver-
sion control system that tracks changes to any set of computer files. It is typically used
to coordinate the work of multiple developers who work together to manage and de-
velop software [89]. Git allows for flexible branching, enabling developers to work on
new features or fixes in isolation before merging them back into the main project.
The project is hosted on GitHub, which serves as a central cloud-based repository.
GitHub provides an online platform for storing code, managing collaboration, and
tracking changes through commits, branches, and pull requests. It allows multiple
developers to contribute by pushing their changes and creating pull requests, which
can be reviewed before merging into the main codebase. GitHub also offers additional
features such as issue tracking, project management, and integration with CI/CD tools
for automated testing and deployment.
On the server, a private Git repository is set up, which is linked to the GitHub reposi-
tory. This allows the server to pull the latest changes from GitHub or a specific branch
and deploy them directly. The GitHub repository is used for deployment purposes, al-
lowing the application to automatically pull the updated code and push any necessary
changes back to the the server. This setup ensures that the local copy of the project
from the server is always up-to-date with the central repository, maintaining consis-
tency between environments.
Using Git both locally on the server and remotely on GitHub, the project is now set up
for seamless collaboration, efficient code management, and easier tracking of changes.
New developers can quickly get started, maintain a detailed history of the project, and
contribute to the codebasewhile reducing the risk of code loss. This setup also provides
a secure and organised way to manage the project development lifecycle.
In addition to implementing version control, a Continuous Integration andContinuous
Deployment (CI/CD) pipeline was set up to automate the process of testing, review-
ing, and deploying code changes. This pipeline ensures that every commit is properly
reviewed, validated, and deployed to the server with minimal manual intervention,
reducing the potential for errors and increasing the speed and reliability of the devel-
opment process.
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Figure 4.1: CI/CD pipeline in the project

The pipeline operates in several stages, eachwith a specific purpose, as shown in Figure
4.1.
The pipeline begins with Code Review and Approval. Every time a commit is made
to the repository, the pipeline triggers an automatic code review process. This step
involves developers reviewing the code to ensure that all changes adhere to the project’s
coding standards and best practices. Only after the changes are approved does the
pipeline proceed to the next stages. This process guarantees that only high-quality,
reviewed code is integrated into the main codebase.
The next stage is Python error check and linting, where the pipeline automatically scans
the code for errors or potential issues. This is a critical step in maintaining the quality
of the code throughout the project. Python linters are used to identify coding errors,
inconsistencies, and formatting problems. In addition to linting, tests are executed to
verify that changes do not introduce bugs or regressions. If errors are found at this
stage, the pipeline stops and flags the issues for review. Only when all errors are re-
solved can the pipeline move forward.
Once the code passes the error check step, the pipeline performs Dependency Installa-
tion. Using a requirements.txt file, the pipeline ensures that all required Python libraries
and packages are installed in the project’s environment. This step guarantees consis-
tency between the local development setup and the deployment environment, ensuring
that the application has all the necessary resources to run properly on the server.
After the dependencies are installed, the pipeline moves to the Upload and Deploy-
ment of Files stage. During this phase, the updated files are securely uploaded to the
server. This ensures that only the necessary files are transferred, minimising disrup-
tions and keeping the deployment process efficient.
Finally, the pipeline executes the Server Update and Service Restart stage. After the
files are uploaded, the server environment is updated by restarting the relevant ser-
vices. This typically involves restarting the application server, such as Gunicorn, and
reloading the web server, such as Nginx, to reflect the new changes. These updates en-
sure that the changes deployed are immediately live and accessible without any down-
time or disruption to thewebsite’s availability. If any issues are encountered during the
deployment, the process is stopped, and the problem is flagged for review to ensure
the integrity of the deployment process.
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By implementing this CI/CD pipeline, the development process has been significantly
streamlined. The code is thoroughly reviewed, tested, and automatically deployed
with each commit. This reduces the chances of errors that slip through cracks and
accelerates the time from development to production while maintaining a high level of
code quality and server stability. The automated nature of the pipeline also reduces the
need for manual intervention, allowing developers to focus on building new features
and improving the application without worrying about deployment-related issues.

4.2.2 Project and Website Organisation

InDjango, the organisation of awebsitewithmultiple applications involves structuring
the project in a way that promotes modularity, scalability, and maintainability. This
approach allows for better code organisation and easier management by ensuring that
each app handles a specific functionality within the project.
The project was previously organised as described in Table 4.1. While functional, the
structure could be improved, as some folders included a mix of temporary, environ-
ment, and personal files, which obstructed navigation and maintenance.
The project is now divided as Figure 4.2 describes.
The Accounts folder contains everything related to user registration and login. It also
contains email functionality. The Setup folder also contains global project settings.
For security reasons, it is good practice to keep the settings for the development and
production environments separate. This folder is also the location for the definition of
web page URLs.
The Media folder is for the storage of files uploaded by users. For example, some sim-
ulators may ask users to upload a picture of a tree.
In the case of the main project folder, there are several key components. Firstly, the
Migrations foldermanages database schema changes usingDjango’smigration system.
Second, the Templates folder stores HTML files that make up what the user sees when
accessing a web page. Django’s template inheritance allows common layout elements
such as navbars and footers to be shared across templates.
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Table 4.1: Previous organization of the Django project for Floresta Digital

Folder Name Description

Fichas Contains general data sheets for the project
Ficheiros Stores files for the "Rede de Povoamentos" page
Manual Contains miscellaneous files
Temp Temporary files
account Handles user account-related functionality
blog Stores files and code for a deleted blog section
calculadora Code and resources for a simulator
mapa Generates and displays a map
media Stores uploaded media files
media_cdn Serves static copies of media files
myenv Configuration and environment files for the app
mysite Contains main project settings and configuration files
newenv Additional environment configuration files
personal Miscellaneous or personal files
simuladorCarvalho Code and files for the "Carvalho" simulator
simuladorPB Code and files for the "Pinheiro Bravo" simulator
srcenv Environment files specific to the source code
static Stores static files such as images, CSS, and JavaScript
templates Contains reusable HTML template files
volume Code and resources for the cork volume simulator
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Figure 4.2: Current organisation of the project
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In addition, the Filters file contains customfilters used for datamanipulation or format-
ting in Django templates. The Views file contains view functions or classes. These are
responsible for handling HTTP requests and rendering responses. The Admin file con-
tains configurations for registering models with the Django admin interface, enabling
CRUD (Create, Read, Update, Delete) operations.
The App file also contains configurations for the Django application, including set-
tings, URLs, and application-specific middleware. The Models file defines the schema
and data structure for the Django application. While the Utils file is not automatically
created, it is commonly used to house functions for use in different contexts.
The Simulators folders are typically called apps inDjango applications. While themain
pages are stored in the "Main" folder (Main application), each simulator is treated as a
single application, inheriting the main template but with a different website body. The
structure of these folders is based on the main folder, but includes additional files for
the specific needs of each simulator.
Additionally, the Static folder is dedicated to storing static files (CSS, JavaScript, im-
ages, etc.) required for the website, which are not expected to change in production.
The Temporary folder is used by simulators to store files temporarily before saving the
data to the database. The files in this folder should be deleted after they have served
their purpose. Lastly, the Database file contains the details of the MySQL database.

Structure of the Website

A typical website consists of several linked pages designed to make the website easy to
use and to interact with. At its core, the home page acts as a "front door", providing an
initial overview of the website’s purpose, content, and navigation options. The website
"Floresta Digital" features four primary pages accessible through the website navbar:
"Sobre" (About), "Rede de Povoamentos" (Stands Grid), "Simuladores" (Simulators),
and an account management page, as illustrated in Figure 4.3.
Additionally, users can access the homepage, which serves as the main entry point, of-
fering an initial overview of the website’s purpose and navigation options. The "Sobre"
page provides detailed information about the project and associated research. Under
the "Rede de Povoamentos" sub-menu, users find "Ficha Geral de Povoamentos" (Gen-
eral Stands Sheet) and "MapaGeral de Povoamentos" (General StandsMap), which ex-
plain forest stand concepts and provide information in PDF format. The "Simuladores"
page offers an overview of available simulators, categorised by their goals. Access to
the simulators is restricted to logged-in users as a security measure.
Finally, the Account page, or the Private Area, behaves differently based on user status.
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Figure 4.3: Published website pages

If not logged in, the link redirects to the Login/Register form, while logged-in users can
view their username in the menu link and access options such as account details mod-
ification, organisation contact via a form, database access (if permitted) and logout
functionality.

4.3 Improvements to the Existing Codebase
Substantial improvements were implemented in the existing codebase to address crit-
ical deficiencies and increase its functionality, security, and maintainability. These up-
dates have resulted in a more robust and efficient system, tailored to meet the needs of
users and ensure long-term reliability.
A key focus was improving security measures for sensitive information, such as secret
keys. These were relocated from source code to environment variables, safeguarding
them from exposure during code sharing or deployment in production environments.
This change aligns with best practices for secure software development.
The file management system underwent significant restructuring to ensure scalability
and user isolation. The previous implementation lacked organisation, making it dif-
ficult to maintain a clear structure for user-generated files. The updated mechanism
now associates files with individual users, allowing multiple users to run simulations
concurrently without interference. This ensures that files are securely processed and
accessible only to their respective users. Future improvements could involvemigrating
temporary files to a database, enabling the creation of a comprehensive user history.
To optimise resource usage, a system for automatic deletion of unused temporary files
was introduced. Temporary files generated during simulations or other operations are
now periodically removed via a scheduled clean-up function.

36



Simulator For Forest Management Alternatives

This prevents unnecessary consumption of server storage and maintains an organised
directory structure.
For better monitoring and debugging of the system, a logging mechanism was inte-
grated. These logs provide a record of errors and critical events, offering valuable in-
sight for troubleshooting and system performance analysis. Additionally, this change
resolved the issue that errors were printed directly onto the server console, which pre-
viously caused crashes.
The database structure was thoroughly reviewed and refined. Data redundant and
outdated were removed and the model rules were adjusted to ensure consistency and
integrity. These updates improved the reliability and alignment of the database with
the evolving requirements of the project.
Improvements were also made to account management functions, simplifying their
structure and eliminating inefficiencies. These changes enhance the system’s intuitive-
ness, reduce potential bugs, and provide a smoother user experience.
The user contact forms were revised to ensure reliable communication between users
and the organisation. Their functionality and usability were tested extensively, ad-
dressing previous issues and improving their responsiveness.
Finally, comprehensive testing and refinement of existing simulators were conducted.
Layout issues and functional errors were identified and resolved, ensuring that the
simulators operated correctly.
Together, these improvements ensure that the platform can meet growing demands
while maintaining high performance, reliability, and ease of use.

4.4 Enhancing User Experience
In order to improve the user experience on several fronts, the website optimisation
initiative was carried out methodically. First, a reduction in the JavaScript and CSS
files was implemented to streamline the code complexity. This resulted in better page
load times and simplifiedmaintenance. This reduction not only improved thewebsite’s
performance but also allowed for smoother navigation.
The responsive design principles were then applied to ensure seamless adaptability to
different screen sizes and devices, especially for mobile users. This optimisation strat-
egy boosted accessibility andusability across platforms. To increase visual engagement
and aesthetic appeal while maintaining design consistency across the website, content
enrichment through the addition of images was prioritised.
In addition, minimalist design principleswere adopted to prioritise simplicity and clar-
ity. Ultimately, this enhanced content readability and user comprehension.
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These refinements were followed by extensive usability testing to ensure compliance
with accessibility standards and provide an inclusive browsing experience for all users.
In general, coordinated optimisation efforts improved readability, accessibility, and us-
ability, resulting in a better browsing experience across demographics and devices.
Beforemaking the changesmentionedpreviously, itwas necessary to createwireframes
for the website in general and in particular for the simulator.
Mockups orwireframes serve as visual blueprints, illustrating the layout, functionality,
and user flow of the webpages prior to coding. They offer several benefits. First, they
facilitate early feedback from stakeholders, allowing users and developers to identify
potential usability issues and suggest improvements before the start of significant de-
velopment work. They also help to ensure that the user interface is consistent with
the overall design vision and follows best practices for clarity and ease of use. Ulti-
mately, mockups foster clear communication between designers and developers, cre-
ating a shared understanding of the intended functionality and user experience before
diving into technical implementation [90].
The use of wireframes was critical to ensure consistency throughout the design of the
website, giving it a polished appearance. In addition, these mockups were useful in
understanding the mandatory steps of the form, which are required for subsequent
processing and presentation of results. They helped create a user-friendly interface
that was consistent with the overall goals of the simulator. In the end, the development
of a clear vision prior to execution prevented any technical conflicts, thus optimising
the coding process.
Figure 4.4 presents the wireframes created for this simulator, designed to align with
the style and functionality of other simulators on the platform. Additional wireframes
are provided in Appendix A. The image in 4.4a shows the mock-up of the welcome
page common to all simulators. Upon opening a simulator, users are greeted with this
welcome page, which provides an explanation of the rules and, when necessary, offers
example files (displayed in the left card). The right card or box typically contains the
start/next button, guiding users to the subsequent form where they can input data.
The wireframe shown in 4.4b represents the basic structure of the form. First, it was
essential to integrate a navigation component in the form of a step bar into the web
page. This feature allows the user to move seamlessly between steps while remaining
aware of the phases required to complete the simulation. Beneath the step bar is a
dedicated area that contains the form fields. Although the inputs may vary from step
to step, they all follow a consistent format: each step is accompanied by a title and an
adjacent help button with hidden tips. After filling in the form, the user is presented
with a submit button, signalling the end of the input process.
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(a) Mock-up of the simulator welcoming page

(b) Mock-up for submitting files during several steps of
the form

Figure 4.4: Example wireframes for the simulator
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Figure 4.5: Website "Floresta Digital" previous homepage1

After submission and subsequent validation of the data, the users are redirected to a
page where they are greeted with messages indicating success or error, as shown in
Figures 5 — 6. In the absence of errors, users can proceed to the next simulation step,
repeating this process until the completion of the form is reached and the results are
presented.
Finally, Figure 4.6 provides a snapshot of the current homepage design of the website.
For a more detailed view, visit [www.floresta.digital.esac.pt]. In contrast, Figure
4.5 presents the layout of the previous homepage of the website, highlighting the dif-
ferences in design and structure.

1Accessed in January 2024 at https://www.floresta.digital.esac.pt/, with content changed
since then
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Figure 4.6: Sample of the new "Floresta Digital" homepage

41



Isabel Catarina Ramos Castro

4.5 Summary
This chapter outlines the redesign of the web platform, focussing on resolving prior
limitations, improving usability, and improving system efficiency. Key updates include
implementing version control using GitHub, introducing a CI/CD pipeline for auto-
mated testing and deployment, and restructuring the project for better scalability and
maintenance.
The platform codebase was refined to improve security and optimise file management.
The simulators and user account management functions were improved to ensure re-
liability and user isolation. Usability improvements included adopting responsive de-
sign, minimising unnecessary files, and improving the visual layout. Wireframes were
developed to guide the design process and ensure consistency across the platform.
These initiatives led to the creation of amodern anduser-friendly platform that adheres
to current web development standards and addresses various user needs.
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5 Development of a Simulation Tool for Forest
Management

This chapter outlines the design and development of the simulator inserted into the
"Floresta Digital" project. The simulator automates previously manual simulations for
efficient forest data management, enabling users to input detailed forest management
options. The chapter is organised into sections detailing the system’s core components.
In Section 5.1, the requirements that guided the simulator’s development are outlined.
Section 5.2 focusses on the database architecture, explaining how the data is structured
and stored to support the functionality of the simulator. Finally, Section 5.3 describes
how the simulator guides users through its multistep process and integrates user input
with back-end processes.

5.1 Simulator Requirements

A clearly specified set of requirements is essential for the successful creation of any
web tool. This section outlines the key requirements that guide the development of
the simulator tool. Functional requirements define the essential tasks the system must
perform while non-functional requirements, on the other hand, focus on ensuring the
simulator is reliable and secure.

5.1.1 Functional Requirements

In the development of any simulator or form, functional requirements serve as a foun-
dation, outlining the essential capabilities and tasks that the system must perform to
achieve its objectives. These requirements are pivotal in ensuring that the simulator/-
form operates effectively, addressing user needs, and achieving the intended purpose.
Outlined below are the functional requirements for the simulator, presented in a struc-
tured format:

1. Access to the simulator shall be restricted to users with valid accounts on the
website.

2. The simulation results must be presented in a clear and structured format, uti-
lizing visual elements such as graphs, tables, and text summaries to enhance the
user’s understanding.
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3. The simulator shall include a dedicated section containing example files and com-
prehensive instructions to guide users effectively.

4. The simulator shall have an entry page that includes:
(a) A description of the rules of use.
(b) A downloadable starter example file.

5. The simulator’s workflow shall be logical and intuitive, segmented into distinct
phases:
(a) Import Forest Stands
(b) Choose Stands to Simulate
(c) Add Inventory Data
(d) Define Planning Factors
(e) Results Presentation

6. All user inputs must be validated to ensure compliance with defined formats,
allowed ranges, and constraints specified by the underlying model.

7. The simulator shall handle invalid input by providing precise and actionable er-
ror messages, describing the issue, and guiding users to corrections.

8. User progress must be saved and preserved, unless they explicitly choose to ini-
tiate a new simulation.

9. The simulator must support simultaneous usage by multiple users, even under
the same account credentials.

10. Dynamic elements are displayed or hidden on the basis of user input or computed
results, ensuring a tailored and relevant user experience.

11. The simulatormust provide functionalities for generating reports and download-
ing results in accessible formats, such as PDFs or CSV files.

12. A success or error message shall be displayed for each operation, confirming or
clarifying the outcome.

13. The simulator shall display the form steps at all times to inform the user of their
position in the workflow, while preventing navigation to blocked steps.

14. Each step in the simulator shall include a dedicated information section explain-
ing its purpose and requirements.

15. The simulator shall display information about imported forest stands in a table
and on a map, allowing users to select or deselect stands using either method. At
least one stand must be selected to proceed to the next step.
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16. In the inventory data step:
(a) The user must choose between importing a file or manually adding data.
(b) Formanual entry, only the chosen forest standswill appear in the input form.
(c) Inputs for manual inventory data must adhere to business logic constraints,

such as limiting available species based on stand composition.
(d) After adding data, the simulator must validate its accuracy.
(e) For errors detected during file imports, the simulator should display warn-

ings and offer the form-based option to correct errors.
17. The planning factors are defined as follows:

(a) If a stand contains species with a current age of 0, users shall be able to add
up to three alternative species compositions.

(b) The user must define the range within which all cutting alternatives for the
forest stand will be created.

18. The results shall be presented as follows.
(a) Interactive visualisations such as plots.
(b) Text summaries.
(c) An option to download a complete report containing all simulation details.

5.1.2 Non-Functional Requirements

Non-functional requirements specify the qualitative attributes of a system, concentrat-
ing on its performance characteristics rather than its functions. These requirements
guarantee that the simulator functions with efficiency, reliability, and security, while
offering a smooth user experience. The non-functional requirements for the simulator
are listed below:

1. The visualisation of simulation outcomes should be optimised for performance
to ensure responsiveness when rendering large datasets.

2. The simulator interface must maintain a consistent design across all pages, using
a clean layout and standard UI elements for ease of use.

3. Navigation betweenworkflow steps should occurwithout noticeable delays, with
feedback provided for actions requiring longer processing times.

4. Input validation must occur in real-time where feasible to provide immediate
feedback and reduce user error.

5. Progress saving functionality must ensure data integrity and prevent loss of user
data due to unexpected interruptions.
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6. Simultaneous multi-user support must ensure no conflicts arise from shared ac-
count use, leveraging session management techniques.

7. Dynamic UI elements must load smoothly and not detract from the overall user
experience.

8. The simulator entry page must load quickly, even for users with low-bandwidth
connections.

9. Error messages should be designed to be user-friendly, avoiding technical jargon.
10. The map display of forest stands must perform efficiently, allowing smooth inter-

actions even for datasets with many stands.
11. Validation processes must be scalable to handle large datasets without significant

performance degradation.
12. Simulation results should be downloadable in a compressed format to accommo-

date users with limited storage capacity.
13. User account access must include secure authentication mechanisms, such as

password hashing and HTTPS encryption.

5.2 Database Design

This section is dedicated to identifying and organising the data that is essential for
achieving the project’s objectives, while also ensuring its relevance and quality. The
data was carefully analysed in order to establish relationships and address potential
issues that could impact the simulator’s multi-step process.

5.2.1 Initial Data Collection

The initial data from the simulator was established according to the specifications of
the stakeholders to ensure alignment with the goals and constraints of forest manage-
ment. Professors from theCoimbraAgricultural School (ESAC) acted as key stakehold-
ers, offering their forestry science andmanagement expertise to the system’s design by
identifying critical ecological processes andmanagement variables for the simulator to
model.
The simulator assumes the need for a management unit map or landscape map, which
represents a forest when together. This serves as a basis for starting the simulation.
Each unit of the map can be called a stand and is represented as a polygon with a
unique ID, and these boundaries remain consistent throughout the process of gener-
ating alternatives. These stands are provided through GIS (Geographic Information
System) files.
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A management unit or parcel comprises a mosaic of land uses that can fall into the
categories listed in Table 5.1.

Table 5.1: Land use types for the simulator

ID Description

1 Artificialized territories
2 Agriculture
3 Pastures
4 Forests
5 Shrubs
6 Bare or sparsely vegetated areas
7 Wetlands
8 Surface water bodies

Each type of land use may permit specific changes to other types, depending on its
characteristics and constraints. These accepted land use transitions are summarised in
Table 5.2.

Table 5.2: Accepted land use changes

ID Current Soil Land Use Change

1 Artificialized territories Not allowed
2 Agriculture Forest
3 Pastures Forest
4 Forests Agriculture, Pastures, Shrubs
5 Shrubs Forest, Agriculture
6 Bare or sparsely vegetated areas Forest
7 Wetlands Not allowed
8 Surface water bodies Not allowed

Furthermore, each polygon representing a forest stand is assigned one of three types
of landscape structure, as detailed in Table 5.3. The simulator assumes that polygons
classified as matrix will be transformed for forestry use, in line with the validation
rules provided above, and will be considered for simulation. Each stand also has a
total area and a usable area, which represents the portion of the total area that can be
used effectively for simulation.
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Table 5.3: Valid landscape types

ID Landscape Type

1 Resilience Structure
2 Conservation Structure
3 Matrix

Inventory data is available only for polygons classified as forested areas. This data
includes key variables such as species composition, occupancy proportion, age class,
and quality index. The last three categories will be defined for each species, along with
the percentage of occupancy within the polygon.

The type of stand, which significantly influences the simulations, is limited to the cat-
egories shown in Table 5.4.

Table 5.4: Type of stands allowed

ID Stand Type

1 Pure stands
2 Mixed stands

Stand type greatly impacts how simulations are conducted. Pure stands (ID 1) al-
ways have a 100% occupancy rate. As a result, simulations for these stands are directly
based on per-hectare values obtained from yield tables, ensuring accurate modelling
of growth and yield.

For mixed stands (ID 2), the simulation process involves adjusting the yield table val-
ues according to the proportion of occupancy of each species. This adjustment is achieved
by multiplying the percentage of occupancy by the corresponding values in the tables,
allowing an accurate representation of the contribution of each species for the overall
value of each stand.

Each polygon/forest stand may have a maximum of three species or groups of species,
as listed in Table 5.5.

48



Simulator For Forest Management Alternatives

Table 5.5: Accepted forest species in the simulator

ID Designation of Forest Species

53 Quercus robur

54 Castanea sativa

59 Betula alba

521 Pinus pinaster

525 Pseudotsuga menziesii

Each species should be associated with a set of yield tables. Yield tables are crucial
for forest management, as they provide valuable information on tree growth patterns
and potential productivity in different forest stands. Forest managers and practitioners
use these models to make decisions about the management of individual forest stands
or entire estates, forecast production levels, make commitments to the timber markets,
and plan forest operations [91].
Yield classes and volume were estimated using yield tables, which were adjusted to
provide volume and thinning estimates at consistent intervals. For each species, three
yield classes were considered to provide estimations of the volume for the main crop
after thinning and thinning at one given age class: high, medium and low. The yield
tables from Diéguez-Aranda et al. [92] were used for Pseudotsuga menziesii, Quercus
robur, and Betula alba, while the tables from Santos et al. [93] and Patrício [94] were
applied for Pinus pinaster and Castanea sativa.
Since yield tables were originally designed for pure stands, their use in mixed stands
is limited to mixed stands by patches or groups. Consequently, for each species, it
is necessary to define a silvicultural model, which includes specifying the silvicultural
system (Table 5.6) aswell as themaximumandminimumharvest ages to be considered
when generating management alternatives evaluated by the optimisation algorithm. It
is acknowledged that both harvest age and silvicultural system can significantly influ-
ence the results.

Table 5.6: Silvicultural system for the simulator

ID System

1 Clearcut
2 Shelterwood

The proportion of occupancy (PO) is expressed as a percentage of the area occupied
by each species or group of species in the stand, as indicated in the inventory data file.
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To ensure accuracy, several validations are applied to the species occupancy data. First,
the total proportion of occupancy, which is the sum of the percentages for up to three
species, must be equal to 100%. Secondly, no individual species can have an occupancy
percentage below 25%. These rules guarantee the consistency and validity of the data
used for the simulations.
Each polygon and each species must also be assigned an age class. Additionally, a
quality index is defined for each species, calculated in one of two ways: (1) from in-
ventory data or (2) through a qualitative estimate of the quality class. Details of these
calculations will be provided later.

5.2.2 Database Structure

The database that supports the simulator was designed with the objective of efficiently
storing and organising the necessary data. The database incorporates tables for the
storage of user-uploadedfiles, in addition to the essential data concerning the simulator
logic. Table 5.7 presents a summary of the database tables and Figure 5.1 represents
the database schema.

Table 5.7: Database for the simulator main structure

Table Name Description

StandData Stores polygons representing forest stands
InventoryData Contains inventory data for forested areas
YieldSpecies Yield tables for each species
ForestSpecies Contains forest species identification
StandComposition Stores compositions for forest stands
LandscapeTypes Stores landscape types
LandUse Specifies land use types and allowed land-use transitions
SilviculturalSystem Stores the silvicultural system, defining the type of harvest
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Figure 5.1: Database schema for the forest management simulator
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The database schema illustrates the relationships established between the database ta-
bles to support the entire simulation process.
The LandUse table is used to categorise land use in a given area and to track allowed
changes in land use over time, according to Table 5.1. Each record in LandUse can be
associated with multiple forest stands recorded in the StandData table (1:N relation-
ship). Its attributes are:

• id: The primary key, uniquely identifying each land use record.
• description: A textual description of the type of land use, such as "agriculture,"

"forest reserve", or "pastures".
• land_change: A field to track whether or not it allows changes in land use.

The LandscapeType table categorises the physical or ecological component of the land-
scape as described in Table 5.3. This table supports a one-to-many relationship with
the StandData table, as a single landscape type can be applied tomultiple forest stands.
Its attributes include the following.

• id: The primary key, uniquely identifying each type of landscape.
• description: A textual description of the type of landscape.

The StandData table acts as the main source of information for distinct forest stands,
which are forest sections typically managed as unified units. This table is central to the
schema, linking data on land use (LandUse), landscape types (LandscapeType), and
spatial characteristics.
Each forest stand recorded in StandData can have multiple associated entries in the
InventoryData table (1:N relationship), according to the option of adding more com-
binations of species of stands. The attributes are as follows:

• id: The primary key, uniquely identifying each stand.
• user: The identifier for the user who recorded the data.
• session_id: A session identifier to track the context of data collection.
• datetime: A timestamp indicating when the data was recorded.
• stand_id: A unique identifier for the forest stand within the system.
• land_use: A foreign key referencing the LandUse table, linking the stand to its

designated land use type.
• type: A foreign key referencing the LandscapeType table, specifying the land-

scape type for the stand.
• shape_area: A numeric field representing the total area of the stand.
• geom: Spatial geometry data, such as georeferenced polygons used to represent

standsin a map.
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The InventoryData table stores detailed records of the inventory of forest stands, cap-
turing essential information for defining harvest ages and predictions of forest yields.
Each inventory entry links to a specific stand recorded in the StandData table (N:1
relationship). Furthermore, each inventory entry can reference multiple entries in the
YieldSpecies table (1:N relationship), which provides detailed growth and yield data
for individual species. The InventoryData table also connects to the StandComposition
and SilviculturalSystem tables, allowing classification of the stand’s composition
and management practices. Its attributes include:

• id: The primary key, uniquely identifying each inventory record.
• user: The user responsible for entering the data.
• session_id: The session identifier for tracking the data collection context.
• datetime: A timestamp for when the inventory data was recorded.
• stand: A foreign key linking to the StandData table, associating the inventory

with a specific stand.
• alternative: An optional field for counting the number of alternative manage-

ment scenarios.
• stand_composition: A foreign key linking to the StandComposition table, spec-

ifying the composition of the stand.
• usable_area: The percentage of usable area of the stand.
• specie: A foreign key linking to the ForestSpecies table, identifying the species

present in the stand.
• species_proportion: The proportion of the area of the stand occupied by each

species.
• age_class: The age classification for each species.
• yield_class: A volume productivity classification for the stand or species.
• si: Site index, a measure of forest productivity specific for each species and each

site conditions.
• harvest_age_min: The minimum age at which the stand or species can be har-

vested.
• harvest_age_max: Themaximumage atwhich the stand or species can be harvest
• silvicultural_system: A foreign key referencing the SilviculturalSystem ta-

ble, defining the forestry system applied to the stand that determines the type of
harvest applied

The StandComposition table describes the overall composition of forest stands, Table
5.4.
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Each composition can be linked to multiple records in the InventoryData table (1: N
relationship), allowing the classification of stands based on their ecological or species
composition. It has the following attributes:

• id: The primary key, uniquely identifying each type of stand composition.
• description: A textual description of the composition, such as "mixed coniferous

and deciduous" or "monoculture of pine."
The SilviculturalSystem datatable is a representation of Table 5.6. Each silvicultural
system can be associated with multiple records in the InventoryData table (1:N rela-
tionship). Its attributes contain:

• id: The primary key, uniquely identifying each silvicultural system.
• description: A textual description of the system.

The ForestSpecies table contains basic information about tree species found in forest
stands (Table 5.5). Each species can be referenced bymultiple records in the YieldSpecies
table (1:N relationship), where growth and yield data are recorded. Its attributes are:

• id: The primary key, uniquely identifying each species.
• description: A textual description of the species, often including its scientific or

common name.
The YieldSpecies table captures detailed data on the growth and yield characteris-
tics of tree species. This table supports advanced analysis of species productivity and
links to ForestSpecies (N:1 relationship) and InventoryData (1:N relationship). Its
attributes include the following.

• id: The primary key, uniquely identifying each yield record.
• specie: A foreign key linking to the ForestSpecies table, specifying the species.
• si: Site Index.
• age: Age class of the species.
• hDom: Dominant height of the species at a given age class.
• N: Number of trees per hectare.
• dg: Diameter (cm) at breast height (DBH) of the species.
• g: Basal area (m2)
• vol: Volume of the main crop after thinning (m3).
• ns: Number of trees from thinning
• vols: Volume from thinning (m3)
• aca: Annual volume increment
• ama: Mean volume increment, calculated dividing volume by the age of the stand.
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• tea: Age class in which the aca equals ama.
• dap_30: Age classe at which the trees have a diameter at breast height (DBH)

greater than 30 cm.
• min_age: Minimum age for harvest simulation.
• max_age: Maximum age for harvest simulation.
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5.3 Workflow and User Interaction
This section is dedicated to illustrating the interactions between the front-end and
user actions with the back-end components of the simulator through a cross-functional
flowchart. The diagram 5.2 presents a visual representation of the sequence of actions
and processes that occur within each phase, offering a complete understanding of the
manner in which the back-end processes user input.

5.3.1 Step 1: Import Forest Stands

Users begin by accessing the dedicated page for all simulators and selecting the forest
management simulator. If the user is logged in, they are redirected to the simulator’s
welcome page; otherwise, they are prompted to log in or register. The welcome page
provides an overview of the usage rules, access to sample files, and an option to start
the simulation. Upon starting the simulation, the user is taken to the first step, where
the simulator begins to collect the required input data.
In the first step, users are required to upload a GIS file containing information about
forest stands. If the file is successfully imported and validated, a success message is
displayed, allowing the user to proceed to the next step. If errors are detected, the user
is prompted to re-upload the file to ensure compliance with the system requirements.
While users interact with the front-end, the back-end performs several critical opera-
tions to process the uploaded file. First, the system extracts and separates the relevant
data from the GIS file, temporarily saving it in designated folders. Once the data are
extracted, the back-end reads the files and validates the content. This includes veri-
fying the number of forest stands, ensuring that the file was imported correctly, and
checking for compliance with the required formats and constraints. If the data passes
validation, it is imported into a database table called StandData. After successfully
populating the database, the temporary files are deleted to optimise the usage of the
system resources.
The back-end then generates a status message, either confirming successful import or
indicating specific errors encountered during the process. This message is sent to the
front end and displayed to the user. If the process is successful, the front-end prompts
the user to decidewhether to proceed to the next step. Upon confirmation, the back-end
manages the transition, redirecting the user to the second step of the simulation. This
coordinated interaction between the front-end and back-end ensures that data integrity
is preserved while providing users with clear and actionable feedback throughout the
process.
Figure 5.3 demonstrates the simulator’s operation during this phase, while Figure 5.4
displays the statusmessages that the simulator presents to the user following each step.
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Figure 5.2: Simulator steps and interactions with the Front-End and Back-End of the platform
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Figure 5.3: Webpage example for the first step of the simulator

Figure 5.4: Status message page for the simulator
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Figure 5.5: Form for the second step of the simulator

5.3.2 Step 2: Selection of Forest Stands

In step two, users are presented with the uploaded forest stands, displayed both as
a map and a table, providing a clear and structured view of the data. Users are re-
quired to select the stands they wish to include in the simulation. Once the selection is
submitted, the back-end validates the chosen stands against the simulator’s logic and
requirements to ensure compliance with the expected parameters.

Following this validation, the selected stands are saved within the user’s session. This
approach ensures that the initial forest stand selections remain intact, even if the user
decides to revisit step three or step four at a later stage. Upon successful validation, the
back-end returns a status message indicating the outcome. If the stands are validated
and saved correctly, the user is permitted to proceed to the next step. In the event of
an error, the system prompts the user to restart step two, ensuring that the selection
aligns with the required criteria.

Once the validation process is completed and the stands are correctly selected, the user
is prompted to proceed to step three, which involves adding inventory data.

Figure 5.5 illustrates the process of selecting hypothetical forest stands for use in the
simulator.

59



Isabel Catarina Ramos Castro

5.3.3 Step 3: Inclusion of Inventory Data

In step three, users are instructed to provide inventory data. This can be done by im-
porting a data file or manually entering the information at the time. This step ensures
that essential data about each selected forest stand are correctly integrated into the sys-
tem.
If users opt to import a .csv file, the back-end saves the file in a temporary folder for
processing. In contrast, if users choose to input the data manually, a form is displayed,
allowing them to provide the necessary details. Once the form is completed, the back-
end reads the submitted data and verifies that all required information is included.
After successful validation, the inventory data are associated with the corresponding
stands and stored in the database table InventoryData.
During this step, the back-end also refines the inventory data by calculating and as-
signing additional attributes. Specifically, it determines the Site Index (SI) for each
forest species within a stand by referencing the yield tables. This calculation is based
on the species and their respective yield class, ensuring that all relevant metrics are
incorporated into the simulation.
After completing data validation and augmentation, the system checks for any remain-
ing temporary files and removes them to optimise resourcemanagement. Then a status
message is returned, indicating whether the step was completed successfully or if fur-
ther action is required.
If errors are detected during the validation process, the user is prompted to correct
them through a form. This form highlights the fields containing errors and provides
clear guidance on how they should be resolved. Once all issues are resolved and the
data is saved correctly, the user is allowed to proceed to Step 4. This structured process
ensures the accuracy and completeness of inventory datawhilemaintaining a seamless
workflow for the user.
Figure 5.6 illustrates the interface used for importing the inventory data file. While
Figure 5.7 represents the option to manually add inventory data.

5.3.4 Step 4: Defining Planning Factors

In this step, the users define the planning factors necessary for the simulation. Initially,
they are asked to specify the overall planning time frame and the planning period,
which can be either 5 or 10 years. Following this, users must define the minimum and
maximum harvest ages for each species within each selected stand. Additionally, users
can specify the type of silvicultural system applicable, such as clearcut or shelterwood,
for greater flexibility in the simulation setup.
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Figure 5.6: Webpage example for importing inventory data for the simulator

Figure 5.7: Webpage example for adding inventory data manually
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For specieswith an age of zero, the system interprets this as an indication that the forest
stand can accommodate alternative compositions made up of species combinations.
In such cases, users have the option to add new species combinations by accessing a
form. This form allows users to define the new composition of the stand by selecting
the species, specifying the occupancy rate and yield class of the stand, whilemodifying
the overall composition for the specific stand.

Once all fields in the form have been completed, the back-end validates the data to
ensure that it adheres to the simulation logic and requirements. Upon successful vali-
dation, the system updates the relevant attributes in the database table InventoryData.
Then a status message is returned, indicating whether the operation was successful. If
successful, the user is allowed to proceed to the final step of the simulation.

During the transition to the next step, a loading page is displayed while the system
processes the data and prepares to show the simulation results. Figure 5.8 illustrates
the simulator in this phase, depicting a completed setup with a forest scenario sample.

5.3.5 Step 5: Results

In the final phase, the simulator executes a specialized algorithm designed to evalu-
ate all possible combinations of forest species and their respective harvest ages. The
objective of the algorithm is to identify the Pareto optimal solutions that balance the
competing goals defined by the simulation. This optimisation ensures that the gener-
ated solutions are efficient and relevant to the forest management objectives.

Once the algorithm is successfully completed, the results are processed and trans-
formed into visual outputs, including graphs, and are formatted for download in Excel
files. These outputs are then displayed in the front-end interface, providing users with
clear and actionable information.

On the results page, users can choose to analyse the outcomes directly through interac-
tive solution plots, which allow detailed exploration of the simulation’s findings, Fig-
ures 5.9 – 5.10. Alternatively, users may export the results into an Excel file containing
the solutions for further analysis.

In addition to the algorithm’s core results, the exported files include supplementary
data detailing the forest species volumes for each planning period. This additional
information, derived from intermediate calculations used during the simulation, is a
valuable resource for forest managers, as it aligns with metrics utilised in previous
studies.

Figures 5.9 and 5.10 present the results of the simulator based on a hypothetical forest
scenario.
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Figure 5.8: Webpage example for step four of the simulator
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Figure 5.9: Simulator results for forest management alternatives

Figure 5.10: Detailed results for forest management alternatives
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5.4 Summary
In conclusion, this chapter has provided an overview of the work completed for the ini-
tial module of the simulator, namely, the interface design and data preparation. With
these essential steps completed, the subsequent sections will address the second com-
ponent of the project, specifically the implementation of a multi-objective optimisation
algorithm.
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6 Integration of an Optimisation Algorithm

This chapter is dedicated to the integration of a multi-objective optimisation algorithm
into the forestmanagement simulator, which forms the secondmodule of the simulator.
The inclusion of this algorithm enables the simulator to effectively generate a Pareto-
optimal extensive front, providing several solution sets for the optimisation problem.
The chapter is divided into the following sections. Section 6.1 presents the mathemat-
ical formulation of the optimisation problem. Section 6.2 outlines the multi-objective
algorithm strategy. Section 6.3 provides a sample scenario to demonstrate the algo-
rithm’s evaluation and Section 6.4 examines the algorithm’s performance.
The following sections are based on the findings of a published paper that resulted
from this project work [25]. The paper demonstrates the effective application of the
NSGA-II algorithm to a forest management case study, demonstrating its capacity to
tackle multi-objective optimisation problems and making significant contributions to
sustainable forest management.

6.1 Formulation of the Optimization Problem
This project addresses an issue concerning a forest with various and distinct stands,
each hosting up to three species of differing ages, both current and at harvest. Each
stand can accommodate various compositions, enabling forest planners to add new
species if needed.
The combinatorial problem analysed here aims to find the optimal combinations of
stands and harvest ages to achieve two objectives simultaneously: maximising the total
timber harvest and minimising the standard deviation of the total timber harvest for
each period.
Optimisation goals focus on treating each stand with consideration for the collective
objectives of the entire forest. The mathematical formulation of the problem may be
described according to Equations 6.1 – 6.2.

66



Simulator For Forest Management Alternatives

Maximize Vtotal =
N∑

n=1

P∑

p=1

T∑

t=1

Vnpt

Subject to Vnpt ≥ 0,

∀n = 1, . . . , N, p = 1, . . . , P, t = 1, . . . , T

(6.1)

Minimize Stotal =

Õ
T∑
t=1

(X − x̄)2

T − 1

Subject to ∀ t = 1, . . . , T

(6.2)

where
Vtotal = volume harvested during the planning horizon for all stands N;
N = number of stands;
P = number of species;
T = number of harvest periods;
Vxtc = timber volume harvested during period t for species x of stand n;
Stotal = standard deviation value during the planning horizon for all stands N;
X = stand’s timber volume for period t;
x̄ =mean of the sample for period t.

The timber volumes for each stand n can be obtained using Equation 6.3.

Vnpt = Sarea × Pproportion × (vstand +
n∑

i=1

vthinnings) (6.3)

where
Sarea = proportion of usable area in stand n;
Pproportion = ratio of species p in stand n;
vstand = volume of the stand for period t;
vthinnings = volume obtained from thinning.

This bi-objective optimisation problem is complemented by a constraint where the total
volume cannot be zero, as this represents an invalid solution: Vtotal > 0. Moreover, in
the course of validating the solutions generated by the algorithm, any solution that
exhibited harvest age values not within the specified ranges was considered to violate
the constraints, according to the Equation 6.1.
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6.2 Multi-Objective Algorithm Strategy
Preliminary experiments showed enough variable results to allow ongoing improve-
ments to the second simulator module. At an early stage, modifications were made
to enhance the primary structure of the problem, and subsequently adjustments were
introduced to optimise the genetic operators. These refinements improved the perfor-
mance of the algorithm and reduced its computational demands. Reeves et al. [44]
highlighted that Genetic Algorithms are naturally adaptable, allowing easy modifica-
tions for changes in the original problem.

6.2.1 Chromosome Representation

The Non-Dominated Sorting Genetic Algorithm (NSGA-II), implemented through the
PyMoo package in Python [85], was used to find Pareto-optimal solutions, where im-
proving one objective cannot occur without worsening another.
NSGA-II is a state-of-the-art Multi-Objective Genetic Algorithm (MOGA) designed to
overcome the limitations of classical optimisationmethods, such as high computational
complexity, non-elitism, and the need to specify a sharing parameter [24]. By integrat-
ing elitism, NSGA-II preserves the best solutions from the previous generation while
employing genetic operators, mutation, and crossover to generate a new population.
This approach not only accelerates convergence towards the optimal solution, but also
enhances the overall efficiency of the search process.
This algorithm effectively manages optimisation constraints and maintains diversity
in the population by using a crowded comparison operator. The solutions are ini-
tially ranked according to dominance, and then sorted according to crowding distance,
which contributes to an efficient ranking system that reduces computational complex-
ity [22, 95].
The approach carried out here highlights the efficient use of multi-objective optimisa-
tion algorithms tomeet specific requirements and goals. Even in the face of strict limits,
NSGA-II is able to generate various solutions for a forest management problem.
For the application of NSGA-II, the problem was encoded as follows. The Genetic Al-
gorithm uses a chromosome of length L, where L is determined by the number of
compositions, the number of species in each composition, and the defined harvest age
periods for each species.
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Specifically, the length of the chromosome L is given by Equation 6.4.

L = C +

(
C∑

j=1

I

)
× T (6.4)

where
C =number of compositions;
I = number of species in each composition;
j = number of harvest periods.
For example, consider the following values:

• Number of compositions: C = 3;
• Species per composition:

– Composition C1 has I = 2;
– Composition C2 has I = 3;
– Composition C3 has I = 1.

• Number of harvest periods: T = 10.
Using the formula designated as Equation (6.4), the following calculation is obtained:
Sum of species across all compositions:

C∑

j=1

I = C1 + C2 + C3 = 2 + 3 + 1 = 6 species

Chromosome length calculation:

L = C + 6× T = 3 + (6× 10) = 3 + 60 = 63 genes

As a result, for this test configuration, the length of chromosome L is 63.
Each cell in this chromosome represents a gene, allowing the algorithm to evaluate
and optimise based on the encoded information. Although problems typically solved
with the PyMoo package are continuous in nature, it is also possible to use other types
of variables [85]. In this case, a binary gene type is used. The first set of cells on the
chromosome, which represent the stand’s alternatives, are subjected to a constraint that
allows only one composition per stand to be selected. This constraint is applied across
all stands.
Figure 6.1 illustrates the arrangement of genes within the problem chromosome, as
well as the application of genetic operators such as crossover and mutation.
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Figure 6.1: Data encoding for the NSGA-II algorithm.

Each gene in Figure 6.1 is encoded by the combination SiCjIk:
• Si represents stand i, where 1 ≤ i ≤ m, with m being the total number of stands
• Cj represents stand composition j, where 1 ≤ j ≤ n, with n being the maximum

number of stand compositions
• Ik represents species k, where 1 ≤ k ≤ r, with r being the maximum number of

species
In this context

• i, j, and k are index variables used to identify the stands, compositions, and
species, respectively.

• m, n, and r are constants denoting themaximumnumber of stands, compositions,
and species in the system.

Subsequently, for each species present in the compositions, the corresponding gene is
repeated t times, where T represents the number of periods.
For each group of periods, only one cell can represent the harvest age, ensuring that
only one period is designated as the harvest age for that species according to the age
range previously defined.
In the course of developing and implementing the NSGA-II algorithm to address this
particular problem, it became evident that the scale of the problem posed significant
challenges. The complexity of the problemwas evidenced by the fact that each chromo-
some, for a simple forest scenario, consisted of more than 100 genes. This complexity
proved detrimental to the algorithm, which was unable to achieve an acceptable ratio
of valid to invalid solutions.
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This issuewas particularly notable during the initial stages of the algorithm’s execution,
with the need for more than 1000 iterations before the algorithm reached an optimal
solution.

Therefore, it was established that the algorithm required modification in order to en-
hance the generation of valid solutions.

This custom NSGA-II algorithm differs from those commonly used in forest manage-
ment problems, as it accommodates the presence of composition options for each stand
[20], harvest-age limits, and a custom initial population and mutation operator. Fur-
thermore, the algorithm is integrated into a unique web-based platform, facilitating
broad accessibility for any user.

The following sections provide a comprehensive analysis of the alterations made to the
original NSGA-II algorithm, as outlined by the pseudocode in Algorithm 1. Addition-
ally, the code listing 1 provides the primary setup for this custom algorithmwithin the
Pymoo framework.

Algorithm 1 Custom NSGA-II Procedure
Require: N ′, g, fk(X) ▷ N ′ members evolved over g generations to solve fk(X)
1: Initialize Population P0

2: Generate custom population of N ′ based on problem constraints
3: Calculate Objectives Vtotal and Stotal

4: Evaluate Constraint (Vtotal > 0)
5: Assign Rank based on Pareto dominance
6: Generate Child Population:
7: Binary Tournament Selection
8: Crossover and custom Mutation
9: for i = 1 to g do
10: for each Parent and Child in Population do
11: Assign Rank based on Pareto dominance
12: Generate sets of non-dominated solutions
13: Determine Crowding distance
14: Add solutions to next generation starting from the first front until N ′ indi-

viduals
15: end for
16: Select points on the lower front with high crowding distance
17: Create next generation
18: Binary Tournament Selection
19: Crossover and custom Mutation
20: end for
21: Output Results
22: Extract and plot best solutions
23: Plot convergence and Pareto front
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Listing 1 Custom NSGA-II algorithm configuration with Pymoo
1 algorithm = NSGA2(
2 pop_size=config['pop_size'], # Population size from configuration file
3 sampling=CustomSampling(
4 all_alternatives, # List of possible alternative stands combinations
5 n_var_genes, # Chromosome size
6 n_stands_alternatives, # Total number of possible stands combinations
7 n_periods_species, # Total of planning periods per species
8 n_periods, # Number of planning periods
9 cut_periods # Harvest periods interval

10 ),
11 selection=TournamentSelection(func_comp=binary_tournament),
12 crossover=SBX(
13 prob=config['crossover_prob'], # Crossover probability from

configuration file↪→

14 vtype=float,
15 repair=RoundingRepair()
16 ),
17 mutation=CustomMutation(
18 all_alternatives,
19 n_var_genes,
20 n_stands_alternatives,
21 n_periods_species,
22 n_periods,
23 prob=config['mutation_prob'] # Mutation probability from configuration

file↪→

24 ),
25 eliminate_duplicates=True # Option to remove duplicated solutions
26 )

6.2.2 Creation of an Initial Population

A reduction in population size can result in insufficient coverage of the solution space,
which can lead to inadequate exploration and an increased risk of premature conver-
gence. On the other hand, an excessively large population can result in a significant in-
crease in computational costs without a corresponding improvement in solution qual-
ity [44].
Preliminary tests showed that populations with fewer than 50 individuals exhibited
a lack of diversity and frequently converged prematurely, resulting in an insufficient
variety of solutions. In contrast, populations of over 500 chromosomes exhibited a
considerable increase in computational costs without a corresponding improvement in
diversity or the number of solutions, compared to a population size of approximately
200.
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To further enhance the performance of the original NSGA-II, a customised operator
was developed to generate the initial population (lines 1–2 of the Algorithm 1), replac-
ing the float random sampling provided by the PyMoo framework for NSGA-II [96], as
shown in lines 3–10 of the code example 1. This approach assigns random binary val-
ues to each gene to form a chromosome, guaranteeing validity by ensuring that only
one harvest age is selected for each species, rather than multiple. This effectively ad-
dresses a key issue in the original NSGA-II approach, where a higher proportion of
invalid solutions were generated than valid ones.

6.2.3 Fitness Evaluation

Once the population has been generated, either by random initialisation or as a result
of a previous generation (lines 1–2, 6, 17 of the Algorithm 1), it is necessary to evaluate
each individual. During the fitness evaluation phase, the algorithm calculates the val-
ues of two competing objectives for each individual: one to be maximised (Equation
(6.1)) and the other to be minimised (Equation (6.2)).
In addition to this analysis, the individuals are classified as feasible or infeasible, based
on their conformance to the constraints specific to the problem, such as the ranges of
valid harvest ages. Subsequently, feasible solutions are prioritised during the sorting
process.
The NSGA-II algorithm then proceeds to sort the combined parent and offspring pop-
ulations according to the principle of non-dominance, resulting in the formation of
multiple Pareto fronts (lines 5, 11–12 in Algorithm 1).
Non-dominated solutions are on the initial front, while subsequent fronts have increas-
ingly dominated solutions. For example, the second front includes one-dominated so-
lution, the third two, and so on. This classification process continues until all individ-
uals have been assigned to a front.
Within each Pareto front, the solutions are further sorted using a crowding distance
metric to maintain diversity (line 13 of procedure in Algorithm 1). The crowding dis-
tance is a measure of how far a solution is from its neighbours in the objective space.
Solutions situated at the boundaries of the search space benefit from higher crowding
distances due to the scarcity of their neighbours. By favouring solutions with higher
crowding distances, the algorithm ensures that the solution space is explored in a well-
distributed manner [97].
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6.2.4 Selection

NSGA-II employs an elitist strategy to ensure the preservation of high-quality solutions
across generations. The selection process combines the current population with the
offspring based on the Binary Tournament Selection operator, as outlined in Deb et al.
[98]. This operator compares two individuals at a time, first by their Pareto rank and
then by their crowding distance if they belong to the same front. The individual with
the lowest rank or the largest crowding distance is selected. This process ensures that
solutions with superior trade-offs and greater diversity are more likely to be selected,
striking an optimal balance between exploration and exploitation (lines 16–18 of the
Algorithm 1).
It has been demonstrated that the use of Tournament Selection promotes a more rapid
convergence, as described in the framework recommendation [85] (line 11 in the code
sample 1). Hence, no alterations were made to this parameter.

6.2.5 Crossover and Mutation

Crossover is a process by which genes from selected individuals are substituted for the
next generation, allowing new solutions to be created bymerging geneticmaterial from
the parent chromosomes. The crossover probability rate determines the likelihood that
the chromosomes undergo this process.
It is standard practice to include the mutation as the final operator in an iteration. This
operation performs unary transformations (transformations with one operand) on se-
lected individuals. This is achieved by changing alleles on individual chromosomes.
In general, the probability of using the mutation operator is fixed throughout all iter-
ations [44]. Typically, all genes are checked and the respective alleles are randomly
changed according to a constant low probability [44]. It should be noted that this
process has some limitations. Even with the use of library routines to initialise and
generate random numbers, the process presents a significant computational challenge.
While GAs have the potential to be an efficient technique, they also have an experimen-
tal quality, as observed by Hassanatet al. [99]. There is no formula that fits all cases
for choosing these operator rates. Generally, a low crossover probability is expected to
slow down the convergence process in the first iterations, and too high a probability
may lead to saturation around a solution [44].
WhileGenetic Algorithms can be an effective technique, they also have an experimental
quality, as demonstrated by Hassanat et al. [99]. It is not possible to apply a single
formula to determine the optimal operator rates.
In general, a low crossover probability is expected to slow down the convergence pro-
cess in the initial iterations. However, a probability that is too high may result in stag-
nation around a solution.
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Therefore, with the mutation operator, lower rates are typically used to avoid convert-
ing the evolution programme into a random search approach [100].
According to the work of Hassanat et al. [99], for these operators, several studies opt
to use ranges for crossover of [0.5–1.0] and for mutation of [0.001–0.5].
In both the custom NSGA-II and the non-modified NSGA-II, the crossover operation
used was the framework default. The SBX (Simulated Binary Crossover) method was
appliedwith varying crossover probabilities, as illustrated in code sample 1 lines 12–16.
In terms of themutation operator, in preliminary tests, it was found thatwhileNSGA-II
is efficient and yields a wide range of Pareto-optimal solutions, many of these solutions
violate the problem logic, such as ensuring proper forest harvest ages or valid stand
allocations. The mutation operator was then adapted to improve the probability of
maintaining validity when solutions undergo mutation, as Verma et al. [96] suggests.
By integrating problem constraints directly into the mutation process, the operator
minimises the generation of invalid solutions. The process probabilistically flips bits
for the alleles, while confirming whether the allele randomly chosen to undergo muta-
tion will maintain the chromosome’s validity with regard to the harvest-age intervals
or species alternatives, lines 17–24 of code 1.
This approach helps to strike a balance between exploring new configurations and
maintaining validity, reducing computational waste, and ensuring that the algorithm
user only sees the final, valid solutions that optimise both objectives.

6.2.6 Stopping Criteria and Performance Metrics

The evaluation of the quality of the solutions allows for the determination of whether
the process should be terminated or continued in order to achieve the optimal results.
The preliminary tests of this module demonstrated that as the number of iterations
increased, the number of solutions identified increased exponentially, but the runtime
also increased exponentially. In light of the fact that the algorithm module will be
available on a Web platform, the number of generations was identified as the primary
criterion for termination of the process.
To assess the impact of these modifications, a comparative analysis was carried out
using the same scenario and random initial population, contrasting the performance
of the standardmutation operator (as required by the original algorithmpackage)with
that of the custom mutation operator. The intention was to assess whether there are
significant advantages in using a customised mutation operator to reduce the number
of final invalid solutions.
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A comprehensive evaluation methodology was used to compare the two approaches
within the case study. The performance indicators employed for this comparison in-
cluded the number of non-dominated solutions, the spacing metric, computational
time, and both the evolution and interval values of hypervolume. These metrics were
selected because the true Pareto front was not known a priori [96].
The number of non-dominated solutions quantifies the cardinality of the non-dominated
set within the final population, representing the solutions located on the approximated
Pareto front [101]. An elevated number of non-dominated solutions is indicative of a
greater diversity of trade-offs, which is highly desirable in the context ofmulti-objective
optimisation [24].
The spacingmetric assesses the uniformity of the distribution of solutions along the ap-
proximated Pareto front. A lower spacing value indicates a more uniform distribution
of solutions, which in turn provides better coverage of the Pareto front [24, 102].
In terms of computational performance, the runtime was employed as a metric to as-
sess the total time taken by the NSGA-II algorithm to reach termination. Although
faster algorithms are usually the preferred option, particularly given the intended de-
ployment of this solution on a Web platform, it is important to balance computational
efficiency with the quality of the solutions obtained.
The hypervolume metric was used to evaluate the quality of non-dominated solu-
tions [103]. This metric, calculated with a reference point greater than the maximum
values of the Pareto front, quantifies the volume of the objective space dominated by
the set of solutions [85]. A larger hypervolume indicates a better approximation of the
Pareto front [104]. Additionally, the evolution of hypervolume over successive gener-
ations provides insights into the algorithm’s convergence characteristics, with a higher
final hypervolume representing an optimal overall trade-off between the objectives.
The findings of this analysis are presented and discussed in the following sections, out-
lining the potential advantages of using a customised mutation operator for complex
high-dimensional optimisation challenges, such as those encountered in forest man-
agement.
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6.3 Example Scenario for Evaluating the Algorithm
This study evaluates the performance of the NSGA-II algorithm using a semi-hypo-
thetical dataset for a complex forest scenario. A forest area was selected in the Coimbra
District, Portugal (Figure 6.2), considering the physical characteristics of the landscape.
The area is divided into three types of landscapes: matrix, resilience, and conservation
systems. However, only the matrix landscape type was used for the simulation. Each
standwithin the forest can be categorised as a pure stand (containing only one species)
or a mixed stand (containing more than one species).

(a)Map of Portugalwith the
study area identified.

(b) Map of the study area
used in the simulation.

(c) Map of the study area
defined by the three zones.

Figure 6.2: Map of the region selected for this case study.

The forest is divided into 20 stands, 14 of which are part of the landscape matrix and
classified as forest stands, making them suitable for the planning problem (Figure 6.2).
These 14 stands were selected for testing, reflecting the complexity of a typical real-
world problem that is often large in scale. Inventory data, typically provided by forest
managers, were collected for these stands. These data include essential information
required by the algorithm, such as the total area of the stand and the proportion of
usable area.
For existing stands, the collected data included the composition type (pure or mixed),
the species present (up to three species per stand), their respective proportions, and
biometric parameters to estimate the yield class and the age class for each species. For
new stands, the forest manager was asked to estimate up to three future alternative
forest compositions and assign a yield class for each species.
To continue the scheduling of harvests, forest managers also determined, for all alter-
native compositions within each stand and for each species, the minimum and maxi-
mum harvest rotation ages andwhether to employ a shelterwood or a clear-cut system.
Additionally, they established a planning horizon of 100 years, divided into five-year
periods.
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Table 6.1: Example of the case study stand configuration.

Minimum Harvest
Age

Maximum Harvest
Age

Silvicultural
System

Stand 1-I
Pinus pinaster 20 80 Clearcut
Quercus robur 60 120 Shelterwood
Stand 9-I
Pinus pinaster 30 60 Shelterwood
Quercus robur 40 120 Clearcut
Stand 9-II
Quercus robur 40 120 Shelterwood
Stand 9-III
Pinus pinaster 20 50 Shelterwood

. . .

A representation of the context used for the algorithm is provided in Table 6.1. This
table outlines the combinations of stands, species, and harvest ages, along with the
designated cutting type, as defined for two stands (1 and 9). These examples illustrate
two different scenarios: one in which there is an existing forest stand (stand 1) and
another in which a new stand will be regenerated (stand 9).
It can be observed that some stands exhibit a single potential combination, implying
that the sole combinatorial alteration that may occur within these stands is the modi-
fication of the harvest age. However, in stand 9, the algorithm will compare multiple
harvest ages for each combination and identify the optimal combination of species and
harvest ages that maximises both objectives. In the final solutions for stand 9, only one
of the following combinations is permitted: stand 9-I, II, or III. This approach results
in a forest management problem consisting of 437 genes per chromosome.

6.4 Algorithm Performance

6.4.1 Setup

All algorithms were implemented and tested on a MacBook Air (Apple M2 CPU, 16
GB RAM) with Apple M2 GPU under the macOS Sonoma (version 14.4.1) operating
system. The programming environment used Python 3.11.6, with the NumPy 1.26.3
and SciPy 1.14.0 libraries. These specifications were able to provide sufficient compu-
tational power for handling this large-scale task within reasonable time frames.

78



Simulator For Forest Management Alternatives

Table 6.2: Parameters used for testing both NSGA-II algorithms.

Parameters Tested
Population size 50, 100, 200
Number of generations 100, 200, 500
Crossover probability 0.7, 0.9
Mutation probability 0.5, 0.1, 0.01, 0.002, 0.001

6.4.2 Parametrization

A comparison of the outcomes of the two approaches was achieved by running the
basic NSGA-II and the custom mutation operator NSGA-II algorithms 10 times each
for each set of parameters, given that it was not possible to maintain consistency in the
initial population across all runs.
Table 6.2 outlines the parameters that were modified within the package used for each
comparative analysis. The selected crossover probability range was [0.7–0.9], as the
values between 0.9 and 0.7 did not result in any significant changes in previous test
settings. Themutation rate was established to be between 0.5 and 0.001, as this interval
was found to have a significant impact on the number of valid solutions generated.
In general, the algorithm displays a preference for maintaining mutation rates near 0.
However, in light of the mutation constraints incorporated into the custom NSGA-II,
it was deemed prudent to also investigate the 0.5 range, given that previous tests had
demonstrated the potential for highly significant solutions to be produced within this
interval.
The efficacy of these values has previously been demonstrated, hence their selection
for utilisation in the present tests. The number of generations was distributed between
100 and 500. As previously outlined in the initial tests of the algorithm, enhancement
was only apparent after 1000 iterations due to the challenge of generating valid solu-
tions. The newly implemented improvements proved to be effective in addressing the
previously identified problem. Consequently, it was determined that a 1000-iteration
run would not be feasible due to the imposed runtime constraints.
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6.4.3 Analysis of the Results

The results for population size (pop), number of generations (n_gen), crossover proba-
bility, and mutation probability that demonstrated optimal performance are presented
in Tables 6.3 and 6.4.

Table 6.3: Performance metrics for optimal parameter configuration of the standard
NSGA-II.

Algorithm NSGA-II

pop = 50
n_gen = 100

pop = 100
n_gen = 200

pop = 200
n_gen = 500

Crossover 0.9 0.7 0.9 0.7 0.9 0.9 0.7
Mutation 0.001 0.001 0.5 0.002 0.5 0.1 0.002 0.002 0.001 0.002 0.1
Solutions 17 16 15 14 34 27 27 98 91 89 88
Runtime (s) 2.19 2.41 2.17 2.03 8.5 7.74 8.29 52.54 53.67 51.70 45.41
Spacing 0.08 0.10 0.09 0.11 0.05 0.06 0.05 0.02 0.02 0.02 0.02
Hypervolume 0.70 0.66 0.64 0.58 0.76 0.76 0.71 0.79 0.77 0.77 0.78

Table 6.4: Performance metrics for optimal parameter configuration of the custom
NSGA-II.

Custom NSGA-II

pop = 50
n_gen = 100

pop = 100
n_gen = 200

pop = 200
n_gen = 500

Crossover 0.7 0.9 0.7 0.9 0.7 0.9 0.9 0.7
Mutation 0.5 0.5 0.001 0.002 0.5 0.5 0.1 0.002 0.002 0.05 0.01 0.001
Solutions 50 33 21 20 55 96 40 36 123 112 109 106
Runtime (s) 18.34 7.16 1.94 1.96 26.71 72.92 11.33 7.77 50.80 51.69 129.39 51.72
Spacing 0.02 0.03 0.10 0.10 0.02 0.01 0.04 0.05 0.02 0.02 0.02 0.02
Hypervolume 0.75 0.72 0.70 0.67 0.75 0.76 0.72 0.70 0.78 0.74 0.76 0.78

As illustrated in Table 6.2, a substantial number of configurationswere tested, resulting
in 72 scenario cases. Therefore, the data presented in the tables mentioned above rep-
resent a subset of the complete data. It is important to note that the standard NSGA-II
results include a small number of invalid solutions, which are the result of not using
the custom mutation operator. Although these instances are not prevalent, they occur.
Despite the variations in the selected case studies, several key conclusions can be drawn
from the analysis of the results as a whole, rather than from the small example alone.
The customised version of the NSGA-II algorithm consistently demonstrates superior
performance compared to the standard versionwhen applied to the specified problem.
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The customMutation NSGA-II demonstrates a clear advantage in identifying a greater
number of solutions. To illustrate, in the pop = 100/n_gen = 200 parameter configura-
tion, the custom Mutation NSGA-II identifies 55 solutions (crossover = 0.9, mutation =
0.5) in 26.71 s, while the standard NSGA-II identifies only 32 solutions under the same
parameter settings.
Similarly, in the pop = 200/n_gen = 500 configuration, the custom mutation NSGA-
II produces 123 solutions (crossover = 0.9, mutation = 0.002) in 50 s, compared to 98
solutions from the standard NSGA-II algorithm.
The refinement of the mutation operator in the custom NSGA-II effectively balances
exploration and exploitation through optimised mutation and crossover rates, aiding
in escaping local optima and increasing solution density on the Pareto front.
Crossover andmutation rates have a notable effect on performance: a 0.7 crossover rate
generally surpasses the 0.9 rate in the custom NSGA-II. In the pop = 100/n_gen = 200
configuration, combining a crossover rate of 0.7 with a mutation rate of 0.5 results in
96 solutions, compared to 55 solutions with a crossover rate of 0.9. Lower mutation
rates, such as 0.002, produce more solutions when combined with a smaller crossover
rate, as they manage to find more solutions closer to the previous solution.
The custom mutation mechanism coupled with a 0.7 crossover rate strikes a superior
balance between solution diversity and convergence speed, as indicated by the hyper-
volume metric. In contrast, standard NSGA-II compensates for its limited adaptability
to exploit the solution space with higher crossover rates, such as 0.9.
While both algorithms see gains with larger populations and more generations, the
extent varies. The custom NSGA-II almost doubles solution outputs when moving
from settings like pop = 50/n_gen = 100 to pop = 100/n_gen = 200. Standard NSGA-
II also benefits from scaling, but to a lesser degree than the custom Mutation version.
The custom Mutation NSGA-II has a longer runtime but produces a greater number
of solutions. For example, with pop = 200/n_gen = 500, it finds 123 solutions in 50 s,
whereas the standard NSGA-II achieves 98 solutions in 53 s. Although the standard
version can be marginally faster for smaller setups, it offers less diversity in solutions.
The customNSGA-II’s prolonged execution time is justified by its capability to produce
amore varied and concentrated Pareto front. This feature is especially beneficial in this
problem setting, where diversity and validity of solutions are crucial.
Regarding the spacing metric, the customMutation NSGA-II consistently yields lower
spacing values, demonstrating better solutions distribution. For example, under the
pop = 200/n_gen = 500 setup, the custom Mutation NSGA-II achieves a spacing of
0.02 across several parameter configurations, whereas the standardNSGA-II also reaches
0.02, but produces fewer solutions overall.
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Figure 6.3: Hypervolume convergence curve for standard NSGA-II algorithm.

This indicates that although both algorithms can achieve a uniform distribution, the
custom Mutation NSGA-II offers greater density and diversity, thus ensuring a more
complete Pareto front.
This analysis can be validated by examining the hypervolume in conjunction with the
iterations. For instance, considering the parameter configurations that yield the most
solutions for both the custom and standard NSGA-II: pop = 200/n_gen = 500, crossover
= 0.9, mutation = 0.002. The subsequent plots relate to these configurations, noting that
each parameter setup was executed for 10 consecutive runs.
In order to gain an accurate interpretation of the hypervolume metric results, it is cru-
cial to consider not only theminimum andmaximumhypervolume indices but also the
manner in which the convergence curve progresses over the course of the iterations.
Although the final hypervolume values of the algorithms may appear to be similar, an
analysis of the convergence behaviour across iterations provides valuable insight into
the quality of the solutions.
An examination of the convergence curve for each parameterisation reveals that the
customised algorithm displays a more continuous, gradual increase in hypervolume
across the ten runs. This indicates a more consistent enhancement in both the con-
vergence and diversity of solutions compared to the standard algorithm, which tends
to demonstrate declines or stagnation in the hypervolume index. These observations
are illustrated in Figures 6.3 and 6.4. The smoother curve in the customised algorithm
indicates a more stable and gradual improvement, reflecting a higher overall solution
quality.
Figures 6.5a, 6.5b illustrate the Pareto fronts derived from the specified case study,
showing the optimal balance between computational expense and the number of solu-
tions identified. As illustrated in Figure 6.5a, the solution space is limited, with timber
volumes ranging from approximately 40,000 to 65,000 and a standard deviation of ap-
proximately 12,000 to 20,000. The distribution of points is more sparse, indicating that
a smaller number of solutions were identified.
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Figure 6.4: Hypervolume convergence curve for custom NSGA-II algorithm.

(a) Pareto front for the NSGA-II. (b) Pareto front for the custom NSGA-II.

Figure 6.5: Comparison of Pareto fronts for the best case study using NSGA-II and
custom NSGA-II algorithms.

Furthermore, the correlation between volume and standard deviation appears to be
relatively linear, with the standard deviation gradually increasing as the volume in-
creases. The Pareto front in this case explores a narrower range of higher volumes and
higher standard deviations, indicating a lack of diversity in the solutions.

In contrast, Figure 6.5b illustrates a more exhaustive exploration of the solution space.
The points in this graph are more densely packed, indicating that a larger set of poten-
tial solutions is available. In particular, the customised algorithm appears to provide
more trade-offs for lower volumes, as it explores regions with reduced standard devi-
ations.

The goals ofmaximising timber volume andminimising standard deviation are contra-
dictory. Consequently, each solution on the Pareto front holds equal validity in multi-
objective optimisation. In the absence of specific preference information, selecting a
particular solution depends entirely on the user’s priorities. Each Pareto front point
signifies a forest management strategy produced by the algorithm, as shown in Ta-
ble 6.5.
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Table 6.5: Final example of the produced management plans.

Stand Species Harvest Age (Year) Volume (m3)

1 Pinus pinaster 65 3603.22
Quercus robur 55 4449.66

9 Pinus pinaster 50 12,035.93
...

6.5 Summary
This chapter introduced a custom NSGA-II algorithm to optimise timber harvest and
reduce standard deviation between planning periods. The chapter presented a math-
ematical formulation of the problem, an overview of the algorithm’s modifications, a
case study using a Coimbra District dataset, Portugal, and a performance comparison
with NSGA-II. The custom algorithm outperformed the standard version, providing
more diverse, high-quality solutions. This work offers a practical tool for forest man-
agement, designed to achieve a balance between timber production and harvest stabil-
ity, with the added benefit of integration into a web-based platform. The results of the
algorithm have been published, demonstrating the effectiveness of the algorithm in a
forest management case study.
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7 Discussion

This chapter focusses on examining the project objectives, providing a summary of
key elements of the research results, and analysing the implications of these results.
This analysis aims to enhance the influence of the study in the field by addressing its
limitations and situating the findings within the broader context of existing scientific
knowledge, ultimately offering a comprehensive conclusion to the research project.

7.1 Overview
This work contributes to the Floresta Digital project, a collaborative initiative between
ISEC and ESAC. The objective of the project is to enhance forest resources management
with the aid of digital technologies.
The core functionality of the simulator is based on a multistep form and the applica-
tion of a customised NSGA-II model. This approach ensures that forest stakeholders
can introduce their custom data and personalise their forest stands to generate future
management alternatives. The simulator employs real-world data from the Coimbra
district in Portugal to create an example study to ensure the algorithm’s efficacy. This
simulator is able to contribute to the field of sustainable forest management.

7.2 Advantages and Limitations
This project presents several advantages, making it a valuable contribution to digital
forest management practices. The integration of a custom NSGA-II algorithm ensures
efficient optimisation of harvest strategies by balancing timber production with consis-
tent harvest volumes. Theweb-based platform improves accessibility, enabling users to
explore and analyse diverse forest management scenarios. By incorporating real-world
data and problem-specific constraints, the tool demonstrates practical applicability and
robustness to address forest challenges.
The initial implementation of the first simulatormodule hasmet expectations, fulfilling
a key project objective. Its integration into the Floresta Digital website represents a
significant step forward in advancing digital forest management.
A notable enhancement of the custom NSGA-II algorithm is the introduction of a spe-
cific mutation operator to ensure the adherence to predefined age constraints.
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Themodified and standard versions ofNSGA-IIwere applied to a forest planning prob-
lem, with the aim of maximising the harvest volume of timber and minimising the
standard deviation of total production while maintaining a minimum harvest volume.
Performance evaluation, using metrics recommended in the literature, demonstrated
that the customised NSGA-II algorithm outperforms the standard version by generat-
ing a greater number of valid solutions, thus achieving the primary objective of explor-
ing a broader range of potential management scenarios. However, in some instances,
outcomes were statistically similar due to the randomisation of the population. Future
work might include using larger and more varied datasets to assess scalability and op-
timising performance by parallelising the algorithm to decrease website waiting times.
While efforts were made to enhance usability, certain limitations remain. For example,
manual data input can be time consuming, especially on mobile devices. Despite var-
ious attempts to address this issue, the current solution represents the best achievable
outcome within the scope of the project and with the approval of the stakeholders.
Furthermore, while current optimisation goals address critical forest concerns, the sim-
ulator could be expanded to incorporate factors such as carbon sequestration, further
broadening its environmental and economic applications.
The successful application of heuristic techniques in this project underscores their po-
tential for efficient analysis of forest resources. It also highlights the existing gap in for-
est management tools accessible to stakeholders, reaffirming the importance of making
such innovations available to practitioners.

7.3 Main Contributions
This project, developed in partnershipwith theCoimbraAgricultural School, hasmade
significant contributions to the field of digital forest management. A key output is the
publicly accessible forest management simulator, now available on the Floresta Digital
website, https://www.floresta.digital.esac.pt/simulador-alternativas-gestao.
Example files and step-by-step guides have been provided to help users test the tool,
promoting the broader adoption and accessibility of advanced forestmanagement tech-
nologies.
Thework conducted in this project resulted in the publication of the article "Optimising
Forest Management Using Multi-Objective Genetic Algorithms" in the journal Sustain-
ability MDPI (December 2024) [25]. This publication highlights the application of the
customised NSGA-II algorithm in forest management, contributing to the literature by
addressing optimisation problems in forestry.
One of the key contributions of this research is the integration of multi-objective opti-
misation techniques, specifically NSGA-II, into a user-controlled, web-based system.
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This development extends previous applications of the algorithm, which were largely
confined to stand-alone or specialised contexts, by making the results public and ac-
cessible to all stakeholders.
Although few studies directly explore the integration of optimisation techniques into
web-based simulations for forest management, this project distinguishes itself through
the development of a customised NSGA-II algorithm tailored to address specific chal-
lenges. Unlike previous implementations, which focused primarily on general con-
straints, this work introduces a custom mutation operator to ensure adherence to pre-
defined age constraints, crucial for sustainable harvesting. This enhancement enables
the algorithm to outperform standardNSGA-II in generating a greater number of valid
solutions while balancing the two objectives, as demonstrated through performance
evaluations.
Moreover, this study marks an important achievement as it is, to the best of current
knowledge, the first to create an entirely public and unrestricted simulator for forest
management.
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8 Conclusions and Future Work

This research addresses the growing need for accessible and advanced tools in for-
est management, particularly for small-scale, non-industrial private landowners who
face complex ecological, economic, and operational challenges. By integrating a cus-
tomised NSGA-II algorithm into the publicly available Floresta Digital platform, this
work bridges the gap between theoretical optimisation methods and practical applica-
tions. The resulting simulator empowers stakeholders to explore various forest man-
agement scenarios, balancing timber production with long-term goals.
A significant contribution of this study is the development of a custommutation oper-
ator within the NSGA-II algorithm, designed to keep the algorithm in accordance with
predefined constraints, such as harvest age restrictions. This innovation resulted in
consistently superior performance compared to the standardNSGA-II algorithmacross
72 test configurations. For example, in the pop = 200/n_gen = 500 configuration, the
customised version identified 123 solutions in 50 seconds, outperforming the 98 so-
lutions of the standard algorithm in the same runtime. These results highlight the
effectiveness of the customised NSGA-II in producing a wider and more diverse set of
valid solutions.
The custom algorithm demonstrated its ability to effectively balance exploration and
exploitation, with optimal parameter configurations, such as a crossover rate of 0.7
combined with a mutation rate of 0.002, resulting in superior solution density and
Pareto-front diversity. Hypervolume metrics further validated these findings, reveal-
ing that customised NSGA-II consistently achieved smoother convergence curves and
higher solution quality over multiple iterations. The Pareto-fronts for both algorithms
show a denser and more diverse solution space when using the customised algorithm,
particularly in exploring trade-offs for lower timber volumes and reduced variability.
The accessibility of the simulator through aweb-based platform represents amilestone
in the democratisation of forest management tools. It offers a practical, user-friendly
approach that allows decision-makers to simulate and analyse various strategies with-
out the need for expertise in optimisation algorithms, aligning with regional policies
like AIGP. The use of real-world data from central Portugal for the case study demon-
strates its potential to support sustainable forest management in complex landscapes.
While the project successfully meets its objectives, opportunities for improvement re-
main. Expanding the simulator to incorporate additional objectives, such as carbon
sequestration and biodiversity preservation, could broaden its impact.
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Testing the algorithm with larger, more diverse datasets and implementing paralleli-
sation techniques would further enhance scalability and reduce computational time.
Addressing usability challenges, such as simplifying data input processes, would also
improve adoption among a wider audience.
In conclusion, this research advances the field of forest management by providing a
practical, scalable, and public tool that leverages the power of custom heuristic opti-
misation. By aligning technological innovation with stakeholder needs and environ-
mental priorities, the project establishes a strong foundation for future developments
in sustainable forest management and contributes to a greater understanding of how
digital tools can support ecological and economic resilience.
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Appendix A - Simulator Wireframes

Figure 1: Wireframe illustrating the option to select stands either from a table or
through a map in step two of the simulator
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Figure 2: Wireframe illustrating the scenario where two distinct inputs are possible,
depending on the option selected for step three of the simulator
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Figure 3: Wireframe for the option to add input manually instead of uploading a file
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Figure 4: Wireframe of a pop-up window where the user can submit data
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Figure 5: Wireframe for the success message displayed after completing each step of
the form
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Figure 6: Wireframe for the error message displayed after completing each step of the
form
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Abstract: Forest management requires balancing ecological, economic, and social objectives, often
involving complex optimisation problems. Traditional mathematical methods struggle with these
challenges, leading to the adoption of metaheuristic approaches like the Non-Dominated Sorting
Genetic Algorithm II (NSGA-II). This paper introduces a custom NSGA-II algorithm, incorporating
a specialised mutation operator to enhance solution generation for multi-objective forest planning.
The custom NSGA-II is compared to the standard NSGA-II in a scenario aiming to maximise timber
harvest volume and minimise its standard deviation, with a minimum volume constraint. Key perfor-
mance metrics include non-dominated solutions, spacing, computational cost, and hypervolume. The
results demonstrate that the custom NSGA-II provides more valid solutions and better explores the
solution space. This approach offers a user-friendly and efficient tool for forest managers, integrating
well with Web-based systems for modern, sustainability-oriented forest planning.

Keywords: forest management; optimization; Genetic Algorithm; multi-objective optimization;
sustainability; Web integration

1. Introduction

Forests are not only important for sustainability but in fact indispensable resources for
human life on Earth. Hence, forest management has been the subject of much research.

1.1. Context to Forest Management

Forests are complex systems that provide a wide range of ecosystem services, contribut-
ing to environmental sustainability and resilience. However, the quantity and diversity
of these services depend heavily on the type of forest management applied and the initial
conditions of the landscape.

In Portugal, particularly in the central region, the forest landscapes are mainly com-
posed of planted forests owned by many small non-industrial private landowners, whose
primary objective is wood production [1,2].

The extensive use of maritime pine and eucalyptus, along with agricultural abandon-
ment and lack of active forest management, has led to large areas of forest monocultures
and scrublands. These conditions, combined with orographic and climatic factors typi-
cal of the region, as well as climate change, have resulted in widespread forest fires and
the spread of invasive woody species. This has caused the loss of ecological and eco-
nomic value of forest areas and their degradation, significantly altering the landscape and
compromising sustainability.

In response to this concern, Portugal has adopted the recommendation of several
international bodies and EU policymakers to use a landscape approach to forest manage-
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ment [3–5]. This approach aims to better tailor policy measures and forest management to
meet the expectations of local stakeholders and communities and to promote the resilience
of forested landscapes [5,6].

A new policy instrument known as AIGP (Integrated Landscape Management Areas)
has emerged to promote forest management at the landscape level, proposing a multi-
functional model for forest spatial planning. This model is based on functional zoning,
which divides the territory into three categories: (1) the resilience structure, which aims to
reduce fire hazards; (2) the ecological structure, to ensure the environmental services of the
landscape and the conservation of natural areas and biodiversity; and (3) the remaining
area, that does not have any designation but will be called a matrix in this work, where
wood production and other forest products with economic value can be pursued to meet
the needs of forest landowners.

The first two structures are designed to adhere to the spatial environmental restrictions
specified in the hierarchical planning system. In contrast, in the matrix, the use of a wide
range of forest management models and silvicultural options is encouraged to promote
landscape heterogeneity and structural diversity.

It should be noted that this model shares many similarities with those used in other
geographical contexts, such as the TRIAD approach, which aims to minimise negative
environmental impacts while maintaining the capacity to produce wood and generate
economic income [7]. The TRIAD approach proposes creating three zones: one dedicated
to nature conservation, another to intensive forestry, and a third where more extensive and
diverse forestry practices are applied. Like the AIGP model, the TRIAD approach adopts a
landscape-orientated perspective and explicit spatial planning, encouraging the adoption
of multiple forest management types across the landscape in a portfolio of management
strategies [8] to cope with unexpected results brought by climate change [9,10].

Diversifying management strategies can improve the ecological and economic re-
silience of the landscape, helping to reduce the likelihood of catastrophic events and the
economic dependence on a minimal range of forest products [10].

Management strategies should integrate silvicultural practices to enhance forest re-
silience to climate change. These practices, among other adaptation measures, include
species diversification, the establishment of mixed stands, the promotion of natural re-
generation, adjustments to harvesting ages, and the implementation of shelterwood and
selective cuts [11–15]. The diversification of silvicultural practices makes the process of
selecting management alternatives significantly more complex, requiring careful evaluation
of ecological, economic, and operational trade-offs.

Furthermore, historical, political, and social factors significantly influence the effec-
tiveness of forest adaptation strategies, often limiting the universal applicability of findings
from global studies in addressing global change [16]. Therefore, it is essential to develop
locally tailored adaptation measures that account for specific regional contexts and stake-
holder needs, and the long-term sustainability of forest ecosystems.

This adds another layer of complexity to the already intricate challenge of designing
forest management compositions and drafting management plans [17,18]. Many authors
emphasise the importance of the learning process involved, highlighting its fundamental
contribution to the quality and feasibility of the solutions developed [19,20].

The specific social context in Portugal amplifies the importance of the learning process
in forest management. Exploring new approaches to adaptive silviculture for forest stands
and devising comprehensive management plans for areas with multiple forest owners
are indispensable. The inherent complexity of the situation makes it difficult for forest
owners and decision-makers to clearly define their preferences without understanding how
different management alternatives align with their objectives and potential outcomes.

1.2. Managing Forest Stands Using Genetic Algorithms

Traditional optimisation techniques, such as linear and dynamic programming, have
long been applied to multi-objective problems such as harvest scheduling in forest man-
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agement, with studies by Hoganson et al. [21] and Borges et al. [22] demonstrating their
effectiveness in simpler scenarios. However, these methods often struggle to handle larger,
more complex problems, where balancing multiple, often conflicting objectives, such as
maximising timber yield while minimising environmental impact, becomes computation-
ally prohibitive [23].

In order to address these limitations, heuristic approaches have been employed as
a practical alternative, offering near-optimal solutions with manageable computational
costs [23,24]. Among these, Genetic Algorithms (GAs) have emerged as a powerful and
widely used tool to solve complex, large-scale, multi-objective optimisation problems [25].
GAs utilise evolutionary principles to improve the populations of potential solutions over
multiple generations [24]. In contrast to single-objective methods, which consolidate vari-
ous objectives into a single metric [26], GAs generate a set of solutions that independently
balance multiple objectives. As a result, this approach is well suited to scenarios where
the optimal solution may be represented by more than one alternative. Thus, in standard
multi-objective optimisation, all objectives are distinct measurable criteria, each expressing
some aspect requiring optimisation. Assuming all important criteria have been included as
objectives, one may be unsure about their relative importance to a decision-maker (and/or
about how to normalize them), but one can be certain that the ‘ideal’ solution will be
Pareto-optimal.

A key development in this field is the Non-Dominated Sorting Genetic Algorithm II
(NSGA-II), which was introduced by [27]. The effectiveness of NSGA-II in producing a
range of Pareto-optimal solutions has been demonstrated, allowing decision-makers to
examine a variety of trade-offs rather than a single, potentially biased solution. The core
mechanisms of the algorithm, namely, non-dominated sorting and crowding distance, assist
in the preservation of diversity within the solution set, thus ensuring a broad selection of
high-quality outcomes [27].

This work is based on the underlying principles of NSGA-II and introduces a decision
support tool for forest managers. This tool allows for the evaluation and optimisation of
management strategies prior to the implementation of a specific plan. The tool has been
designed with usability in mind and is accessible via a web-based platform, consisting of
two integrated modules. The initial module simulates potential management options for
each forest stand, allowing managers to evaluate prospective actions and their consequences
for a variety of objectives. The second module employs a modified version of NSGA-
II, referred to as custom NSGA-II, which incorporates a specialised mutation operator
designed to enhance the generation of diverse solutions tailored to the specific challenges
of forest management.

The custom NSGA-II algorithm is evaluated and compared with the standard NSGA-II
by applying both methods to a practical example involving forest management. This evalu-
ation is performed with a range of different parameter settings to assess their performance.
The forest planning problem under consideration involves two primary goals that the
algorithm aims to resolve: maximising timber harvest volume and minimising the standard
deviation in harvest volumes across the planning horizon for all stands. A critical constraint
ensures that all harvest volumes remain valid (i.e., greater than zero).

The analysis considers a range of parameter configurations, enabling a comprehensive
evaluation of the efficiency of the algorithms employed and the diversity of the solutions
generated. The outcome of this process is a method that enables forest managers to explore
various combinations of stands, assess trade-offs, and analyse different harvest ages over
time. It provides an efficient and user-friendly way to optimise forest management practices,
helping decision-makers make informed decisions.

2. Literature Review

The problem of forest management has been the subject of extensive research, includ-
ing traditional exact approaches and heuristic techniques.
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2.1. Exact Approaches in Forest Management

In recent years, the global market for wood products has surpassed some countries
economies. However, the way this wood is being cultivated and cut is still based on
rules of thumb from the 1900s. Despite the need to pay more attention to forests and their
ecosystems, there is still difficulty in using several methods already studied and proven to
help optimise and achieve sustainable management of forests [28]. In addition to impacting
a main operation in forest management, timber harvesting, good or bad practices in forests
can also impact other parts of the ecosystem such as CO2 sequestration, water cycles, local
climates, and preservation of biodiversity.

E. Bell defines mathematical programming as “a generic term for a set of methods that
can be used to optimise an objective in light of a set of constraints imposed on management
activities or constraints imposed on the allocation of land to various uses” [29]. These exact
techniques, including linear, goal, and mixed-integer programming, can be used to address
spatial forest planning issues if computational needs do not become too demanding and
are generally successful in resolving simple planning problems [30].

According to Shan et al. [30], there are various forest planning techniques such as
goal, integer, linear, mixed-integer, non-linear, and dynamic programming. These exact
methods aim to ensure optimal solutions and are typically used to validate heuristic
methods or for small-sized problems. Considering all these techniques, the most common
optimisation method for forest management planning is linear programming [31–33].
Linear programming is a useful tool to allocate resources efficiently, taking into account
various restrictions and maximising or minimising a goal [34]. Kangas et al. [35] suggest
that linear programming can be used to address a variety of sustainability issues, as it
allows multiple constraints. However, two essential components are necessary for these
models to work: all the variables required to create a plan must be quantified and linear.

Another traditional optimisation technique is dynamic programming [36]. This tech-
nique is more versatile and takes special consideration of the sequential decision-making
process over time. As such, it becomes especially helpful to address and simplify the
ongoing and difficult issues that require a long-term plan for forest management at any
age [31,37].

Exact conventional methods have proven their merit in optimising timber production
and biodiversity conservation. However, while they may have the advantage of being
transparent and interpretable, they may struggle to work for complex, non-linear relation-
ships in forest stands, which is where more modern approaches based on heuristic methods
can complement and enhance traditional forest management optimisation practices [38].

2.2. Heuristic Techniques

In the field of forest management, professionals are increasingly being tasked with
balancing a broader range of resource objectives than ever before. Modern sustainable forest
management has evolved from a focus on timber supply to incorporate more integrated
land use planning, taking into account social, economic, and ecological considerations [39].

2.2.1. Multi-Objective Problem Solving

Despite significant advances in computing power and mathematical approaches, these
techniques are more difficult to adapt given the increasing diversity of forest planning
objectives. The main challenge is the complexity of the problem, because the ecological
and human components of decision making have complex relationships [39]. Therefore, in
response to computational deficiencies, techniques designed to generate good approximate
solutions or predictions have been investigated [40]. These techniques may range from
heuristic methods to newer approaches based on artificial intelligence.

In forest planning, pursuing optimal solutions is often a challenging and computation-
ally demanding task. However, heuristics, defined as techniques that seek near-optimal
solutions at minimal processing cost, provide a pragmatic solution to this problem accord-
ing to Reeves et al. [41]. Heuristics are particularly good at producing solutions that find a
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balance between computational economy and efficacy. Heuristics can also offer adaptability
in problem formulation, allowing decision makers to align optimisation problems with
diverse goals and preferences [42]. Categorised by solution generation strategies, heuristic
methods can be centred on point-based approaches such as Tabu Search and Simulated
Annealing, as well as population-based methods like Genetic Algorithms and PSO [30,43].

In forestry, usually, the pursuit of multiple goals lacks a universally agreed criterion
for measurement [33]. Assessing the degree of difficulty when meeting multiple goals in
management plans remains a challenge. However, most forest management problems
are cast as multi-objective optimisation problems. For this type of problem, multiple
objectives need maximisation or minimisation, accompanied by meeting constraints to yield
feasible solutions. The distinction between single- and multi-objective optimisation lies in
the multidimensional space formed by objective functions alongside the typical decision
variable space [33,44]. When it comes to reaching the problem’s goal, heuristic optimisation
techniques do not require a particular form for the objective function. Consequently, the
design of the objective functions can vary from case to case.

According to [45], there are four basic compositions to formulate the objective function
for a multi-objective forest-planning situation:

1. One goal is either minimised or maximised through the objective function and the
other goals become constraints.

2. The objective function measures the deviations of several objective variables from their
target levels. These levels are given in other equations of the problem formulation.

3. A single objective is included in an objective function that is augmented with a
penalty function.

4. A multi-attribute function is developed and used as the objective function.

Although some of these formulations are similar to traditional mathematical program-
ming approaches, they can be solved using heuristic optimisation techniques. However,
they require the planner to define weights or bounds for the objectives. In this study,
decision makers do not define these parameters in advance [35].

Given the inherent nature of heuristic problems, that often do not allow for exact
solutions, researchers commonly evaluate the quality of the solution using statistical
measures such as maximum value, minimum value, mean value, standard deviation, and
an estimated global optimum solution [30].

2.2.2. Genetic Algorithms

The term “Genetic Algorithm” (GA) was first used by John Holland in 1975 [46]
and laid the foundation for a thriving field of study that has since expanded to cover a
wider range of applications than the initial GA. The terms “evolutionary computing” and
“evolutionary algorithms” (EAs) are now used to refer to significant developments over the
past ten years in the field, which have expanded the concept beyond the original GA [47].

Genetic Algorithms are population-based heuristic techniques based on natural se-
lection and natural genetics. For this reason, the terminology of genetics and biology is
used for their description [25]. This algorithm and its variations operate with a population
of solutions, termed chromosomes, and combines them to generate new generations of
solutions. It uses the concepts of selection, crossover, and mutation to simulate the mecha-
nisms of biological evolution. These algorithms have been successfully used in a variety
of areas, including music generation, genetic synthesis, strategic planning, and machine
learning [48].

For forest planning, this algorithm provides flexible and efficient approaches to try
to find optimal solutions. Given the fact that they search through large solution spaces
efficiently, they are suitable for solving combinatorial optimisation problems. They can also
handle both spatial and non-spatial objective variables, and so they are an efficient way of
solving multi-objective optimisation problems [49].

The extensive use of Genetic Algorithms in forest planning is well documented in
various studies [30] and can be implemented in several ways. However, common to all
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implementations is that they operate with several solutions [50]. This means that GAs
operate with a population of solutions. Each member of the population is a chromosome,
representing a potential solution. Chromosomes can be viewed as linear formations con-
sisting of contiguous segments, with each segment corresponding to a variable within the
problem. Each segment contains one or more elements, called genes, that perform a specific
function [25]. From a biological point of view, each gene is responsible for expressing a
specific characteristic associated with the individual chromosome.

The initial population of solutions is generated in a random manner and is subse-
quently subjected to simulated genetic evolution. The evolutionary process is carried out
via three genetic operators: selection, crossover, and mutation. Selection is an operation
designed to give members of a population with greater fitness a greater chance of survival.
In a numerical optimisation problem, the fitness of a solution is measured in relation to
the objective function value. The selection process results in a population with an overall
higher level of fitness. The population is then subjected to the crossover operation. In this
process, the genes of two parent chromosomes are combined to create a new chromosome.
Finally, mutation involves the random alteration of one or more genes on one or more
chromosomes in the population. In an optimisation context, mutation can help avoid
regions of local optima [25].

Several studies have produced different results depending on the characteristics of
the problem being solved. These characteristics include whether the problem was single-
objective or multi-objective, how complex the constraints or objectives were, and whether
the problem was integrated with spatial systems. Most of these studies compared the GA
against other heuristic techniques, as previously described.

In [51,52], the authors conducted studies comparing different heuristic optimisation
techniques. They found that Genetic Algorithms are highly effective and their adaptability
and robustness make them a valuable tool for managing forests, especially when dealing
with complex spatial issues. Despite the fact that these studies were conducted, they did
not investigate the effectiveness of these algorithms when dealing with uncertainty in
forest planning.

In the study in [44], the objective was to implement an optimiser that facilitates
simultaneous optimisation of multiple objectives without the need to join these objectives
in a single function. In a multi-objective setting, an individual possesses multiple objective
values, each pertaining to distinct objective functions. Consequently, the selection criterion
for the evolutionary algorithm must be redefined to accommodate an objective value vector
while retaining the essence of a single fitness value selection. The investigation compared
two multiple objective algorithms: the Multiple Objective Genetic Algorithm (MOGA)
developed by Fonseca et al. [53] and the Non-Dominated Sorting Algorithm II (NSGA-II)
by Deb et al. [27]. The study aimed to evaluate its performance against a random search
strategy to gauge the efficacy of genetic operators. The study revealed the effectiveness
of both MOGA and NSGA-II in random search strategies. NSGA-II notably approached
the Pareto-optimal front (solution where one of the objectives cannot be improved without
sacrificing another one) more closely than MOGA, indicating its better performance in this
aspect. However, MOGA excelled in discovering extreme solutions, contributing to a more
widespread distribution along the Pareto front. Despite these strengths, neither algorithm
managed to pinpoint extreme solutions. NSGA-II demonstrated a faster approximation of
the front and displayed evenly spaced solutions, but MOGA slightly outperformed NSGA-II
when considering the distance between extreme solutions. Nevertheless, NSGA-II exhibited
more robustness in approximating the Pareto-optimal front. Hypervolume measures and
other analyses consistently highlighted the superiority of NSGA-II in covering a larger
portion of the solution space compared to MOGA. In general, NSGA-II showed better
performance in addressing forest management issues. In conclusion, the study emphasises
the benefits of employing multiple-objective Genetic Algorithms in forest management
planning and suggests the integration of GIS (Geographic Information System) and other
heuristic methods for future improvements in efficiency.
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In order to address the multiple objectives involved in land use management, a multi-
objective evolutionary algorithm is the best solution. Multiple EAs, with slight variations in
functionality, have been developed and implemented for these problems. The most widely
accepted of these are MOGA [53], NPGA [54], NSGA, SPEA, and NSGA-II [27].

In addition, Deb et al. [55] explored how NSGA-II can be used to optimise multiple, of-
ten conflicting, objectives within the context of land use management. The Non-Dominated
Sorting Genetic Algorithm-II (NSGA-II) was selected as the optimal solution and desig-
nated as NSGA-II-LUM (NSGA-II in Land Use Management). NSGA-II was chosen for
its successful application to a broad range of problems. The spatial GIS-based algorithm
effectively evaluated three key objectives: maximising economic return, maximising carbon
sequestration, and minimising soil erosion. These objectives are particularly important in
addressing global warming and soil degradation, making NSGA-II-LUM a valuable asset
in contemporary environmental research. Despite data limitations, NSGA-II-LUM showed
potential to predict long-term global changes. It uncovers complex relationships and offers
valuable information on land use management, promising for dynamic applications [55].

Fotakis et al. [25] introduced a spatial operator to enhance the efficiency of Genetic
Algorithms in multi-objective spatial forest planning. The study used Constrained NSGA-II
as a standard Genetic Algorithm to evaluate this newly proposed methodology. The focus
was on a typical harvest scheduling problem, aiming to maximise timber volume while
minimising sediment levels, with constraints on minimum timber yield and even flows. The
introduced algorithm, referred to as Spatial NSGA-II, exhibited superior performance for
both constrained and unconstrained problems. In particular, it not only yielded improved
results, but also managed to keep the old forest together as an emergent outcome, despite
not being explicitly targeted. The primary objective of this approach was to facilitate
forestry decision making by providing a range of optimal management compositions. The
proposed modification of Constrained NSGA-II for spatial forest planning integrates a
spatial operator applied at a local level as a secondary type of mutation with a small
probability. This operator considers the land unit corresponding to the “mutated” gene and
its neighbouring members within the studied area’s plan view. This research underscores
the potential of Genetic Algorithms, especially the modified Constrained NSGA-II, in
addressing complex spatial forest planning problems. The results highlight its effectiveness
in optimising multiple objectives while considering spatial constraints, offering promising
applications beyond the scope of this study.

According to Ducheyne et al. [56], when looking at the use of Genetic Algorithms
to solve a multi-objective optimisation problem in forest management, it is also essential
to take into account spatial objectives. Neglecting spatial intricacies during planning
may lead to plans that are misleading or impractical. Genetic Algorithms, particularly
when integrated with GIS, offer a solution by providing spatially feasible plans during
the optimisation process itself. Insights from [57,58] further emphasise the importance
of incorporating spatial objectives and constraints in optimisation of forest management.
The Genetic Algorithm and GIS were connected through exchange files, allowing them to
communicate independently of the platforms, facilitating optimal task distribution. The
results of this integration revealed substantial differences in spatial layout and output
levels when spatial information was included, although only a fraction of the Pareto
front was explored [59]. This highlights the importance of incorporating spatial data
within the optimisation process and demonstrates the potential of a Genetic Algorithm–
GIS fusion in the development of spatial decision support systems. It also underscores
the risk of omitting spatial-dependent objectives during implementation, which could
lead to misleading or unfeasible plans, even in a simple problem with two management
compositions. Previous research by the same authors demonstrated the efficiency of GAs
over single-objective formulations in forest management optimisation. By integrating the
spatial analysis capabilities of a GIS within the optimisation process, spatially feasible plans
were constructed during the optimisation.
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All studies have in common the need to refer to the fact that the performance of
these heuristic methods mainly depends on the parameters that guide their search process.
Finding optimal parameter values is a crucial step in obtaining high-quality solutions [40].

3. Problem Definition

In this research, we address a problem that involves a forest composed of numerous
and diverse stands, each containing up to three different species with varying current
and harvest ages. Each stand may potentially support a variety of different compositions,
allowing forest planners to introduce new species into the stand if desired.

The combinatorial problem analysed here aims to find the optimal combinations of
stands and harvest ages to achieve two objectives simultaneously: maximising the total
timber harvest and minimising the standard deviation of the total timber harvest for
each period.

The optimisation goals focus on treating each stand with consideration for the collec-
tive objectives of the entire forest. The mathematical formulation of the problem may be
described as

Maximize Vtotal =
N

∑
n=1

P

∑
p=1

T

∑
t=1

Vnpt

Subject to Vnpt ≥ 0,

∀ n = 1, . . . , N, p = 1, . . . , P, t = 1, . . . , T

(1)

Minimize Stotal =

√√√√√
T
∑

t=1
(X − x̄)2

T − 1
Subject to ∀ t = 1, . . . , T

(2)

where
Vtotal = volume harvested during the planning horizon for all stands N;
N = number of stands;
P = number of species;
T = number of harvest periods;
Vxtc = timber volume harvested during period t for species x of stand n;
Stotal = standard deviation value during the planning horizon for all stands N;
X = stand’s timber volume for period t;
x̄ = mean of the sample for period t.

The timber volumes for each stand n can be obtained using the following formula:

Vnpt = Sarea × Pproportion × (vstand +
n

∑
i=1

vthinnings) (3)

where
Sarea = proportion of usable area in stand n;
Pproportion = ratio of species p in stand n;
vstand = volume of the stand for period t;
vthinnings = volume obtained from thinning.

This bi-objective optimisation problem is complemented by a constraint where the
total volume cannot be zero, as this represents an invalid solution: Vtotal > 0. Moreover,
in the course of validating the solutions generated by the algorithm, any solution that
exhibited harvest age values not within the specified ranges was considered to violate the
constraints, according to the first objective function (1).
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3.1. Strategy for Multi-Objective Forest Management

The design of an evolutionary strategy to address the multi-objective forest man-
agement problem outlined in Equations (1)–(3) involved a comprehensive analysis of the
solution fitness, the selection of genetic operators, and the fine-tuning of the parameters.

A forest consists of a set of stands, each occupying a polygonal area delineated on
a map. In the case study, the forest corresponds to the landscape matrix, where the user
defines on the map the set of stands that make up the forest (see Figure 1). Each stand has
a total area and a usable area, which represents the portion of the total area that can be
effectively used for tree coverage.

Each stand Si possesses specific characteristics that influence the structure of
the algorithm.

A stand is considered homogeneous with respect to the attributes used to simulate
its growth and yield. These attributes include the composition of the stand, that is, the
species present (up to three species) and their respective proportions of occupancy, to-
gether with the yield class and age class for each species. These values can be obtained
from forest inventories conducted for existing stands or estimated by the user for newly
established stands. For newly established stands, the user can define up to three alternative
compositions.

Figure 1 illustrates a hypothetical forest composed of two stands: Stand 1 and stand 2.

Figure 1. Example of forest stands’ possible combinations, where each alternative may have different
harvest ages and species occupation.

For stand 1, two alternative compositions are considered, representing two different
combinations of species and their respective occupancy proportions. In the first composi-
tion, the user specified a mixed stand comprising three species (combination 1), while in
the second composition, the user defined a mixed stand with two species (combination 2).
In contrast, stand 2 is defined as a pure stand, consisting of only one species.

Each species can be represented by the combination SiCj Ik, where Si denotes the stand
i (with 1 ≤ i ≤ m, where m is the total number of stands), Cj denotes the composition of
stand j (with 1 ≤ j ≤ n, where n is the maximum number of compositions of the stands),
and Ik denotes species k (with 1 ≤ k ≤ 3). Here, the variables i, j, and k are indices used to
identify specific stands, compositions, and species, respectively.

In addition to the basic parameters characterising the stands, forest management
involves a sequence of interventions throughout the life cycle of the stands (referred to
as the silvicultural model) to achieve the desired objectives. This model incorporates
operations such as regeneration, thinning, the type of harvest cut (clearcut or shelterwood),
and harvest age. These interventions are critical because they represent the management
options with the greatest influence on both the volume production and the harvest schedule.
The user of the Web platform can define these management interventions for each species.

Yield tables are crucial for forest management, as they provide valuable information on
tree growth patterns and potential productivity in different forest stands. Forest managers
and practitioners use these models to make decisions about the management of individual
tree stands or entire estates, forecasting production levels, making commitments to the
timber markets, and planning forest operations [60]. Yield classes and volume were esti-
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mated using yield tables, which were adjusted to provide volume and thinning estimates at
consistent intervals. For each species, three quality classes were considered: high, medium,
and low. The yield tables from Diéguez-Aranda et al. [61] were used for Pseudotsuga men-
ziesii, Quercus robur, and Betula alba, while the tables from Santos et al. [62] and Patrício [63]
were applied for Pinus pinaster and Castanea sativa.

Since the yield tables were originally designed for pure stands, their use in mixed
stands is limited to mixed stands by patches or groups. Consequently, each species is
assigned an independent silvicultural model, which includes defining the minimum and
maximum harvest ages that must be considered when generating alternative solutions with
the algorithm. It is acknowledged that both harvest age and harvest type can significantly
influence the results.

In addition, the problem operates within a specified time frame. The planning horizon
can be set to 50, 100, or 200 years, with harvest intervals of either 5 or 10 years.

Preliminary experiments showed enough variable results to allow ongoing improve-
ments to the second project module. At an early stage, modifications were made to enhance
the primary structure of the problem, and subsequently adjustments were introduced
to optimise the genetic operators. These refinements improved the performance of the
algorithm and reduced its computational demands. Reeves et al. [41] highlighted that
Genetic Algorithms are naturally adaptable, allowing easy modifications for changes in the
original problem.

3.2. Data Structure—Chromosome Representation

The Non-Dominated Sorting Genetic Algorithm (NSGA-II), implemented through the
PyMoo package (version 0.6.1.3) in Python [64], was used to find Pareto-optimal solutions,
where improving one objective cannot occur without worsening another.

NSGA-II is a state-of-the-art Multi-objective Genetic Algorithm (MOGA) designed to
overcome the limitations of classical optimisation methods, such as high computational
complexity, non-elitism, and the need to specify a sharing parameter [27]. By integrating
elitism, NSGA-II preserves the best solutions from the previous generation while employing
genetic operators, mutation, and crossover to generate a new population. This approach not
only accelerates convergence towards the optimal solution, but also enhances the overall
efficiency of the search process.

This algorithm effectively manages optimisation constraints and maintains diversity
in the population by using a crowded comparison operator. The solutions are initially
ranked according to dominance, and then sorted according to crowding distance, which
contributes to an efficient ranking system that reduces computational complexity [25,65] .

The approach carried out here highlights the efficient use of multi-objective optimisa-
tion algorithms to meet specific requirements and goals. Even in the face of strict limits,
NSGA-II is able to generate various solutions for a forest management problem.

For the application of NSGA-II, the problem was encoded as follows. The Genetic
Algorithm uses a chromosome of length L, where L is determined by the number of
compositions, the number of species in each composition, and the defined harvest age
periods for each species. Specifically, the length of the chromosome L is given by

L = C +

(
C

∑
j=1

I

)
× T (4)

where C is the number of compositions, I is the number of species in each composition j,
and T is the number of harvest periods.

For example, consider the following values:

• Number of compositions: C = 3;
• Species per composition:

– Composition C1 has I = 2;
– Composition C2 has I = 3;
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– Composition C3 has I = 1.

• Number of harvest periods: T = 10.

Using the formula designated as Equation (4), the following calculation is obtained:
Sum of species across all compositions :

C

∑
j=1

I = C1 + C2 + C3 = 2 + 3 + 1 = 6

Chromosome length calculation:

L = C + 6 × T = 3 + (6 × 10) = 3 + 60 = 63

As a result, for this test configuration, the length of chromosome L is 63.
Each cell in this chromosome represents a gene, allowing the algorithm to evaluate

and optimise based on the encoded information. Although problems typically solved
with the PyMoo package are continuous in nature, it is also possible to use other types
of variables [64]. In this case, a binary gene type is used. The first set of cells on the
chromosome, which represent the stand’s alternatives, are subjected to a constraint that
allows only one composition per stand to be selected. This constraint is applied across
all stands.

Figure 2 illustrates the arrangement of genes within the problem chromosome, as well
as the application of genetic operators such as crossover and mutation.

Figure 2. Data encoding for the NSGA-II algorithm.

Each gene in Figure 2 is encoded by the combination SiCj Ik:

• Si represents stand i, where 1 ≤ i ≤ m, with m being the total number of stands.
• Cj represents stand composition j, where 1 ≤ j ≤ n, with n being the maximum

number of stand compositions.
• Ik represents species k, where 1 ≤ k ≤ r, with r being the maximum number of species.

In this context

• i, j, and k are index variables used to identify the stands, compositions, and species,
respectively.

• m, n, and r are constants denoting the maximum number of stands, compositions, and
species in the system.

Subsequently, for each species present in the compositions, the corresponding gene is
repeated t times, where T represents the number of periods.
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For each group of periods, only one cell can represent the harvest age, ensuring that
only one period is designated as the harvest age for that species according to the age range
previously defined.

In the course of developing and implementing the NSGA-II algorithm to address
this particular problem, it became evident that the scale of the problem posed significant
challenges. The complexity of the problem was evidenced by the fact that each chromosome,
for a simple forest scenario, consisted of more than 100 genes. This complexity proved
detrimental to the algorithm, which was unable to achieve an acceptable ratio of valid
to invalid solutions. This issue was particularly notable during the initial stages of the
algorithm’s execution, with the need for more than 1000 iterations before the algorithm
reached an optimal solution.

Therefore, it was established that the algorithm required modification in order to
enhance the generation of valid solutions.

This custom NSGA-II algorithm differs from those commonly used in forest manage-
ment problems, as it accommodates the presence of composition options for each stand [23],
harvest-age limits, and a custom initial population and mutation operator. Furthermore,
the algorithm is integrated into a novel Web-based platform, facilitating broad accessibility
for any user.

The following sections provide a comprehensive analysis of the alterations made to
the original NSGA-II algorithm, as outlined by the pseudocode in Algorithm 1.

Algorithm 1 Custom NSGA-II Procedure

Require: N′, g, fk(X) ▷ N′ members evolved over g generations to solve fk(X)
1: Initialize Population P0
2: Generate custom population of N′ based on problem constraints
3: Calculate Objectives Vtotal and Stotal
4: Evaluate Constraint (Vtotal > 0)
5: Assign Rank based on Pareto dominance
6: Generate Child Population:
7: Binary Tournament Selection
8: Crossover and custom Mutation
9: for i = 1 to g do

10: for each Parent and Child in Population do
11: Assign Rank based on Pareto dominance
12: Generate sets of non-dominated solutions
13: Determine Crowding distance
14: Add solutions to next generation starting from the first front until N′ individuals
15: end for
16: Select points on the lower front with high crowding distance
17: Create next generation
18: Binary Tournament Selection
19: Crossover and custom Mutation
20: end for
21: Output Results
22: Extract and plot best solutions
23: Plot convergence and Pareto front

3.3. Creation of an Initial Population

A reduction in population size can result in insufficient coverage of the solution space,
which may lead to inadequate exploration and an increased risk of premature convergence.
On the other hand, an excessively large population can result in a significant increase in
computational costs without a corresponding improvement in solution quality [41].

Preliminary tests showed that populations with fewer than 50 individuals exhibited a
lack of diversity and frequently converged prematurely, resulting in an insufficient variety
of solutions. In contrast, populations of over 500 chromosomes exhibited a considerable
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increase in computational costs without a corresponding improvement in diversity or the
number of solutions, compared to a population size of approximately 200.

To further enhance the performance of the original NSGA-II, a customised operator
was developed to generate the initial population (lines 1–2 of the Algorithm 1), replacing the
float random sampling provided by the PyMoo framework for NSGA-II [66]. This tailored
approach assigns random binary values to each gene to form a chromosome, guaranteeing
validity by ensuring that only one harvest age is selected for each species, rather than
multiple. This effectively addresses a key issue in the original NSGA-II approach, where a
higher proportion of invalid solutions were generated than valid ones.

3.4. Fitness Evaluation

Once the population has been generated, either by random initialisation or as a result
of a previous generation (lines 1–2, 6, 17 of the Algorithm 1), it is necessary to evaluate each
individual. During the fitness evaluation phase, the algorithm calculates the values of two
competing objectives for each individual: one to be maximised (Equation (1)) and the other
to be minimised (Equation (2)).

In addition to this analysis, the individuals are classified as feasible or infeasible, based
on their conformance to the constraints specific to the problem, such as the ranges of valid
harvest ages. Subsequently, feasible solutions are prioritised during the sorting process.

The NSGA-II algorithm then proceeds to sort the combined parent and offspring
populations according to the principle of non-dominance, resulting in the formation of
multiple Pareto fronts (lines 5, 11–12 in Algorithm 1).

Non-dominated solutions are on the initial front, while subsequent fronts have in-
creasingly dominated solutions. For example, the second front includes one-dominated
solution, the third two, and so on. This classification process continues until all individuals
have been assigned to a front.

Within each Pareto front, the solutions are further sorted using a crowding distance
metric to maintain diversity (line 13 of procedure in Algorithm 1). The crowding distance
is a measure of how far a solution is from its neighbours in the objective space. Solutions
situated at the boundaries of the search space benefit from higher crowding distances due
to the scarcity of their neighbours. By favouring solutions with higher crowding distances,
the algorithm ensures that the solution space is explored in a well-distributed manner [67].

3.5. Selection

NSGA-II employs an elitist strategy to ensure the preservation of high-quality solu-
tions across generations. The selection process combines the current population with the
offspring based on the Binary Tournament Selection operator, as outlined in Deb et al. [68].
This operator compares two individuals at a time, first by their Pareto rank and then by
their crowding distance if they belong to the same front. The individual with the lowest
rank or the largest crowding distance is selected. This process ensures that solutions with
superior trade-offs and greater diversity are more likely to be selected, striking an optimal
balance between exploration and exploitation (lines 16–18 of the Algorithm 1).

It has been demonstrated that the use of Tournament Selection facilitates a more rapid
convergence, as described in the framework recommendation [64]. Hence, no alterations
were made to this parameter.

3.6. Crossover and Mutation

Crossover is a process by which genes from selected individuals are substituted for
the next generation, allowing new solutions to be created by merging genetic material from
the parent chromosomes. The crossover probability rate determines the likelihood that the
chromosomes undergo this process.

It is standard practice to include mutation as the final operator in an iteration. This
operation performs unary transformations (transformations with one operand) on selected
individuals. This is achieved by changing alleles in individual chromosomes. In general, the
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probability of using the mutation operator is fixed throughout all iterations [41]. Typically,
all genes are checked and the respective alleles are randomly changed according to a
constant low probability [41]. It should be noted that this process has some limitations.
Even with the use of library routines for initialising and generating random numbers, the
process presents a significant computational challenge.

Although GAs can be a great technique, there is also an experimental quality to them,
as [69] shows. There is not one formula that fits all cases for choosing these operator rates.
Generally, a low crossover probability is expected to slow down the convergence process in
the first iterations, and too high a probability may lead to saturation around a solution [41].

While Genetic Algorithms can be an effective technique, they also have an experimen-
tal quality, as demonstrated by Hassanat et al. [69]. It is not possible to apply a single
formula to determine the optimal operator rates.

In general, a low crossover probability is expected to slow down the convergence pro-
cess in the initial iterations. However, a probability that is too high may result in stagnation
around a solution. Therefore, with the mutation operator, lower rates are typically used to
avoid converting the evolution programme into a random search approach [70].

According to the work of Hassanat et al. [69], for these operators, several studies opt
to use ranges for crossover of [0.5–1.0] and for mutation of [0.5–0.001].

In both the custom NSGA-II and the non-modified NSGA-II, the crossover operation
used was the framework default. The SBX (simulated binary crossover) method was used
with different crossover probabilities.

In terms of the mutation operator, in the preliminary tests it was found that while
NSGA-II is efficient and yields a wide range of Pareto-optimal solutions, many of these
solutions violate the problem logic, such as ensuring proper forest harvest ages or valid
stand allocations. The mutation operator was then adapted to improve the probability of
maintaining validity when solutions undergo mutation, as Verma et al. [66] suggests.

By integrating problem constraints directly into the mutation process, the operator
minimises the generation of invalid solutions. The process probabilistically flips bits
for the alleles, while confirming whether the allele randomly chosen to undergo muta-
tion will maintain the chromosome’s validity with regard to the harvest-age intervals or
species alternatives.

This approach helps to strike a balance between exploring new configurations and
maintaining validity, reducing computational waste and ensuring that the algorithm user
only sees the final, valid solutions that optimise both objectives.

3.7. Stopping Criteria and Performance Metrics

The evaluation of the quality of the solutions allows for the determination of whether
the process should be terminated or continued in order to achieve the optimal results.

The preliminary tests of this module demonstrated that as the number of iterations
increased, the number of solutions identified increased exponentially, but the runtime also
increased exponentially. In light of the fact that the algorithm module will be available
on a Web platform, the number of generations was identified as the primary criterion for
termination of the process.

To assess the impact of these modifications, a comparative analysis was carried out
using the same scenario and random initial population, contrasting the performance of
the standard mutation operator (as required by the original algorithm package) with
that of the custom mutation operator. The intention was to assess whether there are
significant advantages in using a customised mutation operator to reduce the number of
final invalid solutions.

A comprehensive evaluation methodology was used to compare the two approaches
within the case study. The performance indicators employed for this comparison included
the number of non-dominated solutions, the spacing metric, computational time, and both
the evolution and interval values of hypervolume. These metrics were selected because the
true Pareto front was not known a priori [66].
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The number of non-dominated solutions quantifies the cardinality of the non-dominated
set within the final population, representing the solutions located on the approximated
Pareto front [71]. An elevated number of non-dominated solutions is indicative of a
greater diversity of trade-offs, which is highly desirable in the context of multi-objective
optimisation [27].

The spacing metric assesses the uniformity of the distribution of solutions along the
approximated Pareto front. A lower spacing value indicates a more uniform distribution of
solutions, which in turn provides better coverage of the Pareto front [27,72].

In terms of computational performance, the runtime was employed as a metric to
assess the total time taken by the NSGA-II algorithm to reach termination. Although faster
algorithms are usually the preferred option, particularly given the intended deployment of
this solution on a Web platform, it is important to balance computational efficiency with
the quality of the solutions obtained.

The hypervolume metric was used to evaluate the quality of non-dominated solu-
tions [73]. This metric, calculated with a reference point greater than the maximum values
of the Pareto front, quantifies the volume of the objective space dominated by the set
of solutions [64]. A larger hypervolume indicates a better approximation of the Pareto
front [74]. Additionally, the evolution of hypervolume over successive generations provides
insights into the algorithm’s convergence characteristics, with a higher final hypervolume
representing an optimal overall trade-off between the objectives.

The findings of this analysis are presented and discussed in the following sections, out-
lining the potential advantages of using a customised mutation operator for complex, high-
dimensional optimisation challenges, such as those encountered in forest management.

4. Case Study

This study evaluates the performance of the NSGA-II algorithm using a semi-hypothetical
dataset for a complex forest scenario. A forest area was selected in the Coimbra District,
Portugal (Figure 3), considering the physical characteristics of the landscape. The area
is divided into three types of landscapes: matrix, resilience, and conservation systems.
However, only the matrix landscape type was used for the simulation. Each stand within
the forest can be categorised as a pure stand (containing only one species) or a mixed stand
(containing more than one species).

(a) (b) (c)
Figure 3. Map of the region selected for this case study. (a) Map of Portugal with the study area
identified. (b) Map of the study area used in the simulation. (c) Map of the study area defined by the
three zones.

The forest is divided into 20 stands, 14 of which are part of the landscape matrix
and classified as forest stands, making them suitable for the planning problem (Figure 3).
These 14 stands were selected for testing, reflecting the complexity of a typical real-world
problem that is often large in scale. Inventory data, typically provided by forest managers,
were collected for these stands. These data include essential information required by the
algorithm, such as the stand’s total area and the proportion of usable area. For existing
stands, the collected data included the composition type (pure or mixed), the species present
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(up to three species per stand), their respective proportions, and biometric parameters
to estimate the yield class and the age class for each species. For new stands, the forest
manager was asked to estimate up to three future alternative forest compositions and
provide an expected yield class for each species. To continue the scheduling of harvests,
forest managers also determined, for all alternative compositions within each stand and for
each species, the minimum and maximum harvest rotation ages and whether to employ
a shelterwood or a clearcut system. Additionally, they established a planning horizon of
100 years, divided into five-year periods.

A representation of the context used for the algorithm is provided in Table 1. This table
outlines the combinations of stands, species, and harvest ages, along with the designated
cutting type, as defined for two stands (1 and 9). These examples illustrate two different
scenarios: one in which there is an existing forest stand (stand 1) and another in which a
new stand will be regenerated (stand 9).

It can be observed that some stands exhibit a single potential combination, implying
that the sole combinatorial alteration that may occur within these stands is the modification
of the harvest age. However, in stand 9, the algorithm will compare multiple harvest ages
for each combination and identify the optimal combination of species and harvest ages
that maximises both objectives. In the final solutions for stand 9, only one of the following
combinations is permitted: Stand 9-I, II, or III. This approach results in a forest management
problem consisting of 437 genes per chromosome.

Table 1. Example of the case study stand configuration.

Minimum Harvest Age Maximum Harvest Age Silvicultural System

Stand 1-I

Pinus pinaster 20 80 Clearcut
Quercus robur 60 120 Shelterwood

Stand 9-I

Pinus pinaster 30 60 Shelterwood
Quercus robur 40 120 Clearcut

Stand 9-II

Quercus robur 40 120 Shelterwood

Stand 9-III

Pinus pinaster 20 50 Shelterwood
. . .

5. Results

All algorithms were implemented and tested on a MacBook Air (Apple M2 CPU,
16 GB RAM) with Apple M2 GPU under the macOS Sonoma (version 14.4.1) operating
system. The programming environment used Python 3.11.6, with the NumPy 1.26.3 and
SciPy 1.14.0 libraries. These specifications were able to provide sufficient computational
power for handling this large-scale task within reasonable time frames.

A comparison of the outcomes of the two approaches was achieved by running the
basic NSGA-II and the custom mutation operator NSGA-II algorithms 10 times each for
each set of parameters, given that it was not possible to maintain consistency in the initial
population across all runs.

Table 2 outlines the parameters that were modified within the package used for each
comparative analysis. The crossover probability range selected was [0.7–0.9], as the values
between 0.9 and 0.7 did not result in any significant changes in previous test settings. The
mutation rate was established to be between 0.5 and 0.001, as this interval was found
to have a significant impact on the number of valid solutions generated. In general, the
algorithm displays a preference for maintaining mutation rates near 0. However, in light of
the mutation constraints incorporated into the custom NSGA-II, it was deemed prudent to
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also investigate the 0.5 range, given that previous tests had demonstrated the potential for
highly significant solutions to be produced within this interval.

The efficacy of these values has previously been demonstrated, hence their selection
for utilisation in the present tests. The number of generations was distributed between 100
and 500. As previously outlined in the initial tests of the algorithm, enhancement was only
apparent after 1000 iterations due to the challenge of generating valid solutions. The newly
implemented improvements proved to be effective in addressing the previously identified
problem. Consequently, it was determined that a 1000-iteration run would not be feasible
due to the imposed runtime constraints.

Table 2. Parameters used for testing both NSGA-II algorithms.

Parameters Tested

Population size 50, 100, 200
Number of generations 100, 200, 500
Crossover probability 0.7, 0.9
Mutation probability 0.5, 0.1, 0.01, 0.002, 0.001

The results for population size (pop), number of generations (n_gen), crossover proba-
bility, and mutation probability that demonstrated optimal performance are presented in
Tables 3 and 4.

As illustrated in Table 2, a substantial number of configurations were tested, resulting
in 72 scenario cases. Therefore, the data presented in the tables mentioned above represent
a subset of the complete data. It is important to note that the standard NSGA-II results
include a small number of invalid solutions, which are the result of not using the custom
mutation operator. Although these instances are not prevalent, they occur.

Table 3. Performance metrics for optimal parameter configuration of the standard NSGA-II.

Algorithm NSGA-II

pop = 50
n_gen = 100

pop = 100
n_gen = 200

pop = 200
n_gen = 500

Crossover 0.9 0.7 0.9 0.7 0.9 0.9 0.7

Mutation 0.001 0.001 0.5 0.002 0.5 0.5 0.1 0.002 0.002 0.001 0.002 0.1

Solutions 17 16 15 14 34 32 27 27 98 91 89 88
Runtime (s) 2.19 2.41 2.17 2.03 8.5 9.25 7.74 8.29 52.54 53.67 51.70 45.41
Spacing 0.08 0.10 0.09 0.11 0.05 0.05 0.06 0.05 0.02 0.02 0.02 0.02
Hypervolume 0.70 0.66 0.64 0.58 0.76 0.74 0.76 0.71 0.79 0.77 0.77 0.78

Table 4. Performance metrics for optimal parameter configuration of the custom NSGA-II.

Custom NSGA-II

pop = 50
n_gen = 100

pop = 100
n_gen = 200

pop = 200
n_gen = 500

Crossover 0.7 0.9 0.7 0.9 0.7 0.9 0.9 0.7

Mutation 0.5 0.5 0.001 0.002 0.5 0.5 0.1 0.002 0.002 0.05 0.01 0.001

Solutions 50 33 21 20 55 96 40 36 123 112 109 106
Runtime (s) 18.34 7.16 1.94 1.96 26.71 72.92 11.33 7.77 50.80 51.69 129.39 51.72
Spacing 0.02 0.03 0.10 0.10 0.02 0.01 0.04 0.05 0.02 0.02 0.02 0.02
Hypervolume 0.75 0.72 0.70 0.67 0.75 0.76 0.72 0.70 0.78 0.74 0.76 0.78

Despite the variations in the selected case studies, several key conclusions can be
drawn from the analysis of the results as a whole, rather than from the small example alone.
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The customised version of the NSGA-II algorithm consistently demonstrates superior
performance compared to the standard version when applied to the specified problem.

The custom Mutation NSGA-II demonstrates a clear advantage in identifying a greater
number of solutions. To illustrate, in the pop = 100/n_gen = 200 parameter configuration, the
custom Mutation NSGA-II identifies 55 solutions (crossover = 0.9, mutation = 0.5) in 26.71 s,
while the standard NSGA-II identifies only 32 solutions under the same parameter settings.

Similarly, in the pop = 200/n_gen = 500 configuration, the custom mutation NSGA-II
produces 123 solutions (crossover = 0.9, mutation = 0.002) in 50 s, compared to 98 solutions
from the standard NSGA-II algorithm.

The mutation correction in the custom NSGA-II effectively balances exploration and
exploitation through optimised mutation and crossover rates, aiding in escaping local
optima and increasing solution density on the Pareto front.

Crossover and mutation rates have a notable effect on performance: a 0.7 crossover
rate generally surpasses the 0.9 rate in the custom NSGA-II. In the pop = 100/n_gen = 200
configuration, combining a crossover rate of 0.7 with a mutation rate of 0.5 results in
96 solutions, compared to 55 solutions with a crossover rate of 0.9. Lower mutation rates,
such as 0.002, produce more solutions when combined with a smaller crossover rate, as
they manage to find more solutions closer to the previous solution.

The custom mutation mechanism coupled with a 0.7 crossover rate strikes a superior
balance between solution diversity and convergence speed, as indicated by the hypervol-
ume metric. In contrast, standard NSGA-II compensates for its limited adaptability to
exploit the solution space with higher crossover rates, such as 0.9.

While both algorithms see gains with larger populations and more generations, the
extent varies. The custom NSGA-II almost doubles solution outputs when moving from
settings like pop = 50/n_gen = 100 to pop = 100/n_gen = 200. Standard NSGA-II also benefits
from scaling, but to a lesser degree than the custom Mutation version.

The custom Mutation NSGA-II has a longer runtime but produces a greater number of
solutions. For example, with pop = 200/n_gen = 500, it finds 123 solutions in 50 s, whereas
the standard NSGA-II achieves 98 solutions in 53 s. Although the standard version can be
marginally faster for smaller setups, it offers less diversity in solutions.

The custom NSGA-II’s prolonged execution time is justified by its capability to produce
a more varied and concentrated Pareto front. This feature is especially beneficial in this
problem setting, where diversity and validity of solutions are crucial.

Regarding the spacing metric, the custom Mutation NSGA-II consistently yields
lower spacing values, demonstrating better solutions distribution. For example, under
the pop = 200/n_gen = 500 setup, the custom Mutation NSGA-II achieves a spacing of
0.02 across several parameter configurations, whereas the standard NSGA-II also reaches
0.02, but produces fewer solutions overall. This indicates that although both algorithms
can achieve a uniform distribution, the custom Mutation NSGA-II offers greater density
and diversity, thus ensuring a more complete Pareto front.

This analysis can be validated by examining the hypervolume in conjunction with
the iterations. For instance, considering the parameter configurations that yield the most
solutions for both the custom and standard NSGA-II: pop = 200/n_gen = 500, crossover = 0.9,
mutation = 0.002. The subsequent plots relate to these configurations, noting that each
parameter setup was executed for 10 consecutive runs.

In order to gain an accurate interpretation of the hypervolume metric results, it is
crucial to consider not only the minimum and maximum hypervolume indices, but also
the manner in which the convergence curve progresses over the course of the iterations.
Although the final hypervolume values of the algorithms may appear to be similar, an
analysis of the convergence behaviour across iterations provides valuable insight into the
quality of the solutions.

An examination of the convergence curve for each parameterisation reveals that the
customised algorithm displays a more continuous, gradual increase in hypervolume across
the ten runs. This indicates a more consistent enhancement in both the convergence and
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diversity of solutions compared to the standard algorithm, which tends to demonstrate
declines or stagnation in the hypervolume index. These observations are illustrated in
Figures 4 and 5. The smoother curve in the customised algorithm indicates a more stable
and gradual improvement, reflecting a higher overall solution quality.

Figure 4. Hypervolume convergence curve for standard NSGA-II algorithm.

Figure 5. Hypervolume convergence curve for custom NSGA-II algorithm.

Figure 6a,b illustrate the Pareto fronts derived from the specified case study, showing
the optimal balance between computational expense and the number of solutions identified.
As illustrated in Figure 6a, the solution space is limited, with timber volumes ranging from
approximately 40,000 to 65,000 and a standard deviation of approximately 12,000 to 20,000.
The distribution of points is more sparse, indicating that a smaller number of solutions
were identified. Furthermore, the correlation between volume and standard deviation
appears to be relatively linear, with the standard deviation gradually increasing as the
volume increases. The Pareto front in this case explores a narrower range of higher volumes
and higher standard deviations, indicating a lack of diversity in the solutions.

(a) (b)
Figure 6. Comparison of Pareto fronts for the best case study using NSGA-II and custom NSGA-II
algorithms. (a) Pareto front for the NSGA-II. (b) Pareto front for the custom NSGA-II.

In contrast, Figure 6b illustrates a more exhaustive exploration of the solution space.
The points in this graph are more densely packed, indicating that a larger set of potential
solutions is available. In particular, the customised algorithm appears to provide more
trade-offs for lower volumes, as it explores regions with reduced standard deviations.
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The goals of maximising timber volume and minimising standard deviation are
contradictory. Consequently, each solution on the Pareto front holds equal validity in
multi-objective optimisation. In the absence of specific preference information, selecting
a particular solution depends entirely on the user’s priorities. Each Pareto front point
signifies a forest management strategy produced by the algorithm, as depicted in Table 5.

Table 5. Final example of the produced management plans.

Stand Species Harvest Age (Year) Volume (m3)

1 Pinus pinaster 65 3603.22
Quercus robur 55 4449.66

9 Pinus pinaster 50 12,035.93
. . .

6. Conclusions

This paper introduces a custom mutation operator tailored to a forest management
optimisation scenario. Integrated into the NSGA-II algorithm, the operator ensures that the
solutions adhere to the predefined age constraints. The modified and standard NSGA-II
were applied to a spatial forest planning problem, aiming to maximise the timber harvest
volume and minimisation of the standard deviation in total volume produced, with a
constraint on minimum harvest volume.

Performance was evaluated using metrics such as the number of non-dominated
solutions, spacing, computational cost, and hypervolume. Both algorithms were run
10 times per parameter configuration and the results averaged. In some cases, the outcomes
were statistically similar, likely due to the initialisation of the randomised population.

In general, the customised NSGA-II algorithm is more effective than the standard
NSGA-II algorithm in generating a greater number of valid solutions, reflecting the primary
objective of exploring the full range of potential solutions in forest management problems.
The proposed approach offers a more customised version of NSGA-II, capable of producing
valid and diverse compositions for forest management stands in a user-friendly manner,
offering forest managers a detailed platform that assesses the possible consequences of their
management decisions. Future work includes testing the proposed improved algorithm in
larger forest stands.
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