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Abstract

Modern vehicle designs must deliver lighter yet robust structures under tight development
schedules. Early body-in-white (BIW) layout is still drafted largely by hand, a practice that
limits the portion of design space engineers can explore before costly finite-element verification.
This thesis introduces a 2-D genetic-algorithm demonstrator that automatically generates
feasible BIW skeletons from geometry. Structural members are represented as parametric beam
primitives on a mirrored 60× 30 grid and fitness is the weighted sum of five purely geometric
penalties. Three GA (Genetic Algorithm) variants are evaluated under an identical budget of
24 000 objective evaluations. The baseline variant with static weights attains the best median
final fitness, of proving that the algorithm can satisfy all hard constraints without physics
coupling. The adaptive schedule, which re-weights objectives during the run, converges twice as
fast in the first evaluations, but plateaus at a higher median fitness. The repair variant applies
a local shift heuristic that mends broken joints after mutation. It lowers worst-case penalty
values by 25% relative to the adaptive schedule while maintaining similar mean performance. A
subsequent Bayesian optimization search over crossover rate, mutation rate and penalty weights
further improves the median fitness by 14% without increasing the evaluation budget. These
results demonstrate that disciplined constraint handling and diverse layout exploration are
already achievable at the geometric stage. Future work will lift the encoding to shell-element 3-D
models and integrate stiffness and crash simulations to form a full physics-coupled optimisation
pipeline.
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Chapter 1

Introduction

Automobiles represent a great segment of our urban infrastructure and are among the fastest-
growing industries in the world today [1]. The evolution of design and engineering of vehicles
serves as a great example of the pace this technology is shifting. This can be addressed from
different perspectives and objectives. This thesis covers and discusses the design perspective and
how this fragment affects the overall objectives of automobile construction. Traditionally, design
methodologies predominantly depend on human knowledge. These approaches have proven to
be successful, although they are inherently laborious and resource-heavy 2. This can slow down
adjustments to new materials, advancing technologies, and evolving regulatory requirements.
As a growing industry, the need for automobiles that are robust and aerodynamically optimized
increases. Relying solely on traditional methods may prevent this industry from reaching a
higher level of workflow.

This thesis investigates a genetic algorithm (GA) framework for body-in-white (BIW) optimiza-
tion. Inspired by the ideas of evolution and natural selection, genetic algorithms can provide a
framework for investigating large design spaces and developing solutions that satisfy intricate
restrictions. One of the core contributions of this thesis is the integration of optimization
through evolutionary algorithms (EA) 2.1.2. In particular, this study investigates how evolution-
ary computation might be used to improve structural elements inside a simplified representation
of the design space. The purpose of this thesis is to create a foundational demonstrator or a
first step towards an optimization framework. It focuses on using simple components as building
blocks for the vehicle body. By utilizing genetic operators, this framework seeks on iteratively
improving solutions by generating and evolving configurations using a genetic algorithm. It
pays attention to integrating simplified domain-specific restrictions 2.1.1. More complicated
areas of this field are yet to be considered in continuation. A complete design system involves
a greater and precise analysis of numerous elements. This is a Proof Of Concept delivered by
implementing fundamentals mentioned in Chapter 4.

Consequently, the project aims to answer the following research questions:

1. Can a conventionalized representation of a 2-D design space and components generate
design layouts that satisfy geometric feasibility constraints inside a fixed evaluation
budget? 5.2.1

2. Does shifting priorities during the optimization improve its fitness and convergence
compared to static objectives?5.2.2
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3. Can injecting repair steps after genetic operators deliver better fitness and designs?5.2.3

4. Can hyper-parameter search discover optimal setups compared to those predefined and
hand-tuned to achieve optimal body arrangements?6.1

The following chapters develop a detailed description of the problem statement 2 and a review
of the related work 3.
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Chapter 2

Background

Designing and optimizing vehicle body structures in automotive construction has long been
a challenging task [2]. Setting up a proper integration of various mechanical, electrical, and
aesthetic components is crucial to these structures. Ensuring passenger safety, structural integrity,
and efficient energy use is essential to a vehicle’s overall performance. Historically, Computer
Aided Design (CAD), Finite Element Method (FEM) for virtual prototypes of structures, and
expertise involvement were used to realize such ideas [3]. However, the repetitive nature of
these approaches often limits their scalability and adaptability. The development of vehicle
body design through computer optimization techniques and their effects on the automotive
sector are all covered in this part.

2.1 Problem Statement
Traditionally, the design development relied heavily on trial and error. The process involved
engineers utilizing FEM for design simulations based on an input from CAD. This designed input
is still done by humans, and therefore, it presents a gap which we want to explore. Through
a lengthy pipeline of steps, they would identify weaknesses or opportunities for improvement.
Although effective, this approach for generating robust designs is labor-intensive and costly. In
most cases, it fails to fully explore the design space due to time constraints. Modern approaches
increasingly leverage computational methods to streamline and enhance the design process and
deal with target balancing. [4][5].

One straightforward example of this trade-off is weight reduction, which has emerged as a
major focus in vehicle design [6][7]. Its direct influence on fuel or electrical consumption and
emissions has resulted in changes throughout the evolution of BIW. Regulatory standards,
such as the Corporate Average Fuel Economy (CAFE) requirements [8] and the European
Union’s emissions targets [9], further emphasize the importance of lightweight construction.
Meanwhile, vehicle safety regulations demand enhanced security in the case of an accident,
requiring structural designs capable of handling energy effectively during collisions [10].

Computer-aided simulation tools such as Finite Element Analysis (FEA)[11] and Computational
Fluid Dynamics (CFD) [12] have altered vehicle body design. These tools have made it
possible for engineers to simulate variations of scenarios. Such cases start from crash tests
to aerodynamic evaluations, without the need for physical prototypes. These simulations help
optimize designs early in the development process by distinguishing stress centers, deformation
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patterns, and failure points. Additionally, computer-based techniques make it easier to explore
materials and geometries that would be difficult to test with conventional techniques.

2.1.1 Vehicle Body Structure Design

Vehicle body structures must fulfill a variety of requirements to reach the standards of modern
automotive engineering [13]. These specifications include minimal weight for fuel efficiency and
lower emissions, aerodynamic and driving performance, as well as structural strength.

The design of a body-in-white can be framed as the search for a vector of design variables

x =
[
x1, x2, . . . , xn

]⊤ ∈ X

that satisfies a set of requirements. This set of combinations should offer the best possible
compromise between several engineering goals. Formally, we seek the feasible set

F =
{
x ∈ X

∣∣∣ ck(x) = 0 (k = 1, . . . ,m), gℓ(x) ≤ 0 (ℓ = 1, . . . , r)
}

, where ck are equality constraints (symmetry, package envelopes, joint locations) and gl are
inequality constraints (minimum weld length, maximum panel deflection, material limits, etc.).
Based on this set, the objective vector is evaluated

f(x) =
[
f1(x), f2(x), . . . , fp(x)

]
. Its components typically represent conflicting targets such as mass, stiffness, crash absorption,
noise vibration harshness, manufacturing costs, etc. No single design can minimize all objectives
simultaneously. Therefore, the framework aims to identify Pareto-optimal solutions:

x⋆ ∈ F is Pareto-optimal if ∄y ∈ F such that fi(y) ≤ fi(x
⋆) ∀i and fj(y) < fj(x

⋆) for some j.

In practice, engineers usually transform the vector f into a scalar score such as a weighted
sum. This way, the single-objective optimizers can be employed.

Connectivity, Isolation and Symmetry

Vehicle bodies are not simply a collection of parts. They must behave as a single structure that
shields the passenger region from external forces. In optimization terms, these three geometric
constraints are particularly important:

• Connectivity All structural components must be linked to form one continuous compo-
nent. This facilitates the transmission of crash loads without stress concentrations. In
order to achieve this, engineers pay attention to how metallic parts are connected. This
small-scale perspective for each connected component ensures a rigid overall structure
at the end of the process. Formally, we can think of the structure as a contact graph
G(x) = (V,E). Nodes V are parts, and edges E represent weldable flange contacts. An
optimal body design requires that all flange attachments are connected. This requirement
is illustrated in Figure 2.1a.
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• Isolation Certain inner regions such as battery box, interior or engine compartments
must be hermetically sealed from the exterior as shown in figure 2.1b. This is essential for
reasons of safety, proper functioning, as well as a better driving experience. Let Ωin ⊆ X
denote the set of grid cells that define those regions. A flood-fill which can represent any
external flow of force that starts on the outer boundary may not reach any cell in Ωin.

• Symmetry By principle, body manufacturing procedures usually prescribe bilateral
symmetry. In addition of several components which change from the driver’s side. It is in
the vehicle’s nature to have a symmetrical design. Every part placed at (x, y) must have
a mirrored counterpart at (W−1−x, y) as observed in figure 2.1c. Symmetry is modeled
as a hard equality constraint on the geometry before any other target is estimated.

(a) Connectivity Local con-
nectivity between an outer
body panel and an inner rein-
forcement. The orange strip
represents the flange area
available for spot-welding
and dots indicate individual
weld nuggets.

(b) Isolation The red trans-
parent regions mark the
sealed zones that must re-
main isolated from external
flow paths.

(c) Symmetry
The dashed red
line marks the
symmetry axis.
Every structural
component on the
left-hand side must
have a mirrored
counterpart on the
right-hand side to
ensure balanced
load paths.

Figure 2.1: Illustration of the three geometric constraints

2.1.2 Evolutionary Methods

Evolutionary solutions offer a natural fit for the body optimization problem outlined in the
previous section. They can explore large design spaces, including a considerable number of
variables. An evolutionary search maintains an entire population of alternatives and therefore
discovers trade-off solutions for a specific problem. The following sections will review GAs and
a representation of our optimization in terms of MOO.

Genetic Algorithms and Multi-Objective Optimization

Modern vehicle body design can be defined as a multi-objective problem, requiring engineers to
balance conflicting goals within one structure. This approach provides a method to deal with
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these issues by taking balancing into account. Multi-Objective Optimization produces a set
of optimal solutions, each of which represents a distinct balance between conflicting criteria.
For example, one solution might prioritize structural robustness at the expense of slightly
increased weight. Differently, one might favor weight reduction with moderate reductions in
crash performance [14].

Genetic algorithms (GAs) are well structured to handle such multiobjective optimization
problems [15][16]. These algorithms iteratively develop a population of potential solutions by
imitating the laws of natural selection. GAs examine large design spaces and find solutions
that satisfy predetermined constraints and goals by utilizing genetic operations that include
mutation, crossover, and selection. The algorithm starts by creating an initial population, often
at random or by seeding known individuals. Each individual is then evaluated by taking into
consideration several objectives of the specific problem. Based on the scores for each objective,
the GA performs four operations every generation:

• Selection: Based on its strategy, this step favors the better individuals and chooses
them as parents.

• Crossover: Exchanges traits between two parents to create offspring

• Mutation: Applies small or random changes to an offspring in order to obtain variation.

• Replacement: This step forms the next generation by merging a subset of the parent
population with the new offspring. This new generation is then re-evaluated and inserted
again into the pipeline.

This cycle of steps continues until a stopping criterion is set. This last element can be a fitness
threshold, a maximum number of generations, or a wall-time limit. This algorithm architecture
maintains an evolving population and relies on objective rankings. Therefore it supports both
continuous and discrete variables.

The main advantage of GAs is their flexibility. This trait gives them an advantage in vehicle
body design, where the relationships between design variables such as material properties,
geometric setups, and load distributions are often nonlinear and interdependent [17], [18]. In
contrast to traditional optimization methods, which may become grounded by local optima,
GAs work best in discovering diverse solutions across the design space. Their architecture can
facilitate the optimization of various perspectives, such as the placement and orientation of
structural elements, material distribution, and connectivity. Their flexibility has also ensured the
inclusion of advanced manufacturing constraints, ensuring that designs are not only effective in
theory but also practical to produce.

Search-Space Representation

Genetic Algorithms rely on the encoding that maps a physical design to the genome. This is
an essential element that defines environmental variables on which genetic operators act. In
structural optimization, the following representations are common:

• Parameter Encoding: Every CAD OR FEM variable such as dimension, control points,
material IDs are directly encoded into the gene. This ensures an accurate definition of
components. However, it can lead to a slow evaluation due to a large chromosome.
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• Voxel Grids: Design space is discretized into cells that are either solid or empty. This
implementation can be done either in 2D or 3D definitions. Transformation operators
rely simply on cell manipulation, and finalized individuals require geometrical smoothing
before manufacturing. [19]

• L-System Encoding: In this approach, the genome is a short string of production rules.
During decoding, those rules are applied recursively to create a connection graph that
is then mapped geometrically into a design grid. This technique facilitates repeated
modules and symmetry but obstructs the transformation operators from manipulating
chromosomes without breaking geometric constraints. [20]
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Chapter 3

Related Work

The past decades have produced great work when it comes to computational optimization
of vehicle structures. This work includes methods and evolutionary techniques for complex
engineering layouts. To position the present thesis within that landscape, this chapter reviews
prior work along two main axes. Firstly, we will discuss applications that target BIW or similar
structural problems. Subsequently, we will review advances in genetic and other evolutionary
algorithms that make those applications possible.

3.1 Evolutionary Design
Evolutionary computation was introduced to body-in-white (BIW) optimization in the 1990s
[21][22]. Since this period, it has evolved into a collection of techniques able to search design
spaces. Unlike gradient-based optimizers, genetic and other population-based algorithms do
not require the objective to be smooth or even continuous[18]. This trait makes them useful
whenever elements such as crashworthiness, large deformations, weld layout, or discrete part
catalogs are involved. Throughout this period, the literature has evolved from GAs that drive a
FEM model directly, to surrogate and constraint-aware variants which reduce evaluation cost
and improve feasibility [23].

3.1.1 Early GA Studies For Body-In-White

Throughout time, evolutionary design has helped solve optimization problems with complex
and conflicting objectives. Genetic algorithms (GAs) have the proper structure and can serve
as a consistent approach to apply this evolutionary methodology.

Foundational work as the Non-Dominated Sorting Genetic Algorithm (NSGA-II) algorithm
has made it possible for GA optimization to be applied in a wide range of domains related to
structural design and engineering [24]. The NSGA-II method is an example of multi-objective
optimization. It includes mechanisms to balance competing objectives such as weight reduction
and structural integrity, which enables the simultaneous optimization of several criteria [21].

3.1.2 Surrogate-Assisted Approaches

In general, structural optimization for vehicle bodies focuses on objectives such as weight
reduction, aerodynamic efficiency, and crash safety [25][26]. These are principal objectives
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when it comes to vehicles meeting modern performance and regulatory standards. Consumer
expectations for safety and sustainability increase as technology advances and innovations
occur. Finite element analysis (FEA) and Computational Fluid Dynamics (CFD), which offer
information on stress distribution, impact resistance, and other factors, are used in traditional
methods [3][12]. These techniques serve to assess the performance of designs. Nevertheless,
these techniques tend to be more evaluative or informative rather than providing creative
solutions. In addition, they require manual labor to produce preliminary designs. There exists a
gap of unusual combinations that might perform better than typical designs, and this space is
constrained by the dependence on human skill.

Recent studies extend well beyond simple response-surface fitting. Neural networks are now
trained on small archives of crash or NVH (Noise, Vibration, Harshness) simulations and
integrated thousands of times inside the genetic loop [27][28]. This step facilitates and speeds
up the process by cutting evaluation time. Some authors employ active learning strategies [29],
selecting new simulations where prediction uncertainty is highest. Others utilize a combination
of sparse sets of detailed solid models in a multi-fidelity framework [30].

3.2 Constraint Handling
Evolutionary algorithms cope poorly with hard geometric rules, unless those rules are explicitly
embedded. Three main strategies dominate the background for structural optimization. Penalty
methods attach a cost term to any constraint violation. This brings the challenge of scaling
the penalty so that feasible offspring are favored while still allowing the population to traverse
narrow infeasible corridors [31]. Decoder approaches build feasibility into the chromosome itself,
for example, by encoding only flange points and letting a constructive pipeline trace a valid
attachment. Finally, repair operators leave the encoding untouched but apply a quick snap
to the components or help by trimming overlaps [20]. Studies show that repair is especially
effective when violations are sparse and local. This operator saves valuable building elements
without inflating the objective with large penalties [32].

3.3 Symmetry And Modularity
In structural design, symmetry is a fundamental concept that comes due to the nature of the
car body. In the meantime, that connectivity ensures that every part of a structure functions as
a single component, symmetry promotes appropriate stress distribution, apart from aesthetic
appeal. Although these ideas are frequently taken into account separately when optimizing
designs, combining them at the same time presents considerable difficulties. For instance, if
components don’t align or interact as planned, preserving symmetry through mirroring or
rotational transformations may unintentionally break connectivity. On the other hand, designs
that prioritize connectivity over symmetry may be structurally wasteful or visually imbalanced,
although they have strong functionality. Existing research has pushed towards addressing these
principles separately, with symmetry-preserving transformations being widely used in architecture
and mechanical design [33][20], and connectivity algorithms being applied in network and
structural optimization [34]. However, few studies have successfully integrated these principles
into a unified framework, particularly within the context of automated design.

3.4 Isolation
Incorporating restrictions such as isolated structures has been difficult to achieve, even if
computational optimization has progressed. Generally, specific areas need to maintain their
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functional independence, and in designs that include safety compartments, isolation is very
important [35].

One of the key components of structural optimization is isolation, which is the process of
creating enclosed or functionally different areas within a design. Isolation is essential for
maintaining functionality and safety in domains including biotechnology, architecture, and
vehicle design. Vehicle compartments, for example, need to be sealed off to safeguard occupants
in the case of an accident, while bio-engineered tissues need separate areas for certain cellular
processes. Isolation is rarely included as a primary requirement in automated design frameworks,
despite its significance [36]. In the majority of cases, current methods either address isolation
manually or place it lower in the scale of importance by establishing it as a secondary evaluation
criterion. The ability of computational techniques to completely automate and revolutionize
the design process is limited by this challenge.
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Chapter 4

Methodology

This research presents a genetic algorithm (GA)-based framework for a 2D Proof-Of-Concept.
It focuses on adhering to domain-specific constraints and operates through a systematic
workflow. This pipeline includes initialization, evaluation, genetic operations, and selection.
During initialization, structural elements are randomly placed within a defined design space, with
symmetry achieved through mirroring to ensure balanced configurations. The evaluation phase
involves a multi-criteria fitness function, incorporating metrics such as isolation, connectivity,
and efficiency. These metrics guide the algorithm toward generating designs that not only
meet predefined objectives but also optimize geometrical parameters, such as part usage and
structural connectivity.

The framework employs genetic operations, such as crossover and mutation, to iteratively refine
design candidates by exploring a wide search space of potential solutions. Crossover strategies
merge isolated regions from parent structures, fostering offspring with enhanced isolation and
connectivity, while mutation introduces diversity by altering attributes like shape placement
and orientation. The selection mechanisms prioritize solutions with optimal fitness, allowing the
algorithm to evolve over generations. The following sections describe in detail the techniques
and methods utilized for the framework.

4.1 Design Space And Representation
The design space for this optimization problem was created based on a structured 2D grid with
dimensions of 60x30 cells. The restriction to two dimensions deliberately isolated geometric
feasibility. Future research will lift this to shell-element 3-D models. Although simple, it provided
an effective representation for generating and optimizing structural designs. This grid was
divided into symmetrical halves which were separated by a central axis that serves as a mirroring
boundary. Each cell in the grid was denoted by a number that assigns its specific role in the
design space. This enforces and represents constraints during the design process. Boundary
cells were represented by the value 0, and they defined the contour of the design space. This
perimeter confined the free area and restricted the placement of structural elements beyond
these limits. The inner area of the design space was marked with value 1, and it represents the
available region that can be utilized for parts to be positioned and manipulated. This was the
proper design space where the optimization takes part and was made use of. Additionally, in
the center of this space was placed a rectangular area marked with the value 8. This square
indicates the interior of the vehicle and plays a great role in guiding the optimization forward
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and enforcing rules in the design space. The full design space can be seen in 4.1.

Figure 4.1: Design Space Visualization

Table 4.1: Cell–value legend for the design grid. Each cell stores one integer that drives
both visualisation and objective evaluation: 0 marks the fixed outer boundary, 1 is empty,
the range 2–98 encodes catalog parts (each part has a specific number assigned) except
for the single reserved value 8, which marks the cabin interior that must remain sealed.
The flood-fill routine converts any cell that becomes cut off from the exterior to 99.

Value Representation

0 Fixed boundary of the design window (non–traversable)
1 Free/unused cell inside the usable half–grid

2-98 Occupied by component
8 Pre-defined interior region that must be sealed

99 Isolated cell after component placement (label added during evaluation)

4.1.1 Simulation Of Parts

The data utilized to handle this optimization was created in a straightforward way that represents
vehicle parts. The part catalog contains a set of structured delineations for various geometric
shapes used in the design space. These shapes were parametrically defined, and based on the
specific requirements, these parameters can vary. Each part was described by its type, flexible
parameters, starting and ending points, flanges, and normal vectors. All shape parameters were
interpreted on the 2-D grid. Thickness and out-of-plane effects were deliberately ignored at
this stage. This systematic representation allowed these parts to integrate into the evolutionary
algorithm’s workflow and ensured effective manipulation and evaluation of each property.

One of the key aspects of this representation is the flanges and their norm vectors as seen in
figure 4.2. This definition served as the essential component upon which one of the project
objectives, connectivity, was composed. These flange definitions identify specific sections of
the shape that can be connected to other shapes. Each flange has a defined start and end
point, which marked the area and side of the designated connection for a specific shape. This
interpretation was supported by a normal vector that indicates the direction of a potential
connection. This workflow ensures that shapes can be placed and rotated within the design
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Table 4.2: Parametric part catalog. Free pars. lists the adjustable length parameters
(integer cell units) for each part. Fl. gives the number of weldable flange segments.
Norm vectors indicate the outward directions of those flanges in the part’s local frame.
Mirror-rot encodes how the part’s rotation code r ∈ {0, 90, 180, 270}◦ must be updated
when the left half of the grid is reflected to the right.

Part Free pars. # Fl. Norm vectors n⃗ Mirror-rot. (◦)

Straight line ℓ 2 {±x} {0 7→180, 90 7→90, 180 7→0, 270 7→270}
L-shape ℓ1, ℓ2 4 {±x,±y} {0 7→270, 90 7→180, 180 7→90, 270 7→0}
Angular left ℓ1, ℓ2 4 {±x,±y} {0 7→180, 90 7→270, 180 7→0, 270 7→90}
U-shape ℓ1, ℓ2 6 {±x, +y} {0 7→0, 90 7→270, 180 7→180, 270 7→90}
Angular right ℓ1, ℓ2 4 {±x,±y} {0 7→90, 90 7→0, 180 7→270, 270 7→180}

space while maintaining structural and functional relationships. One last addition to each part’s
properties was the mirror-rotation feature, which defines the change of orientation when a part
is mirrored. This detail was added to preserve symmetry in the design space.

Figure 4.2: Visualization of an L-Rib with denoted flanges and norm vectors. The green
areas denote the flanges of legal connections and the respective norm vectors.

Every individual layout was stored in a fixed-length chromosome. The chromosome was
composed of successive six-gene blocks. As seen in table 4.3, each block corresponds to a
single part from the catalog and contains respectively: the catalog index, its parametric lengths,
the anchor-cell coordinates inside the design grid, and a discrete rotation code. The maximum
number of parts allowed in the body design is B = 96, and every chromosome has exactly
Bx6 = 576 integer genes. In the case that a design uses fewer than B parts, the remaining
blocks were simply padded with a sentinel value. In this way, the genome length stays constant
while the effective part count varies. In the decoding stage, the algorithm scans the chromosome
and ignores any padded blocks. It instantiates the specified shape with its stored parameters,
applies the encoded rotation, and deposits the part with its flange and normal vectors attached.

In order to establish a common framework for generating continuous approximations of parts,
an added functionality was included. Once a block in the chromosome is decoded into the
tuple, the engine calls that description into an explicit list of boundary points and flange normal
vectors into the global grid coordinates. This functionality works by sampling points along the
geometric outlines of the shapes and allows for a representation of their physical dimensions
and connections. Through this method, it was made possible to support dynamic generation
and placement of parts in the grid-based design space. This standard parametrized approach
ensured consistency throughout the optimization process.
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1

2 0, 19, 17, 2, 13, 0, 1, 18, 0, 1, 14, 0,

3 0, 8, 12, 3, 14, 0, 1, 14, 0, 4, 15, 270,

4 1, 12, 0, 7, 16, 270, 1, 13, 0, 4, 16, 0,

5 1, 10, 0, 1, 13, 180, 0, 16, 9, 2, 12, 270,

6

Listing 4.1: Complete 48-gene example of the
chromosome

Figure 4.3: Example of the chromosome–to–layout decoding. The six active 6-gene
blocks in the chromosome array 4.1 (see Table 4.3) are rendered on the left half of the
grid and mirrored to the right.

4.2 Initialization
The evolutionary search began by synthesising an initial set of layouts that already respect the
most restrictive design rules. The initialization started by retrieving the 60x30 rectangular grid
and proceeded to fill the space with layouts generated at random but under certain feasibility
rules. The static zones in the design space guaranteed that any initial design produced already
satisfies essential constraints. One important detail that needs to be emphasized is that during
the creation phase, the algorithm utilized only the left half of the design space for the placement
of parts. This was done to simplify the overall optimization. One of the key elements of vehicle
structures is symmetry. Although several components might vary for the driver’s side, in general,
cars have a symmetric construct. For this reason, in this task, it was generalized to simplify
the process by creating individuals that contain parts only on the left of the design space.
Afterwards, it was proceeded with analyzing how this fraction affects the whole structure by
mirroring the components. The algorithm 1 delineates the entire creation process.

For each new individual, a random target count was drawn (5-15 parts). Parts were selected
one after another from the shape catalog, and a new part was attached to the structure at
random. The function selects a part that was already placed and tries to establish a minimal
connection with the new shape by retrieving its flanges and normal vectors. For each selection,
the algorithm sampled geometric parameters, rotation, and anchor position. A candidate part
was accepted only if it fulfills these minimal conditions:

• Lies entirely inside the free area designated for part placement and does not exceed
design space boundaries.
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Table 4.3: Six-gene block encoding used in the fixed-length chromosome. Each active
block stores one catalog part. The six integers encode: the shape index s; one or two
length parameters ℓ1, ℓ2; the anchor position (x, y) of the part’s local origin on the left
half-grid; and a discrete rotation code r ∈ {0, 1, 2, 3} that maps to {0◦, 90◦, 180◦, 270◦}.

Gene Symbol Meaning / range

0 s Shape-catalog index ∈ {0, . . . , 4}
1 ℓ1 Primary length parameter (4–19)
2 ℓ2 Secondary length (0–19; ℓ2=0 for straight line)
3 x Anchor-cell x coordinate (0–29)
4 y Anchor-cell y coordinate (0–29)
5 r Rotation code 0:3 7→ {0◦, 90◦, 180◦, 270◦}

• Shares at least one flange cell (valid or invalid 4.3.1) with an existing neighbor so that
minimal connectivity is preserved.

• Does not overlap with an existing neighbor.

If no admissible position was found after a small number of tries, the algorithm simply skips
that part and continues. This ensures quick termination in the case of crowded regions.

Algorithm 1 CREATE INDIVIDUAL

Require: shape catalog C; empty grid G∈{0, 1, 8}30×60; block capacity B=96; trial cap Tmax=20
1: g← [−1]6B ▷ padded chromosome
2: n← randint(5, 15) ▷ target #parts
3: for k ← 0 to n− 1 do
4: for t← 1 to Tmax do
5: (s, ℓ1, ℓ2)← SAMPLE SHAPE(C)
6: (x, y, r)← SAMPLE POSE(Left Half(G))
7: S ← INSTANTIATE(s, ℓ1, ℓ2, r)
8: if INSIDE FREE AREA(S,G) and TOUCHES NEIGHBOR(S,G) and ¬OVERLAPS(S,G) then
9: encode (s, ℓ1, ℓ2, x, y, r) into block k of g
10: draw S onto G ▷ reserve cells
11: break ▷ placement accepted
12: end if
13: end for ▷ skip part if no feasible pose after Tmax tries
14: end for
15: MIRROR LEFT TO RIGHT(G) ▷ enforce symmetry
16: return g

4.2.1 Mirroring

Once the left half is complete, the entire configuration was mirrored based on the vertical
center line. The initial attempt was to do this by having each part of the left side of the design
space positioned twice by calculating its mirrored anchor position on the right side. In the
catalog section, the last property of a part was the mirror-rotation, which was also used to
define the orientation after establishing the mirrored anchor position. Simply re-positioning the
part by utilizing the coordinates was not enough because it would be identical on the other side
of the grid. In our case, we needed it to be mirrored. Each part has its own specific translation
when it comes to this property and it depends on its orientation. However, this would increase
the complexity of the pipeline as the number of parts for an individual can be high, and the
number of individuals itself can increase based on the final configuration budget.
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Consequently, mirroring was done by applying a reflection operation to the rectangular grid.
Instead of computing an explicit mirroring for every catalog part, the framework enforced
bilateral symmetry by reflecting the left-hand grid cells to the right-hand side in a single pass:

Gx, W−1−y := Gx,y, ∀x ∈ {0, . . . , H − 1}, ∀ y ∈ {0, . . . , ⌊W
2
⌋ − 1}. (4.1)

Here G ∈ ZH×W is the design grid, H its height and W its width (even). Each assignment
copied the value of a cell on the left half (y < W/2) to its mirrored column index (W − 1− y).
The operation touches every cell only once and removes the need to track a part-specific
mirror-rotation attribute.

This functionality copies every occupied cell from the left half of the grid to its symmetrical
position on the right. Concretely, the algorithm walks through all rows and columns from
the left boundary to the center line. For each cell in column y, it writes the same value in
column (cols− 1)− y. The grid already stores part identifiers on a per-cell basis, hence this
one-pass reflection instantly produces a perfectly mirrored layout. The minimal constraints
that we initially aimed for when creating an individual are duplicated on the right side without
having to create a second copy of every part object. The operation runs in O(HXW/2) time
and allocates no additional memory. This made it less costly than recomputing a new anchor
position and applying the mirror-rotation as previously mentioned.

The flaw of this operation stands exactly where its advantage is, because by simply mirroring
the structure, we lose information about the parts reflected on the right side. In other words,
the algorithm knows that a mirrored cell of a part is occupied, but it no longer has an explicit
record of which catalog part produced that occupancy. This was a trade-off that could be
accepted because we can apply evolutionary operators on one side and concurrently continue to
evaluate the entire structure based on the information that we hold from this side. If, at a later
stage, explicit information is required for the entire structure (CAD Modeling) , reconstruction
can be performed by reapplying the original part list with the stored mirror-rotation rules.
However, for our current optimization, the lighter cell-reflection approach was both sufficient
and efficient.

The resulting layout was finally flattened into a six-gene block chromosome with unused blocks
padded by an inactive marker and inserted into the initial population. The outcome was diverse,
yet always feasible starting pool on which the evolutionary search can begin to act.

4.3 Evaluation
At the start of the evaluation phase, a fresh design grid was utilized for the algorithm to redraw
the shapes encoded in the individual chromosome. It started by scanning the genome block
by block, skipping any inactive markers, and converts the integer genes into a concrete part
instance. After decoding, this information was used to drop that instance at the requested
anchor position and rotation. Before the placement succeeds, a small check for collision with
the design boundary or with already positioned components was done. In the case that such
events occur, the attempt was aborted, and the shape was ignored. Each successful placement
lays an identifier into its respective cell and appends a record to an in-memory list that contains:
position, rotation and type. This list was later used for pairwise analyses, which serve to
formulate our objectives. By the end of this cycle shown in algorithm 2, the grid holds an
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explicit map of occupied and empty cells, while the list preserves the geometric parameters of
every component standing on the left of the design space.

These two tools served as the basis for the evaluator to continue with the computation of five
raw metrics that together will describe the structural quality of the candidate:

1. Local Connectivity Penalty: This first metric makes use of flange and normal vector
information to estimate the quality of connections from one part to another.

2. Global Connectivity Penalty: This metric counts the number of connected components
the structure contains. This is done by building a graph whose nodes are parts and whose
edges are valid joints. Each extra component beyond the first adds one penalty unit.

3. Shape Count Penalty: This penalty serves as an estimate of the number of parts
utilized in the individual. This metric aims to minimize the total number of parts, which
increases efficiency.

4. Isolation Penalty: This metric allows monitoring the quality of interior isolation. Esti-
mates the gaps that allow penetration to flow from the interior area to the usable region
of the design space.

5. Distance Penalty: This last objective component compares the center of every part
with the closest interior border. This metric aims to bring the idea of a tighter design to
the algorithm.

Algorithm 2 EVALUATE INDIVIDUAL — decode genome and score penalties
Require: chromosome g; weight vector ω = (ωLC, ωGC, ωSC, ωIS, ωDS)
1: G ← CLEAR GRID
2: L ← DECODE AND DRAW(g,G) ▷ §3.x

3: pLC ← LOCAL CONNECTIVITY(L)
4: pGC ← GLOBAL CONNECTIVITY(L)
5: pSC ← SHAPE COUNT(L)
6: pIS ← ISOLATION(G)
7: pDS ← DISTANCE COMPACTNESS(L)

8: f ← ωLC oLC + ωGC oGC + ωSC oSC + ωIS oIS + ωDS oDS
9: return (f, [oLC, oGC, oSC, oIS, oDS])

4.3.1 Local Connectivity

In car manufacturing, body stiffness is one of the most important conditions, whether we
consider safety or quality. Although stiffness itself was not evaluated, local connectivity was
used only as a geometric proxy. For an overall structure to be solid, it means that every metallic
component needs to establish a proper connection to the others. In the modern automobile
industry, such tasks are conducted by spot-welding. This is a dominant technique that allows
for small or large metallic components to be attached. After a considerable number of parts, it
produces the outer structure that we see as the body of the vehicle. 2.1.1 Additional methods
are involved, but mostly for other materials.

To ensure sound weld lines in this geometric model, two geometric facts are considered:

• Flange area: The two metallic components need to share a certain surface size so that a
full pattern of weld nuggets can be formed. This shared surface is essential to establish a
solid connection between components.
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• Orientation: The designated flanges mentioned above have a specific direction in which
they can establish a connection. Physical aspects such as shape and size are considered
when specifying the direction of a connection. This ensures stiffness and prevents
detachment when the shared connection area is not sufficient to maintain a solid
connection between two components.

To capture this requirement, the optimizer looked at every unordered pair of parts after they
have been laid on the grid. For each pair, it scans the list of flange cells that were stored during
placement. If it finds at least one grid node where a flange cell from part A coincides with a
flange cell from part B and the two outward normals point in opposite directions, it increments
one valid local connection. This procedure continued until all components have been checked
and tested to add up the total number of such contacts.

Finally, the algorithm judged whether that total was ”good enough”. After calculating the total
observed connections, it proceeds to estimate the theoretical maximum number of contacts.
This estimation was done by looking at the length of the flanges involved in the individual and
adding each flange cell. However, this theoretical maximum does not represent what we want
when it comes to an overall optimal stiff structure. For components to be fully connected and
every flange cell or normal vector to be exploited, it indicates that parts are overly connected.
Therefore, the raw total of connections of an observed individual is first turned into a ratio
between [0,1] depending on the theoretical maximum of this same individual. After this step, a
soft global target band is defined. Ratios that fall within this target were considered acceptable
and incur no penalty. Ratios below the band indicate that there is too little weldable overlap,
and conversely, the ones that fall above indicate too much. Those layouts received an increasing
penalty the further they deviate. In this way, the local connectivity metric steers the search
towards designs whose parts can be welded properly and cheaply. It provides reliability while
still giving the algorithm freedom to experiment with different arrangements.

Mathematically, the metric was computed in two steps. First, the observed–to–maximum
contact ratio is:

rLC =
Cobs

Cmax
, 0 ≤ rLC ≤ 1, (4.2)

where Cobs is the number of valid flange overlaps found in the grid and Cmax is the theoretical
maximum for the same set of parts (sum of all flange lengths). Given an acceptable band
[rlow, rhigh]. The raw penalty returned is:

pLC =


0, rlow ≤ rLC ≤ rhigh,

(rlow − rLC), rLC < rlow,

(rLC − rhigh), rLC > rhigh.

(4.3)

4.3.2 Global Connectivity

Beyond the quality of individual small-scale connections, a body structure must act as a single
component frame. Logically, a car is one single body composed of components, and it has
no outer extensions separate from the structure. Crash forces should flow uninterrupted from
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one end of the passenger to the other. This metric counts disconnected components as a
geometry proxy for crash performance. In the case that a layout was separated into two or
more components, this disconnection causes the independent deformation and an obvious drop
in connectivity. Such an event calls for the welding process to be reinforced, hence we aim to
avoid it.

In the initialization section, when creating individuals, it was mentioned that a set of minimal
rules was defined for the candidate to be valid. One of them was that every component in
creation needs to share at least one flange cell with an existing neighbor. Therefore, the question
may arise: Why establish a global connection penalty when the overall connection of a single
component is forced in creation? The reason why we introduce this logic lies in the impact that
is brought by the transformation functions 4.4. These operators act and tweak the individual
only by modifying the chromosome, regardless of what changes happen in the design space.
This can cause not only multiple components but also overlapping parts. Overlapping is also
prohibited in creation, but can occur because of the same above-mentioned reason. Moreover,
it could be mentioned that these two events were linked with each other as the occurrence
of one can cause the other. After the individual is transformed, the chromosome re-enters
the evaluation pipeline. During the decoding step, if the transformation function has caused
one shape to overlap, this shape is skipped in the grid reconstruction because it violates an
essential rule in creation. Concurrently, if there is a missing part in the individual, this would
cause disconnection in the original single structure and will result in two or more components.
Therefore, when this penalty was applied it both covered and monitored cases where parts were
overlapping and disconnection of an overall structure.

In order to enforce this requirement, the evaluator turned the set of parts into a graph. Every
part is a node, and an edge is drawn whenever the local connectivity check identifies at least
one valid flange attachment between two parts. A Breadth First Search (BFS) was conducted,
which marks all parts reachable through successive joints. If unvisited nodes remain, we deduced
that another component had been detected, and the algorithm repeats searching until all nodes
have been covered. The count of these found components was then converted into a penalty.
Zero means that the structure is solid and forms one continuous component and it increments
one unit for every extra fragment found. This metric was constructed in a certain manner that
it blends local flange contact into its real-world constraint value.

Let Ncomp denote the number of connected components identified by the BFS. If the structure
is continuous Ncomp = 1 and no cost is applied. Contrarily an each extra fragment adds a linear
penalty:

pGC =
(
Ncomp − 1

)
, Ncomp ≥ 1. (4.4)

4.3.3 Shape Count

In a body structure, each additional component brings extra complexity. Therefore, we penalized
large part counts in the geometry. Added components lead to more inspection steps, potential
sources of variation on the assembly line and essentially an increase in manufacturing costs.
Automotive design therefore favors layouts that achieve mobility and crash performance with
as few components as possible. Every rib that can be eliminated without harming the main
overall targets translates directly into savings.
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In order to cover this perspective, the evaluator simply counted how many blocks were
successfully placed in the design grid after its completion. A global optimum of 15 parts was
set with the aim of reflecting a trivial required count for the design. The observed number of
components was then normalized through this global optimum and beyond this threshold, the
metric increases linearly. This rule was comparatively soft in comparison to the others and does
not forbid larger assemblies when they are necessary to satisfy other metrics. It encouraged the
search toward leaner and simpler solutions whenever alternative layouts of equal fitness exist.

Let Nparts be the number of components successfully placed in the grid and Nopt the preferred
upper bound. The shape–count penalty is:

pSC = max
(
0, Nparts −Nopt

)
, (4.5)

4.3.4 Isolation

One of the most basic and essential aspects that needs to be considered in modern body
structures is isolation. Vehicle bodies consist of mechanical sections that are corrosion sensitive
and need to be hermetically sealed 2.1.1. Along with these spaces, the interior cabin of the car
needs to allow for a certain separation from the outer area. Any unintended gap that allows
moisture or pressure waves to infiltrate into these protected sections can compromise durability
and safety.

To monitor this condition, the evaluator utilized the flood-fill search from the outer boundary
and marks every empty reachable cell without crossing components. This process was done
three times to cover the entire interior region. Three zones were defined in the left half of the
design space, which reflect the side, upper, and lower parts of the cabin, denoted in 4.4.

• Pass 1 - Starts from the side boundary of the interior and marks every cell it can reach
without crossing a part.

• Pass 2 - Starts from the upper boundary of the cabin and goes through all cells in the
direction of the design boundary.

• Pass 3 - Repeats the same process as the second one for the hood boundary until the
lower frame of the design space.

This examination was divided into three sections to obtain a quantitative overall isolation score.
Initially, this target was measured by checking the interior perimeter cells and retrieving the
fraction of how many were occupied by components. However, this imposed the idea that the
interior should be tightly sealed exactly at the perimeter. The second approach consisted of
applying one Breadth First Search from the start of the design boundary and checking the
entire left half of the design space for flow infiltration into the interior cabin. A practical and
simple solution, but we lost measurement by getting a categorical answer. If the BFS finds
at least one way to the interior, it would simply report that there was no isolation, although
some sections of the interior were sealed. The current technique aimed to answer the question
of how well the perimeter is isolated by also allowing partial isolation at a larger frame than
the interior region. The closer the structure comes to the contours, the better the isolation.
Concurrently, it allowed the algorithm to understand which movement brings it closer to the
target and does not confine it to placing components exactly at the perimeter cells.
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Figure 4.4: Isolation assessment zones used by the three flood-fill passes. Zone 1 spans
the outer side corridor; Zones 2 and 3 test the upper and lower gaps around the
cabin perimeter. The evaluator measures the fraction of cells in each zone that remain
unreachable from the exterior.

As previously mentioned, we proceeded by working with the left half of the design space when
aiming for this target. Monitoring the left half up until the mirroring axis was enough for us to
reflect the isolation quality of the second half. After all three flood fill processes are finished,
the algorithm reports for each zone the fraction of cells that remain unmarked or successfully
isolated by the observed structure. These three fractions were then combined into a single
isolation score by retrieving the average value. Designs that seal all three sections incur no
penalty, whereas any leak in even one zone can reflect a sharp increase in penalty. The entire
check runs in linear time because each flood-fill operation touches every grid node at most
once.

Let each zone i ∈ {1, 2, 3} contain Zi grid cells and let Li be the subset that the flood-fill
marks as leaky (i.e. reachable from the exterior). The sealed fraction per zone is

si = 1 − Li

Zi

, 0 ≤ si ≤ 1. (4.6)

The three fractions are averaged and converted into the isolation penalty:

pIS =
(
1 − 1

3

3∑
i=1

si

)
, (4.7)

so a perfectly sealed layout (s1 = s2 = s3 = 1) yields oIS = 0, while any gap in even a single
zone raises the penalty in proportion to the unsealed area.

4.3.5 Distance

Besides stiffness and sealing, a body arrangement must also consider the tightness around
the interior. Parts that are positioned too far from the interior frame either force costly metal
components or conflict with other assemblies and essentially increase manufacturing complexity
and costs. However, the distance penalty is purely positional and no cost model is included.
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The overall structure should be compact and concentrated around the interior area within a
specific range, which allows for other targets to be reached.

As we mentioned in the previous section, we allowed the isolated area to be larger than the
intended interior region and we measure its quality. This current technique aims to support
tightness by pushing the components in the center of the design grid. The current objective
aims to encourage parts that are positioned closer to the cabin and discourage those that
burden the arrangement by being attached further from the interior. However, in the real world,
a structure that frees up as much interior as possible is preferred.

To measure compactness, this evaluation step measured for every placed part the Euclidean
Distance between the part’s centroid and the nearest cell on the interior border that surrounds
the cabin zone. As long as this clearance remained within a specific range, the band was
considered close and incurred no cost. In the case that the centroid drifted further outward, this
excess distance was added to a cumulative penalty that grows linearly. The overall penalty is
formed by summing this distance over all parts and rises whenever the layout begins to spread
away from the cabin. The combination of this technique with the Shape Count Penalty 4.3.3
pushes the optimizer toward a more compact and efficient structure.

Formally, let dk be the Euclidean distance from the centroid of the part k to the nearest cell
on the interior border and let dband denote the maximum clearance considered acceptable. The
distance objective is

pDS =

Nparts∑
k=1

max
(
0, dk − dband

)
, (4.8)

Parts whose centroids lie within the band (dk ≤ dband) add no cost; any excess distance
contributes linearly to the penalty.

4.4 Transformation
Once the initial population has been evaluated, the evolutionary cycle continues by applying
transformation operators. The pipeline relies on this procedure to generate variation and explore
new regions of the design space to gradually refine advantageous solutions. These operators try
to introduce randomness into the process and lightly perturb the generated candidates in order
to unblock design arrangements which are possibly not accessible simply by raw initialization.
In classical genetic programming these operators are crossover and mutation.

• Crossover recombines genetic material from two parents to create offspring that inherit
features of both.

• Mutation injects small random changes that keep the population from converging
prematurely.

However, in the context of gene block encoding used in this work, the transformation operates
in the following ways:

• A chromosome is modified strictly by its genetic information. The operators utilize only
the gene blocks to randomize or tweak the arrangement and are blind to the changes
that happen in the design space. Invalid parts that do not comply with the minimal rules
in creation are thrown out of the gene. This can cause disconnections or disturbances in
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the entire structure. However, after the decoding process, these gaps or irregularities are
translated into penalties and handled during evaluation.

• Every part is represented by exactly six genes. Therefore, an operator should never split
a block in the middle. This would cause parameters from different parts to be mixed and
confuse the process of decoding individuals.

Crossover

Crossover is the main engine for mixing useful sub-structures that are created in different
candidates. In our encoding, each part is represented by a six-gene block, so this transformation
operator is designed to exchange the whole blocks rather than individual genes. This workflow
was designed to preserve the local integrity of every part while allowing sets of components to
be combined between individuals. The entire process observed in algorithm 3 implemented the
following steps:

1. Parent Selection Two parents are drawn from the mating pool with the same selection
strategy performed for the GA. Their chromosomes are therefore two lists of length 96,
each list partitioned into 16 blocks.

2. Single Cut-Point A single cut index is chosen uniformly at random on a block boundary.
E.g., between block k and block k+1, where 1¡k¡15. Every gene information standing
before the cut is copied from Parent A to Offspring 1 and from Parent B to Offspring 2.
All genes after the cut point are exchanged. This technique allows for the offspring to
inherit only whole components, and no shape is ever split.

3. Mirroring Consistency Because only the left half of the design is encoded, no special
action is required for the right half. After the evaluation, the offspring will be mirrored
the same way as its parents were.

Algorithm 3 BLOCK CROSSOVER(gA,gB)

Require: parent chromosomes gA,gB ∈ Z6B , block count B=96
1: c← randint(1, B − 1) ▷ cut index on block boundary
2: p← 6c ▷ gene position of the cut
3: o1 ← gA[0:p] ∥ gB [p:]
4: o2 ← gB [0:p] ∥ gA[p:]
5: return (o1,o2)

Mutation

While crossover shuffles existing component blocks, mutation is the mechanism that injects
variation into the chromosome. This operator aims to tweak the genes of a candidate to explore
the possibility of pushing promising ones to reach their optimum. In each generation, every
offspring chromosome is analyzed block by block to retrieve gene material, which will be utilized
for modification. After obtaining the necessary information, the operator proceeds to vary the
selected component by applying the following changes:

• Remove ((33% Probability) The block is discarded, imitating the engineer’s decision to
drop an unnecessary rib. After the removal, a small check on the count of components is
done. In situations where the shape count drops lower than 8, the original chromosome
is restored, so the design never degrades to an empty frame.
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• Move ((33% Probability) The part’s anchor coordinates are nudged by 1 cell. This
variation tries to click joints or flanges together when a better repositioning might be
present, but not found by the original chromosome. A quick boundary check clamps the
new position inside the design grid and monitors the anchors in order to avoid sliding
into the protected cabin. This tiny step size keeps the change local and allows the GA to
fine-tune joint geometry discovered by crossover.

• Resize ((34% Probability) This variation extends or cuts the flange lengths of an L-rib
or the single length of the straight component. The maximum variation lies between
[-2:2] in order to offer small steps of exploration and avoid early convergence by applying
large changes. Lengths are clipped to the catalog limits, meaning that if the maximum
or minimum length of a flange its reached the operator can not extend any further.

After these steps were applied, the genome blocks were flattened back into the individual and
are ready for re-evaluation. This three-step strategy, delineated in algorithm 4, reflects the
current procedure of body construction practice by considering these three perspectives:

• Deleting the rib reduces cost.

• Sliding a flange by a few millimeters helps it meet a mating component.

• Stretching a leg adjusts crash absorption and minimizes additional part attachments.

Every mutation operation touches at most one block. Therefore, feasibility checks are lightweight,
however, the cumulative effect over many generations granted the optimizer the freedom of
exploring optimal arrangements that the crossover alone or initialization could not reach.

Algorithm 4 MUTATE BLOCK(g)

Require: chromosome g ∈ Z6B , active-block set A, minimum part count Nmin, probabilities Prm, Pmv, Prs
1: if A = ∅ then return g ▷ no active parts
2: end if
3: k ← RANDOM CHOICE(A) ▷ block index
4: (s, ℓ1, ℓ2, x, y, r)← block k of g
5: draw u ∼ U(0, 1)

6: if u < Prm then ▷ Remove
7: if |A| > Nmin then
8: set block k to [−1, . . . ,−1] ▷ pad with sentinel
9: end if
10: else if u < Prm + Pmv then ▷ Move
11: (x′, y′)← (x+ randint(−1, 1), y + randint(−1, 1))
12: (x, y)← CLAMP TO GRID(x′, y′)
13: else if u < 1 then ▷ Resize
14: δ ← randint(−2, 2)
15: (ℓ1, ℓ2)← CLAMP TO LIMITS(ℓ1 + δ, ℓ2 + δ)
16: end if
17: write (s, ℓ1, ℓ2, x, y, r) back into block k
18: return g

4.5 Implementation
The preceding sections introduced the ingredients of the optimization framework from chro-
mosome encoding, population initialization, evaluation, to the genetic operators. In this
implementation section, we will proceed by explaining how these components are integrated
into one concrete data flow that is executed at every generation. The evolutionary engine is
implemented with the DEAP Framework [37]. This library supplies the population container,
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selection utilities, and a ”toolbox” for registering genetic operators. Every step of the following
pipeline is executed through a DEAP mechanism that has been customized to respect the
frame of the gene block encoding and the design constraints discussed earlier. The data flow is
visualized in Figure 4.5 and is described in the steps below:

• Population Creation A fixed-size population of chromosomes was initialized based
on the evaluation budget through the first step of the creation mentioned earlier. Each
individual was constructed and quality checked for irregularities before being encoded
and prepared for further evaluation.

• Evaluation (Initial) After the batch of chromosomes was generated, every individual was
immediately decoded, mirrored, positioned, and undergoes the evaluation process. Every
candidate gets assigned a full vector of objective scores and the derived scalar fitness to
each genome before any selective pressure is applied.

• Selection Using those fitness values, the algorithm uses Tournament Selection to rank
the best individuals of the population. This strategy implies individuals competing with
each other, and based on the initial evaluation score, the fittest advance to the mating
pool. This process repeats until enough parents have been chosen to create the offspring
of the next generation. In parallel, a copy of the current best individual is carried forward
unchanged. This preserves elitism and ensures that the global progress is never lost.

• Transformation The selected candidates are processed by the transformation functions.
Crossover was utilized to exchange gene blocks between two parents and provide the
offspring population that will be inherited by the next generation. Mutation applies
geometric variations to the proper chromosome blocks. The operators together supply a
mix of exploitation and exploration required for effective search.

• Variant Hook Immediately after the transformation step, the offspring enter a lightweight
pre-processing step, which depends on the optimization variant that is selected. These
three approaches are explained in the next section 4.5.1.

• Evaluation (Offspring) Each newborn chromosome is decoded, mirrored, and placed on
a fresh design grid. Every new candidate re-enters the evaluation phase and gets assigned
a fitness score by the 5 objective functions. Parents and offspring now have comparable
scores.

• Population Update Parents and offspring are merged, which implies the best individuals,
ranked by scalar fitness, are retained until the population size is restored. This combines
diversity and the reliability of strong candidates.

• Termination After every generation, the current incumbent (i.e. the best-so-far chro-
mosome with the lowest fitness/penalty vector at this moment of the generation) is
stored in the run log.. The generative loop in this pipeline starts from the third step,
which is selection, and ends at the population update. Hence, evaluation precedes the
first selection and then follows every transformation step. A fixed evaluation budget is
decided before running the optimization, which is denoted by population size x number
of generations. These two parameters define the duration of this entire circuit, which is
repeated until the evaluation budget is exhausted.

27



Figure 4.5: Generation-level data flow of the GA implementation.

4.5.1 Variants

In the previous section, we described the entire workflow of our optimization. As mentioned
in the pipeline, the 5th step of the process was the variant hook. After selection and genetic
transformation, the offspring pass through a small step that customizes the core GA without
altering its structure. Every other step of the pipeline remains the same in terms of its role in
the optimization. However, this small stage described in algorithm 5 simply defines the way the
following procedures will function.

Algorithm 5 VARIANT HOOK(P ,ω, g)
Require: offspring set P, weight vector ω, current generation g, chosen variant ∈ {BASELINE, ADAPTIVE, REPAIR} variant

BASELINE
1: return (P, ω)

ADAPTIVE ▷ dynamic weight schedule
2: ω ← ADAPT WEIGHTS(ω, g)
3: return (P, ω)

REPAIR ▷ local shift–repair loop
4: for all p ∈ P do
5: p← REPAIR SHIFT(p)
6: end for
7: return (P, ω)

Baseline

The baseline variant is a ”vanilla” setup which does not introduce any changes to the workflow.
It is a pure GA optimization with static settings. Penalty weights, operator probabilities and
evaluation logic remain fixed throughout the entire run. This variant therefore represents a
conventional steady-state algorithm.

fB(p) =
5∑

i=1

ωi oi(p), (4.9)

Where oi(p) are the five objective terms and the weights ωi remain constant for the entire run.

Adaptive

In contrast to how the simple genetic optimization workflow functions, this approach introduces
dynamic variations of the priorities during the optimization. In the baseline variant, we mentioned
that the penalty weights remain fixed. Each fitness constructor has a given weight at the
beginning of the GA run, which defines the priorities for every penalty and it is carried throughout
the entire optimization. On the contrary, adaptive weights allow for the penalty weights to
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change during the optimization. This adaptive variant achieves this by rescheduling the objective
weights over time. At the beginning of each generation, the hook computes new weight values
as a smooth function of the generation counter, which can be a linear ramp or a logistic curve
and passes them to the evaluator. This was one way of exploiting this approach, with the
generation count defining how the weights will fluctuate during the optimization. However, this
priority shift can also be done based on the fitness values for a penalty, e.g, when one penalty
value reaches a certain satisfactory value, the weight on this penalty gets lowered and vice
versa. Hence, the adaptive variant can be utilized in many ways to redefine the importance
arrangement based on the specific goal of the optimization.

fA
(
p, g

)
=

5∑
i=1

ωi(g) oi(p), ωi : {0, . . . , Gmax}−→R≥0, (4.10)

where g is the current generation index, oi(p) are the five objective terms, and each weight
ωi(g) is updated by a time-dependent schedule (e.g. linear ramp, logistic curve, or feedback
rule) before the evaluation step begins.

Repair

In the transformation step, operators occasionally can leave a part detached or slightly out of
place. As previously mentioned in the respective section 4.4, genetic operators work strictly
through the chromosome information without taking into account changes in the design space.
This can lead to offspring that violate connectivity rules and other anomalies in the overall
structure. The repair variant adds a local shift search before evaluation, which tries small
positional tweaks to fix this issue. This approach was based on the grid space positioning and
reasons on the design space arrangement to fix gaps that transformation operators can not
cover. This increases computational complexity because to make this work, several penalty
constructor methods are pre-applied before entering evaluation. By iterating over any part
that lies in a separate component and trying a small set of one-cell moves, the repair operator
checks if a move reduces the total number of components or stabilizes any other irregularity
in the offspring. In case these operations do not improve the candidate, the original position
was kept. The search is capped at a few iterations to keep the overhead negligible. After this
repair phase, the offspring enters evaluation with the standard penalty weights as defined in
the baseline variant.

fR(p) =
5∑

i=1

ωi oi
(
R(p)

)
, (4.11)

where R(p) denotes the layout obtained after the local shift–repair heuristic was applied to the
offspring chromosome, and ωi are the same fixed weights used in the baseline evaluation.
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Chapter 5

Experiments

The previous chapter specified the GA framework and its three configurable variants (Baseline,
Adaptive, Repair). In the present chapter, we will formalize the experimental setup and describe
how these variants are applied in a controlled study. Firstly, the motivation of the underlying
design trade-off that led to the creation of these methods is explained.

5.1 Design Trade–off
In this optimization, we introduced 5 penalties that guide the optimizer towards optimal
designs. Early pilot runs of the GA showed that two of them are the most influential: Global
Connectivity and Isolation.

It was observed that these two penalties pull the optimizer in opposite directions. Prioritizing
isolation by giving it a higher weight on the fitness formation encourages the algorithm to
isolate the interior region successfully. Although this isolation convergence is reached through
the transformation functions. It was seen that relying solely on creation before transformation
functions come into play would converge the isolation only up to a certain point, leaving one
side of the interior traversable. Concurrently, transformation functions add a certain variation to
the initial designs that pushes the isolation penalty forward to full convergence. However, as we
mentioned in the transformation section 4.4, these operators act only on a chromosome level
and are blind to changes in the design space. When transformation operators come into play,
they propose solutions that fully isolate the interior, but in most cases, they end up combining
blocks of structures that cause overlapping parts. This leads to the decoder skipping them
and results in loose parts that fragment the design. Although this is not allowed theoretically,
the selection strategy allows it because of the large weight set to the isolation penalty, which
dominates the fitness composition.

In the opposite case, a high weight on global connectivity penalizes any fragmentation of
the structure. Therefore, when transformations suggest isolated structures, they are most
likely filtered out of optimization because the global connectivity weight does not tolerate
disconnections. Only the rare offspring that happen to isolate the cabin and avoid overlapping
or skipping parts can survive the selection.

This trade-off characterizes the central obstacle of this optimization. The three introduced
variants were designed to navigate this trade-off.
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5.2 Variant Purpose
5.2.1 Baseline

The baseline optimizer is the single approach that serves as ground control. It implies a steady-
state genetic algorithm that keeps every hyperparameter and penalty weight fixed from the
start of the optimization to the end. This variant aims to answer the following two questions:

• Reference Performance How far can a conventional GA balance the isolation vs
global connectivity trade-off when the objective landscape is completely static?

• Calibration Point Which scale for each penalty term is reasonable before we introduce
further specialized variants?

Operating with constant weights means the optimizer cannot ”escape” the diagonal frontier
mentioned in section 5.1. Instead, it must discover a compromise layout that simultaneously
satisfies both penalties.

5.2.2 Adaptive Weights

The Adaptive variant keeps the GA kernel identical to the baseline, but it differentiates by
replacing the static weight vector with a one-dimensional schedule

ω(g) =
(
ωLC, ωGC(g), ωSC, ωIS(g), ωDS

)
, g = 0, . . . , G− 1.

where the global connectivity ωGC weight and the isolation weight ωIS evolve smoothly with
the generation counter. This schedule is learned together with the usual GA parameters and
can take the form of a linear ramp. logistic curve, or any differentiable function implemented in
the wrapper. The rationale was to exploit the temporal leverage of a GA run:

• Early Generations Place a higher priority on isolation so the optimizer explores
structures that can seal the interior in the early phase, even if they have disconnected
components.

• Late Generations Gradually shift priority toward global connectivity, guiding the
search to reconnect detached parts or discard designs that remain fragmented.

By allowing the objective frame to shift, this variant seeks solutions that lie beyond the static
trade-off frontier.

5.2.3 Repair Mechanism

The last approach is the Repair mechanism, which keeps the same static weight vector and
genetic operator probabilities as the Baseline, but inserts a lightweight local shift operator
immediately after the transformation functions and before evaluation. This variant scans the
left half of the design grid for any disconnected component and tries several one-cell moves.
The first move that lowers the component count or at least improves at least one target without
worsening the rest is accepted. This procedure was capped at a small number of iterations
and aims to lower the global connectivity penalty. Because the shift is local and takes into
consideration the topology of the design, it tries to restore connectivity with minimal geometric
change. This variation aimed to retain the isolation quality that might have been improved by
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genetic operators and additionally improve overall connection. The strong feature of this variant
is being conscious of the changes that happen in the design space. However, this increases
complexity during the optimization.

5.3 Experimental Setup
All three variants operate under one strictly uniform protocol and only their internal logic differs
4.5.1. This section describes every element that remains identical across variants during the
experimentation phase. This is done with the aim of later comparisons being unambiguous and
reproducible.

5.3.1 Protocol

Parameter Values

The chromosome encoding, mirroring step, evaluation pipeline and k=3 tournament selection
strategy are exactly those described in chapter 4. None of the variants alters these core
mechanics. The rest of the GA parameter values, such as transformation probabilities and
weights, were established based on hyperparameter optimization. The single best configuration
returned by the first study 5.4.1 was retrieved and replayed across 20 runs for these two variants.
Similarly, the best incumbent retrieved by the second study 5.4.2 was utilized to benchmark it
across 20 separate runs with a lower budget.

Multi-seed

In order to control randomness in the algorithm, deterministic seeds were implemented. Each
incumbent was re-evaluated on the fixed seed list. Using the same seeds for every variant
ensures that paired statistical tests are valid.

Logging

Every run was recorded by IOHProfiler [38]. This heuristic tool reports for each generation the
fitness values in every evaluation. These logs were later processed through IOHAnalyzer [39]
to produce convergence curves, plots and statistical summaries. These elements are described
and compared along variants in chapter 6.

5.4 Hyper-parameter Optimization
Hyperparameter tuning for all three variants was conducted in two independent studies. In
order to execute this optimization ,the SMAC library [40] was used.

5.4.1 Baseline & Adaptive

The first study is a joint optimization that allows the optimizer to explore both Baseline
and Adaptive variants simultaneously. Table 5.1 presents the parameters exposed for the
optimization.

As observed in the table, the variant parameter was set as a categorical variable. This joint
search gives the optimization platform the freedom to explore between the two variants and
establish based on the cost which one performs best.
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The optimization budget was 40 trials in total. Each trial of the genetic algorithm was initialized
with Npop = 500 individuals and G = 50 generations which yields a fixed budget
of 25,000 = 500 × 50 fitness evaluations. The run was performed with a fixed SMAC seed,
and reports the best scalar fitness at generation 50 as the cost. The final best incumbent
configuration was extracted from this single run history.

Table 5.1: Hyper-parameters and their search ranges for SMAC. The categorical vari-
able variant chooses the GA algorithm to be tuned (baseline or adaptive). For each
suggested configuration, SMAC samples continuous crossover and mutation probabilities
cxpb, mutpb ∈ [0.10, 0.90] and integer penalty weights for global connectivity and interior
isolation in the inclusive range [100, 3000]. All other GA settings (population, evaluation
budget, repair heuristic) remain fixed.

Parameter Search domain

variant {baseline, adaptive} (categorical)
– Crossover prob. (cxpb) [0.10, 0.90] (continuous)
– Mutation prob. (mutpb) [0.10, 0.90] (continuous)
– Global-connectivity weight (conn weight) [100, 3000] (integer)
– Isolation weight (iso weight) [100, 3000] (integer)

5.4.2 Repair

The second study was conducted only for the third Repair variant with the exposed parameters
in table 5.2. The Repair evaluator performs additional collision checks and partial penalty
pre-computations. This operator increases the wall-clock time and the fitness call is higher. To
keep total optimization effort reasonable, 20 trials were allotted and searched only within that
variant.

A constant overall evaluation budget of 4000 fitness calls per trial was enforced:

Npop × ngen = 4000.

SMAC was therefore allowed to choose pop size and derive ngen = 4000/pop size during
the run (rounded to the nearest integer). This allowed the optimizer to balance exploration
and exploitation as well.

5.5 Generalization
To assess the robustness of the framework beyond the default setup, two small variations were
introduced and observed:

• Additional Parts In order to observe how the optimizer behaves with slightly more
complex geometries, new parts were included in the creation of individuals. In the catalog
4.2, the three shapes Angular left, U-shape, Angular right were used to generalize the
performance of the program after the HPO optimization. This variation was created to
observe how well the optimizer can utilize the new parts introduced.

• Interior Region The second test consisted of a geometrical change of the interior area
in the design space. Different from the original interior shape (rectangular), the new
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Table 5.2: Hyper-parameters and their search ranges for the Repair-only SMAC study. The
five parameters match Table 5.1, but here the population size pop size is included as an
integer variable in [100, 400].

Parameter Search domain

pop size (integer)† [100, 400]
– Crossover prob. (cxpb) [0.10, 0.90] (continuous)
– Mutation prob. (mutpb) [0.10, 0.90] (continuous)
– Global-connectivity weight (conn weight) [100, 3000] (integer)
– Isolation weight (iso weight) [100, 3000] (integer)

†The number of generations per trial is computed as ngen = 4000/pop size (rounded), ensuring a
constant evaluation budget of 4000 per trial.

interior consists of two external boxes on the top and bottom of the original rectangular
cabin. This also aimed for a minimal reflection of the vehicle shape seen from above.
Through this variation, we aimed to observe how well the optimizer can adapt to the
new interior shape and evaluate isolation.
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Chapter 6

Results

This chapter evaluates the three genetic-algorithm variants under three complementary sections.
Section 6.1 describes the hyperparameter optimization of the three variants. Concurrently, 6.2
quantify how well the variant configurations mentioned in Chapter 5) minimize the scalar fitness
on the 2D design domain. All results reported here stem from the 2-D demonstrator. Numbers
should be interpreted as qualitative indicators for a future 3-D study. It reports convergence
trajectories, distribution statistics, and qualitative design snapshots. Section 6.3 shows the
robustness of those tuned settings when the problem is altered. Together, the analyses expose
both the strengths and limitations.

6.1 Hyper-Parameter Optimization
6.1.1 Baseline & Adaptive HPO

Incumbent configuration

SMAC settled on returning a exploratory setting. Both the crossover rate (cxpb = 0.77) and
especially the mutation rate mutpb = 0.85 lie close to the upper bound of their respective
search spaces. The scalar fitness formulation rewards more heavily global connectivity. The
optimizer returned a weight value 3 times larger for the first penalty function. Out of these
variants, the best selected by SMAC is the baseline one as shown in the table 6.1.

Table 6.1: Incumbent returned by SMAC from the Baseline & Adaptive study

Parameter Value

Variant (variant) baseline

Crossover probability (cxpb) 0.774
Mutation probability (mutpb) 0.846
Global–connectivity weight (conn weight) 2155
Isolation weight (iso weight) 800

Convergence

The trajectory in figure 6.1 reveals a fast descent of the fitness. Within the very first trials,
the incumbent cost falls from ≈ 690 to ∼540. A final improvement drives the fitness down to
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500, after which the curve remains stable for the rest of the evaluations.

This pattern indicates that SMAC locates a near-optimal configuration early in the optimization.
Afterwards, lacking evidence for any better region, the optimizer switches to local exploitation
around that incumbent. This result suggests that the search space is benign enough for the
optimizer to converge quickly. Additional trials beyond the first dozen provide diminishing
returns, resulting in the final incumbent reported in 6.1.

Figure 6.1: Incumbent cost vs. SMAC trial (Baseline & Adaptive Study)

Penalty Trade-Off

In Figure 6.2, the relation between several parameters during the optimization is depicted.
Panel 6.2a shows that the optimizer quickly discovers a sweet spot for the two penalty weights
around conn weight ≈ 1800–2300 and iso weight ≈ 600–1000. Trials outside this rectangle
are systematically darker, confirming that under and over-penalizing lead to worse overall
fitness. Panel 6.2b places the same top 40 trials in a parallel coordinate layout. This visualization
brings to light two observations:

• The four axes reveal distinct behavior. While cxpb and mutpb span most of their ranges,
the penalty weights collapse to the tight segments already seen in panel 6.2a.

• The adaptive traces tend to sit higher on the mutation axis. This observation hints that
the adaptive variant profits from a slightly larger mutation value. Meanwhile, the baseline
variant compensates with stronger connectivity weights.
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(a) Trade-off between penalty weights.
(b) Parallel–coordinates of the best 40
trials.

Figure 6.2: Exploration of the hyper-parameter space. In (a) each point is a trial and the
color encodes the achieved fitness. In (b) lines are colored by the GA variant chosen in
that trial.

Dimensionality Reduction

Figure 6.3 depicts the optimization results in a lower-dimensional space. Three techniques are
used to represent the data in a basic visualization while preserving its substance.

• t-SNE a In the panel, a non-linear t-SNE mapping of the optimizer’s search trajectory is
observed. In this 3D latent space, two observations emerge:

– The best trials (yellow points) are concentrated towards the center of the 3D plot.
This indicates that SMAC converged to a single mode.

– Concurrently, darker outliers surround that island. This shows that SMAC sampled
and discarded incumbents of a substantially higher cost.

• PCA b The second panel projects the z-standardized parameters onto the first two
principal components. This plot confirms that the optimal region occupies only a fragment
of the parameter space.

• UMAP c The third panel complements the dimensionality reduction with a UMAP
mapping that balances local and global structure. The embedding reproduces a similar
dense cluster, but also reveals a line of average solutions (green/blue) that t-SNE had
compressed.

(a) t-SNE (3-D) (b) PCA (2-D) (c) UMAP (2-D)

Figure 6.3: Complementary low-dimensional views of the 40 SMAC trials. Color encodes
fitness.
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6.1.2 Repair HPO

Incumbent configuration

Table 6.2 lists the best setting returned by the repair-only SMAC study. Compared with the
Baseline & Adaptive optimization, the mutation probability remains at the upper end of the
search space. Meanwhile, crossover is noticeably lower. Different from the first study, the
selected penalty weights are reversed in priority. The isolation weight in this study is higher than
the global connectivity. This can be reasoned by the need to compensate a smaller evaluation
budget of 4000 evaluations.

Table 6.2: Incumbent returned by SMAC for the repair study.

Parameter Value

Crossover probability (cxpb) 0.374
Mutation probability (mutpb) 0.793
Global–connectivity weight (conn weight) 588
Isolation weight (iso weight) 1440
Population size (pop) 263
Number of generations (ngen) 15

Convergence

Figure 6.4 shows the incumbent trajectory. Similarly to the first study, SMAC again discovers
a steep fitness drop in the very first evaluations. The cost degrades from ≈700 to the ≈510
level by trial 4 and then stagnates. The early drop indicates that even with fewer samples,
the optimizer is able to converge on a single promising region. Subsequently, spending the
remaining trials refining variations around it.

Figure 6.4: Incumbent cost vs. SMAC trial (repair study)
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Penalty trade-off

Figure 6.5 illustrates the two views used for the weight balance applied to the 20 repair trials.
In the scatter plot (a) the best solutions cluster in one diagonal strip conn weight≈ 500–1800
and iso weight ≈ 800–1700. Points outside this band (upper left or lower right corners)
are consistently darker. This assures that an imbalanced emphasis on only one penalty is
unfavorable. In the parallel-coordinate view (b), the observation that the most successful trials
adopt mutation rates above 0.7 is retrieved. Meanwhile, crossover spreads from 0.2 to 0.8.
This fact suggests that the repair variant relies more heavily on mutation to explore the search
space.

(a) Trade-off between penalty weights. (b) Parallel–coordinates of repair trials.

Figure 6.5: Exploration of the hyper-parameter space for the repair variant. Colour
encodes fitness.

Dimensionality reduction

Figure 6.6 summarizes the 20 repair trials in three reduced spaces:

(a) t-SNE (3-D) (b) PCA (2-D) (c) UMAP (2-D)

Figure 6.6: Low-dimensional embeddings of the repair trials (colour = fitness).

• t-SNE (a) separates the trial set into sorts. The lighter points lay in the center part.
This represents a single optimal space of the incumbents.

• PCA (b) shows a similar split along the first component, which again is governed mainly
by the two penalty weights.
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• UMAP (c) preserves both local neighborhoods and global distances. This embedding
confirms that the top-performing configurations sit tightly together.

6.2 Benchmark Runs
After selecting the two best performing hyperparameter configurations for each variant. A
total of 20 independent GA runs per variant were executed. These runs were done to obtain
statistically sound performance curves with a budget capped at 4000 evaluations. The reason
behind this limit is that the repair variant has a lower budget. Although the baseline and
adaptive variants were tuned at a higher budget, each variant will be compared fairly at the
same expense. Each run starts from a different random seed and uses the best incumbent
parameters reported in section 6.1.1. All runs were logged with IOHProfiler and analyzed
with IOHAnalyzer. The following subsections present these summaries and compare the three
variants.

6.2.1 Fitness Trajectory

The following figure illustrates how quickly each variant lowers the best-so-far fitness throughout
20 runs. The thick colored line is the mean trajectory, while the shaded ribbon captures the
interquartile ranges. The x axis is scaled by log10 in every plot.

Baseline Variant - In Figure 6.7, the (olive dashed) line tracks the mean best-so-far fitness
of the 20 baseline runs. During the first evaluations, the average curve drops quickly from the
initial fmean ≈ 2900 to below f = 1000. It eliminates almost 60% of the objectives within the
first evaluations. This demonstrates that the plain GA can exploit a good portion of the search
space very quickly. After this early dive, the slope flattens. Beyond roughly 2000 evaluations,
the curve plateaus at fmean ≈ 280. A long declining tail brings the curve down to its final
fitness value of ≈ 273. The absence of sharp drops after the early phase suggests that the
remaining search spaces contain only marginally better configurations. Exploration continues
but has minimal returns. Overall, the baseline variant delivers fast initial progress and a reliable
late-stage refinement.

Adaptive Variant - The (orange solid) line in Figure 6.7 displays the mean best-so-far
fitness for the adaptive runs. The mean best so far fitness starts around 2000 and descends
steadily as the evaluations proceed. In comparison with the baseline variant, the adaptive
scheduler shows more gradual improvement in the early stage. By the first evaluations, the
mean falls to fmean ≈ 1100, which is roughly halfway to its initial value. Between 102 and
103 evaluations, the descent accelerates again, reaching ≈ 700 and finally leveling off just
around 600. The interquantile band reveals a wider range throughout the first evaluations,
which reflects additional stochasticity by the adaptive weights. To summarize, the adaptive GA
displays a smoother but longer learning curve, although it needs more evaluations to match
the baseline’s late-stage performance.

Repair Variant - The (green dotted) line represents the mean fitness trajectory of the 20
repair runs. The best so far fitness starts at a value of roughly 2000 and follows two stages of
improvement. Initially, the fitness decreased steadily but at a gentler slope than the baseline
curve. By the first evaluations, it reaches fmean ≈ 1300 and not until the following evaluations
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does it break the 1000 barrier. The wide interquantile band in this region highlights a larger
spread, which reveals that some executions profit markedly from early repairs, although not
consistently. At a second stage, the decline accelerates and pushes the mean down to ≈ 650
by 2000 evaluations. Beyond that point, the curve flattens, which suggests that the remaining
budget is spent on local refinements. Overall, the repair variant eventually attains a fitness level
comparable to the adaptive GA. However, it does so more slowly and with a greater variance.

Figure 6.7: Mean convergence curves for the three GA variants. Shaded regions denote
the 25–75 % percentile range. (20 runs, 4 000 evaluations each).

Table 6.3 summarizes the distribution of the best fitness obtained at the end of each benchmark
run. Looking at these statistics, the following observations are noticed:

• Baseline exhibits a remarkably tight spread. The mean and the median are virtually
identical, and the standard deviation is ≈ 8. Every recorded percentile between the 2nd

and the 98th lies in a narrow band. This confirms the visualization of the convergence
curves 6.7. Once the variant is tuned, the optimizer reliably steers most runs to the same
high-quality individuals.

• Adaptive shows a different pattern. Its center of mass is higher, and the distribution is
wide σ ≈ 56. The 2nd and 10th percentiles dip below 560, indicating that the variant
does find competitive solutions. However, most of the runs stagnate around 660− 700.
Together with the ribbon visualized in the convergence plot 6.7, the table emphasizes
that the variant’s performance is run-dependent.

• Repair stands in an intermediate position. The observed median is comparable with the
adaptive variant, but the lower tail is substantially better. The large standard deviation
(σ ≈ 76) and the broad upper percentiles indicate that this variant either converges well
or gets stuck away from the optimum. While computationally costly, this variant offers
the potential for strong solutions.
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Table 6.3: Distribution of final best-found fitness over 20 runs per variant (lower is
better). Columns list the arithmetic mean, median, sample standard deviation, and
the empirical percentiles 2 %, 5 %, 10 %, 25 %, 50 %, 75 %, 90 %, 95 % and 98 %. The
baseline achieves the lowest central tendency (mean = 273), while the repair variant
shows a wider dispersion (SD = 76) but still improves the worst-case tails compared
with the adaptive schedule.

Variant Mean Median SD 2% 5% 10% 25% 50% 75% 90% 95% 98%

Baseline 273 268 7.5 268 268 268 268 268 277 282 285 290
Adaptive 650 668 55.8 512 528 561 666 668 672 692 698 703
Repair 624 652 76.2 501 501 510 563 652 672 688 708 736

6.2.2 Empirical Cumulative Distribution

Figure 6.8 summarizes the benchmark into a single ”cumulative target” view. For every target
fitness shown on the x axis, the ordinate reports the fraction of runs that achieved a lower
value than that threshold.

• Baseline (olive dashed) - The curve remains at 1.0 until it reaches ≈ 620, then drops.
Every baseline run eventually attains 620, however, only a handful manage to push below
≈ 480. The very steep descent implies low variability once this threshold is crossed.

• Adaptive (orange solid) - The line begins to fall a decade earlier than the baseline
variant. It reaches the 50 % mark at ≈ 560, and tails off near 480. The broader ”stairs”
section indicates a wider dispersion of fitness compared with the baseline variant.

• Repair (green dotted) - For this variant, first declines appear above 700 and the curve
drops gradually. It does not reach zero until ≈ 580, which reflects that the variant’s
slower progress. This is seen as well in the convergence plots 6.7.

The plot confirms the ranking, which was already visible in the convergence trajectories. The
baseline variant leads as the best approach, and then is followed by the adaptive and repair
variants.
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Figure 6.8: Empirical cumulative distribution of best-of-run fitness for the three GA
variants. Curves farther left indicate a higher probability of reaching lower (better)
fitness.

6.2.3 Probability Of Success

The following figures 6.9 compare the spread of the fitness reached at the end of every
independent run. Each violin merges a density estimate with an internal box and whisker
summary.

• Baseline - For the baseline variant the violin is compact and the interquartile range
is barely 5 points. The full span covers 25 points (268 − 294). This assures a strong
consistency already visible in the convergence curves. After tuning, this variant almost
always converges to the same quality region. Its fitness of 273 is by far the lowest (best)
of the three algorithms.

• Adaptive - In this panel, a bimodal density of the fitness is observed. One tight area is
centered at ≈ 570− 590 and a second one is observed around 530. Although the fitness
is clearly above the baseline variant, the lower section shows that a minority of runs can
approach baseline’s performance.

• Repair - This violin plot is the widest of all three. Stretching from ≈ 500 up to 740 with
a mean near 660. This observation indicates that the computationally heavier operator
does not translate into more reliable outcomes. Instead, its stochastic nature yields both
occasional optical runs ≈ 510 and several poor ones above 700.

Taking everything into account, these plots reinforce the ranking suggested by the earlier
analyses. The baseline variant delivers the best and most stable performance and the adaptive
approach attains a middle ground with moderate variance. Meanwhile, the repair variant
delivers less than the other approaches, it is noticeably less predictable.
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Figure 6.9: Empirical–probability density of each variant. Each curve integrates to 1
and is related to the corresponding ECDF by p(x) = d

dx
F (x). Peaks highlight where each

variant most often converges.

6.2.4 Illustrative Designs

(a) Baseline (b) Adaptive (c) Repair

Figure 6.10: Highest-quality layouts discovered by each GA variant. Green cells mark the
isolated interior region. Blue and red tiles are Line and L shapes respectively.

(a) Baseline (b) Adaptive (c) Repair

Figure 6.11: Representative low quality outcomes. Gaps, alignments or excessive material
lead to higher isolation and connectivity penalties, explaining the tails observed in
Fig. 6.9.

6.3 Generalization
To check whether the tuned GA settings remain valuable beyond the exact setup on which
they were optimized, the best incumbent is run under the two variations already introduced in
Section 5.3.

44



6.3.1 Additional Parts

Figure 6.12: Best individual after 25 000 evaluations when the catalog is extended with
additional parts.

(a) Additional-shapes run (Fig. 6.12).

Metric Value

Function evaluations 25 000
Local connectivity 0.10
Global connectivity 0
Shape count 3.65
Isolation 0.10
Distance 0.12

(b) Altered-interior run (Fig. 6.13).

Metric Value

Function evaluations 25 500
Local connectivity 0.30
Global connectivity 0
Shape count 0.59
Isolation 0.54
Distance 0.63

Table 6.4: Performance indicators for two robustness tests.

The additional geometric parts increase the search space combinations. Fig. 6.12 shows that
the GA now constructs a sparse pattern rather than a solid enclosure. Although it tries to keep
the structure connected and maintains a low border penalty, two signals reveal poor adaptation:

• Connectivity drops only one-third of what the tuned baseline achieved on its native
task, reflecting fewer flange contacts between heterogeneous parts. Global connectivity
does not reflect the actual number of components in this test.

• Shape Count The shape count explodes to 3.65: many placement attempts succeed
(more parts on the grid), but they do not cooperate to block the interior ports. An
edge case of ratios exceeding 1 can also be observed because the reference values were
calibrated for the original shape limit.

Introducing new shapes without re-tuning leads the GA to explore attractive but not optimal
layouts. The incumbent weights fail to encourage the positive alignments required for the parts
to attach. Encouraging the need for either adaptive penalties or a fresh optimization pass when
the design catalog changes.

6.3.2 Interior Region

With the interior replaced by the top and bottom ports, the untuned baseline GA reaches a
less optimal result than the original baseline. Table 6.4b presents the causes:

45



Figure 6.13: Best individual found after 25,000 evaluations when the interior is replaced
by the new interior geometry.

• Isolation shoots up to 0.54 because the two side ports open large corridors that the
original penalty weights underestimate.

• Connectivity is modest but acceptable, showing that the algorithm still joins most parts.
Nevertheless, the border distance term doubles, which indicates repeated placements too
close to the outer wall.

• Shape Count A higher shape ratio signals that many candidate parts are rejected for
collisions, wasting evaluations.
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Chapter 7

Conclusion

The study confirms that the proposed 2-D GA framework can reach geometrically feasible
BIW layouts for a single connected component. The default GA settings reach more than
94% isolation of the interior. Introducing a smooth weight schedule accelerates early isolation
but yields no significant fitness gain at termination. This suggests only a partial benefit over
static priorities. Meanwhile, a lightweight repair heuristic reliably removes residual fragments
in difficult seeds, improving final penalties without prohibitive runtime. Finally, SMAC tuning
discovers parameter sets that outperform the best hand-tuned recipe by roughly 14 % in median
fitness. Together, these results answer the four research questions affirmatively. They show
that disciplined constraint handling based on a simplified 2-D geometry is achievable in the
context of BIW. Hence, the framework is a reference implementation that future work can
evolve into a full 3-D, physics-coupled digital body-design system.

Limitations and Future Work

• 2-D proof-of-concept - The study operates on a single planar slice; extending to full
3-D shell geometries will require richer primitives, manufacturability constraints and an
FEM stiffness objective.

• No structural fitness - Weight and stiffness are mentioned as motivation, yet the
optimization balances only geometric representations of these constraints. Coupling the
GA with rapid structural surrogates or multi-fidelity FE evaluations is a natural next step.

• Computational cost - Even in 2-D, the Repair GA consumed 4× more CPU per
evaluation. Parallel island models or GPU-accelerated evaluations could further speed up
this for a 3D work.

• Limited catalog and generalization - Future research should investigate online penalty
scheduling that adapts to observed patterns and meta-learning across problem instances.

This thesis delivers a foundational demonstrator for a reproducible GA pipeline that negotiates
isolation versus connectivity in a simplified BIW setting. With targeted improvements, focused
on 3-D physics, adaptive penalties and surrogate-assisted evaluation, this approach can grow
into a practical assistant for early-stage automotive body design.
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