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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 �nite-element veri�cation.
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 �tness is the weighted sum of �ve 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
�nal �tness, 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 �rst evaluations, but plateaus at a higher median �tness. 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 �tness 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 sti�ness 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
di�erent perspectives and objectives. This thesis covers and discusses the design perspective and
how this fragment a�ects 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 work
ow.

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 simpli�ed representation
of the design space. The purpose of this thesis is to create a foundational demonstrator or a
�rst 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 con�gurations using a genetic algorithm. It
pays attention to integrating simpli�ed domain-speci�c restrictions 2.1.1. More complicated
areas of this �eld 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 �xed evaluation
budget? 5.2.1

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

4. Can hyper-parameter search discover optimal setups compared to those prede�ned 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 e�cient 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 e�ects 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 utilizingFEM for design simulations based on an input fromCAD. 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 e�ective, 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-o� is weight reduction, which has emerged as a
major focus in vehicle design [6][7]. Its direct in
uence on fuel or electrical consumption and
emissions has resulted in changes throughout the evolution ofBIW. Regulatory standards,
such as theCorporate 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 e�ectively during collisions [10].

Computer-aided simulation tools such asFinite Element Analysis (FEA)[11] andComputational
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 di�cult to test with conventional techniques.

2.1.1 Vehicle Body Structure Design

Vehicle body structures must ful�ll a variety of requirements to reach the standards of modern
automotive engineering [13]. These speci�cations include minimal weight for fuel e�ciency 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

�>
2 X

that satis�es a set of requirements. This set of combinations should o�er the best possible
compromise between several engineering goals. Formally, we seek the feasible set

F =
n

x 2 X
�
�
� ck(x ) = 0 ( k = 1; : : : ; m); g̀ (x ) � 0 (` = 1; : : : ; r )

o

, whereck are equality constraints (symmetry, package envelopes, joint locations) andgl are
inequality constraints (minimum weld length, maximum panel de
ection, material limits, etc.).
Based on this set, the objective vector is evaluated

f (x ) =
�
f 1(x ); f 2(x ); : : : ; f p(x )

�

. Its components typically represent con
icting targets such as mass, sti�ness, 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 ? 2 F is Pareto-optimal if@y 2 F such thatf i (y ) � f i (x ?) 8i andf j (y ) < f j (x ?) for somej:

In practice, engineers usually transform the vectorf into a scalar score such as aweighted
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). NodesV are parts, and edgesE represent weldable 
ange contacts. An
optimal body design requires that all 
ange attachments are connected. This requirement
is illustrated in Figure 2.1a.
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• Isolation Certain inner regions such asbattery box, interior or engine compartments
must be hermetically sealed from the exterior as shown in �gure 2.1b. This is essential for
reasons of safety, proper functioning, as well as a better driving experience. Let
 in � X
denote the set of grid cells that de�ne those regions. A
ood-�ll which can represent any
external 
ow of force that starts on the outer boundary may not reach any cell in
 in.

• 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 �gure 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 �ange 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
�ow 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 o�er a natural �t 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-o� solutions for a speci�c problem. The following sections will reviewGAs and
a representation of our optimization in terms ofMOO.

Genetic Algorithms and Multi-Objective Optimization

Modern vehicle body design can be de�ned as a multi-objective problem, requiring engineers to
balance con
icting 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 Optimizationproduces a set
of optimal solutions, each of which represents a distinct balance between con
icting criteria.
For example, one solution might prioritize structural robustness at the expense of slightly
increased weight. Di�erently, 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 �nd solutions
that satisfy predetermined constraints and goals by utilizing genetic operations that include
mutation, crossover, andselection. 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 speci�c 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 o�spring

• Mutation : Applies small or random changes to an o�spring in order to obtain variation.

• Replacement: This step forms the next generation by merging a subset of the parent
population with the new o�spring. 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 �tness
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 ofGAs is their 
exibility. 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 
exibility has also ensured the
inclusion of advanced manufacturing constraints, ensuring that designs are not only e�ective in
theory but also practical to produce.

Search-Space Representation

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

• Parameter Encoding : EveryCAD OR FEM variable such as dimension, control points,
material IDs are directly encoded into the gene. This ensures an accurate de�nition 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 de�nitions. Transformation operators
rely simply on cell manipulation, and �nalized 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 targetBIW 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 tobody-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. Unlikegradient-basedoptimizers, 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 fromGAs 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 con
icting objectives.Genetic algorithms (GAs)have the proper structure and can serve
as a consistent approach to apply this evolutionary methodology.

Foundational work as theNon-Dominated Sorting Genetic Algorithm (NSGA-II)algorithm
has made it possible forGA 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 e�ciency, 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)andComputational Fluid Dynamics (CFD), which o�er
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 �tting. Neural networks are now
trained on small archives of crash orNVH (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-�delity 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 o�spring 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 
ange 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
e�ective when violations are sparse and local. This operator saves valuable building elements
without in
ating 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 di�culties. 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 uni�ed framework, particularly within the context of automated design.

3.4 Isolation
Incorporating restrictions such as isolated structures has been di�cult to achieve, even if
computational optimization has progressed. Generally, speci�c 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 di�erent 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 o� 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 signi�cance [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 a2D Proof-Of-Concept .
It focuses on adhering to domain-speci�c constraints and operates through a systematic
work
ow. This pipeline includes initialization, evaluation, genetic operations, and selection.
During initialization, structural elements are randomly placed within a de�ned design space, with
symmetry achieved through mirroring to ensure balanced con�gurations. The evaluation phase
involves a multi-criteria �tness function, incorporating metrics such as isolation, connectivity,
and e�ciency. These metrics guide the algorithm toward generating designs that not only
meet prede�ned 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 re�ne
design candidates by exploring a wide search space of potential solutions. Crossover strategies
merge isolated regions from parent structures, fostering o�spring with enhanced isolation and
connectivity, while mutation introduces diversity by altering attributes like shape placement
and orientation. The selection mechanisms prioritize solutions with optimal �tness, 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 of60x30cells. 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 e�ective 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 speci�c role in the
design space. This enforces and represents constraints during the design process. Boundary
cells were represented by the value 0, and they de�ned the contour of the design space. This
perimeter con�ned 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 �xed outer boundary, 1 is empty,
the range 2–98 encodes catalog parts (each part has a speci�c number assigned)except
for the single reserved value8, which marks the cabin interior that must remain sealed.
The �ood-�ll 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-de�ned interior region that must be sealed

99 Isolatedcell 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 de�ned, and based on the
speci�c requirements, these parameters can vary. Each part was described by itstype, 
exible
parameters, starting andendingpoints,
anges, andnormal vectors. All shape parameters were
interpreted on the 2-D grid. Thickness and out-of-plane e�ects were deliberately ignored at
this stage. This systematic representation allowed these parts to integrate into the evolutionary
algorithm's work
ow and ensured e�ective manipulation and evaluation of each property.

One of the key aspects of this representation is the 
anges and their norm vectors as seen in
�gure 4.2. This de�nition served as the essential component upon which one of the project
objectives, connectivity, was composed. These 
ange de�nitions identify speci�c sections of
the shape that can be connected to other shapes. Each 
ange has a de�ned start and end
point, which marked the area and side of the designated connection for a speci�c shape. This
interpretation was supported by a normal vector that indicates the direction of a potential
connection. This work
ow ensures that shapes can be placed and rotated within the design

14



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 �ange segments.
Norm vectorsindicate the outward directions of those �anges in the part's local frame.
Mirror -rot encodes how the part's rotation coder 2 f 0; 90; 180; 270g� must be updated
when the left half of the grid is re�ected to the right.

Part Free pars. # Fl. Norm vectors ~n Mirror-rot. ( � )

Straight line ` 2 f� xg f 07! 180; 907! 90; 1807! 0; 2707! 270g
L-shape `1; `2 4 f� x; � yg f 07! 270; 907! 180; 1807! 90; 2707! 0g
Angular left `1; `2 4 f� x; � yg f 07! 180; 907! 270; 1807! 0; 2707! 90g
U-shape `1; `2 6 f� x; + yg f 07! 0; 907! 270; 1807! 180; 2707! 90g
Angular right `1; `2 4 f� x; � yg f 07! 90; 907! 0; 1807! 270; 2707! 180g

space while maintaining structural and functional relationships. One last addition to each part's
properties was themirror-rotationfeature, which de�nes 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 �anges and norm vectors. The green
areas denote the �anges of legal connections and the respective norm vectors.

Every individual layout was stored in a �xed-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 isB = 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 e�ective part count varies. In the decoding stage, the algorithm scans the chromosome
and ignores any padded blocks. It instantiates the speci�ed shape with its stored parameters,
applies the encoded rotation, and deposits the part with its 
ange 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 
ange 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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