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Abstract. In recent years, advances in additive manufacturing (AM) technolo-

gies, particularly in Direct Energy Deposition (DED) as Wire Arc Additive Man-

ufacturing (WAAM) and Laser Wire Directed Energy Deposition (LW-DED), 

have enabled engineers to produce large complex structures. Consequently, these 

developments drive a paradigm shift in how we conceptualize and manufacture 

complex components, pushing the limits of what is possible in engineering and 

design. As a result, there is a growing need for optimized structures considering 

the material constraints and advantages. This study uses a multi-objective opti-

mization-driven engineering design approach to optimize the shape and materials 

of a train bogie as a case study. From the material perspective, different materials 

were selected to benefit from the high-strength steel (HSL) and low-carbon steel 

(LCS) and achieve weight reduction while considering other structural con-

straints. We generated multiple prospective designs using the generative design 

feature from Autodesk Fusion 360. Subsequently, safety factors are collected 

from these models using AbaqusCAE and the fatigue data with fe-safe. Moreo-

ver, a multi-objective optimization approach is applied to find the best possible 

design based on the resulting safety factor, weight, fatigue life, and maximum 

displacement of the proposed part. Finally, the collected results are compared, 

and a set of optimum designs is presented based on different criteria detailed in 

the study. 

Keywords: Engineering design, Generative design, Multi-objective optimiza-

tion, Additive Manufacturing. 

1 Introduction 

Engineering design can be characterized as a collection of decision-making proce-

dures and tasks. These are utilized to establish the structure of a product, component, 

system, or process based on the functionalities specified by the customer [1]. The ob-

jective of engineering design extends beyond just fulfilling design requirements; it also 

aims to optimize performance, cost, reliability, and manufacturability [2]. Modern de-

sign tools, such as generative design, play a key role in the evolution of manufacturing, 

especially in AM processes. These tools encompass a range of software applications 



2 

and technologies that enable engineers and designers to create innovative designs opti-

mized for manufacturing efficiency and performance. Generative design takes optimi-

zation a step further by automatically using algorithms to explore a wide range of design 

solutions. Design constraints and objectives are input by the software, which then gen-

erates a variety of potential solutions. Barbieri et al. compare two Additive Manufac-

turing design methods using topology optimization and generative design tools, aiming 

to assess the traditional approach's evolution and the integration potential and limita-

tions with CAD systems [3]. Watson and colleagues introduce a generative design ap-

proach focused on optimizing space-frame systems to achieve minimal volume and 

compliance, while also accounting for stress and buckling constraints [4]. This study 

utilizes the generative design feature available in Fusion360 as well as stress and fatigue 

life simulation in AbaqusCAE and fe-safe to redesign a train bogie, considering defined 

boundary and loading conditions, various materials, structural limitations, and manu-

facturing techniques, such as AM and die casting. 

AM offers significant freedom in the fabrication of various part shape and materials 

[5]. The control and comprehension of material properties are crucial for the integration 

of these technologies into industrial applications [6]. Generative designs utilize the ad-

vantages of AM to create unique/unconventional shapes from generative designs, 

which are typically unachievable via conventional manufacturing methods such as ma-

chining, casting, or assembling at feasible costs. The design of train bogies is pivotal 

for the functionality, durability, and safety of railcars, constituting a fundamental aspect 

of their operation. In this study, generative design feature in Fusion 360 were used to 

find several possible designs for bogies. As generative design can evaluate just one 

objective at the same time (either minimizing mass or maximizing stiffness), this study 

aims to add a multi-objective feature to find the most optimized design within defined 

criteria. A fatigue analysis completes this study to enhance the durability of the design. 

Therefore, the primary objective of this study can be considered to be employing vari-

ous engineering tools to generate and evaluate a range of proposed designs to identify 

the most optimal solution according to different criteria, including safety factor, weight, 

and fatigue lifetime which proof to be competing optimization objectives. 

2 Methods 

2.1 Generative design 

A generative design process can be considered as an exploration of various design pos-

sibilities. During this process, designers or engineers specify their design objectives, 

parameters such as performance or spatial requirements, materials, production tech-

niques, and budget limits into a generative design software. Then, the software explores 

all the possible permutations of a solution, quickly generating design alternatives. With 

each iteration, the software evaluates and learns, identifying effective solutions and dis-

carding those that fall short [7]. In recent years, generative approaches have been used 

more and more in mechanical design. Several CAD software such as Fusion360, Ansys 

NX, and Altair Inspire offer generative design. In a study conducted by Buonamici et 

al. [8], they sought to achieve a practical and efficient representation of the design 
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workflow provided by Autodesk Generative Design (AGD), which is hosted within Fu-

sion360. This study employed AGD to address a static structural optimization problem, 

and subsequently executed the entire design phase by making use of the tools provided 

by the AGD suite. The proposed case study in their research aimed to investigate the 

capabilities of the AGD through the redesign of a robot’s gripper arm, as suggested on 

the GrabCAD website. In this study, Fusion360 generative design feature is utilized to 

find the most optimum solution for a train bogie under stationary structural analysis. In 

order to use generative design feature in Fusion360, first the operator requires defining 

the part dimensions, preserved area, obstacle area, loads and supports, design objec-

tives, materials, and manufacturing methods. Dimensions used for this redesign prob-

lem are borrowed from GrabCAD platform and it represent a general train bogie [9]. 

Preserved area is defined as the area which must be included in the final design. This 

area includes the supports, loading surfaces, and every other part which must meet a 

certain criterion or have a precise dimension or shape, such as bearing supports. Obsta-

cle area can be defined as empty spaces which must be avoided during the generative 

design process. As a mandatory option, a starting shape also can be defined for the 

design. The preserved and obstacle area, the starting shape defined for the case study 

of this paper , and Dimensions are shown in Figure 1 (a) and (b) respectively. 

a) b) Preserved area
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Fig. 1. Bogie redesign problem definition. a) preserved area, obstacle area, and start-

ing shape defined in Fusion360. b) bogie dimensions. 

 

Regarding the loads, support, and boundary conditions, the acting forces are calculated 

according to the requirements listed in EN 13749 standard [10] using equations (1) and 

(2) for lateral (Fy) and vertical forces (Fz), respectively. The forces acting on the bogie 

are calculated according to the requirements listed in EN 13749 standard [10] using 

equations (1) and (2) for lateral (Fy) and vertical forces (Fz), respectively. 

 𝐹𝑦1 = 𝐹𝑦2 =
𝐹𝑦

2
= 104 +

(𝑚𝑣+𝑐1)𝑔

12
 (1) 

 𝐹𝑧1 = 𝐹𝑧2 =
𝐹𝑧

2
=

1.4𝑔(𝑚𝑣+𝑐1−2𝑚+)

4
 (2) 

Where mv, m+, c1, and g are the vehicle weight, the bogie weight, the passengers’ 

weight, and acceleration due to gravity respectively. Fz1 and Fz2 stand for the vertical 

forces in each frame. Since there are two bogie frames under each carriage (in total 4 

under each wagon), the total vertical force is divided evenly between them. In this 



4 

analysis, the weight of the wagon is assumed to be 50,000 kg, and passengers’ weight 

is assumed to be equal to 10,000 kg in total, and the weight of the bogie itself is assumed 

to be 500 kg. According to these assumptions, the total lateral force and vertical force 

are selected to be 60 kN and 205 kN respectively. The supports for this bogie system 

are located at the right and left ends, where the bogie is attached to the axles. 

To conduct a generative study in Fusion360, design objectives, materials, and man-

ufacturing methods need to be explored and exploited. This objective can be either 

minimizing the mass or maximizing the stiffness. In this paper, two studies have been 

conducted in which the primary objective is chosen to be maximizing the stiffness with 

a mass target of 500 kg and minimizing the mass respectively. Another defined design 

objective is achieving a minimum factor of safety, set at 2.5. To explore a range of 

designs utilizing various materials and manufacturing methods, this study incorporates 

four different steel class and four distinct manufacturing techniques. The selection of 

these four materials is based on two main criteria. Firstly, they encompass a broad spec-

trum of mechanical properties, ranging from low strength to high strength. Secondly, 

they are readily available as built-in materials within both the Fusion360 and fe-safe 

materials libraries. Table 1 presents the mechanical properties for these materials. 

These include unrestricted manufacturing, AM, and die casting.  

Table 1. Materials used in Fusion360. 

Material name Young’s  

Modulus (GPa) 

Poisson’s 

Ratio 

Density 

(kg/m3) 

UTS  

(MPa) 

Yield strength 

(MPa) 

Steel AISI 1006 207 0.33 7872 318 248 

Steel AISI 1020 207 0.33 7870 392 254 

Steel AISI 4130 207 0.33 7850 895 778 

Steel AISI 5210 207 0.33 7810 2011 1922 

2.2 Finite Element Analysis, fatigue life, and optimization problem 

Finite Element Analysis (FEA) is used to predict and analyze the structural integrity 

of a mechanical part under various loading conditions. FEA can optimize the proposed 

design, enhancing safety and reliability. In the present study, a set of static analysis 

based on linear elastic material theory were carried out using AbaqusCAE and Fu-

sion360 simulation section on the proposed designs extracted from Fusion360. A sim-

ilar load case and materials are considered both in simulations and generative design. 

Furthermore, minimum Safety factor (Sf) is also calculated for each design based on 

results obtained from AbaqusCAE. Sf is calculated based on equation (3) [11]. 

 𝑆𝑓 = (𝑌𝑖𝑒𝑙𝑑 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ 𝑀𝑎𝑥. 𝑣𝑜𝑛 𝑀𝑖𝑠𝑒𝑠 𝑠𝑡𝑟𝑒𝑠𝑠⁄ )𝑖 − 1 (3) 

where the subscript i represents the different designs proposed by Fusion360. It is worth 

noting that if the resulting Sf is equal to 0, the maximum von Mises stress and yield 

strength are equal, indicating that the structure will be able to withstand loads and 

boundary conditions. An Sf less than 0 represents an under-engineered design and 
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would result in a non-feasible solution, while in the case of an Sf greater than 0, the 

design is over-engineered. Regarding fatigue life analysis, EN 13749 specifies that the 

fatigue tests should be conducted with three types of loads: static loads, quasistatic 

loads, and dynamic loads: 

 𝐹𝑧1 = 𝐹𝑧2 =
𝐹𝑧

2
 (4) 

 𝐹𝑧1𝑞𝑠 = 𝐹𝑧2𝑞𝑠 = ±𝛼 𝐹𝑧 2⁄  (5) 

 𝐹𝑧1𝑑 = 𝐹𝑧2𝑑 = ±𝛽 𝐹𝑧 2⁄  (6) 

 𝐹𝑦1𝑞𝑠 = 𝐹𝑦2𝑞𝑠 = ±0,063(𝐹𝑧 + 𝑚+𝑔) (7) 

 𝐹𝑦1𝑑 = 𝐹𝑦2𝑑 = ±0,063(𝐹𝑧 + 𝑚+𝑔) (8) 

Where in these equations, Fzi, Fziqs, and Fzid (i=1,2) represent the vertical static, qua-

sistatic, and dynamic loads, respectively. Additionally, Fyiqs, Fyid (i=1,2) denote the lat-

eral quasistatic, and dynamic loads, respectively. Vertical forces are affected by rolling 

and bouncing, resulting in quasi-static and dynamic variations respectively. These var-

iations are represented by coefficients α and β, respectively. Generally, these coefficient 

values are 0,1 for α and 0,2 for β. In this study, fatigue life simulations were conducted 

using the Goodman theory integrated into fe-safe software. 

In order to find the optimal design meeting a set of goals and targets, a multi-objective 

optimization process has been conducted. To simplify this procedure, the scalarization 

multi-objective optimization method is applied [12]. This method aims to generate a 

single solution from a multi-objective function while using a set of predefined weights 

[13]. The equation (9) represents the optimization problem formulation two objectives: 

 𝑓(𝑥) = 𝑤1. 𝑗1 + (1 − 𝑤1). 𝑗2 (9) 

Where j1, j2, and w1 stand for the first objective, second objective, and weight respec-

tively. Weight factors can aid in assessing the importance of each factor. 

3 Results and discussion 

Figure 2(a) shows some example design with different manufacturing methods. A set 

of 32 possible design based on the conditions described in the previous section is gen-

erated in Fusion360. The most recommended design for each study (e.g., study 1 with 

primary objective of maximizing stiffness and study 2 with primary objective of mini-

mizing mass) are shown in Figure 2 (b). These designs are chosen based on the recom-

mendation value reported by Fusion360. Figure 3 show the results for exploration and 

exploitation of the bogie design considering different manufacturing methods and ma-

terials. The exploration phase in Figure 3 (a) involved 32 generative design simulations, 

from where a narrow window of material and design alternatives was later exploited 

with 80 additional simulations. Figure 3 (b) represents this narrower window for ex-

ploitation. 



6 

To build the data set for the optimiza-

tion problem, 10 generative design 

processes have been done with 80 pro-

posed designs in total. For the exploi-

tation phase, we modified the primary 

design objectives (mass and maximum 

SF) and materials to discover designs 

like those enclosed within the exploi-

tation area. To find less over engi-

neered designs (𝑆𝑓 > 1) in the exploi-

tation phase, materials are chosen to be 

Steel AISI 1006 and Steel AISI 1020 and mass target is chosen to be between 300 and 

450kg. The results derived from these designs are subsequently employed to conduct a 

multi-objective optimization.  

 
Fig. 3. Fatigue life estimation derived from Fe-safe based on Sf and mass for each 

design.  rectangles represent the design space for the exploration phase. 

Table 2 shows the scenarios utilized in this study, along with the resulting design 

characteristics for each scenario. It is observed that the minimum attainable mass is 

approximately 297kg. However, this design is deemed unacceptable due to its low es-

timated fatigue life. In contrast, the resulting design from the second scenario meets all 

requirements and variables within reasonable bounds, rendering it acceptable. Simi-

larly, the design proposed for the third set of objectives in this multi-objective optimi-

zation problem is also deemed acceptable, although it exhibits a higher maximum dis-

placement (Umax) compared to other proposed designs. conversely, the designs pro-

posed in the fourth and fifth scenarios are heavier than other proposed alternatives. 

Fig. 2. Example of generative designs de-

rived from Fusion360. 
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Table 2. Results obtained for different optimization scenarios.  

No. j1 j2 w1 
Fatigue 

life 
Sf 

Mass 

(kg) 

Umax 

(mm) 
Manu. & Mat. 

#1 Min (m) Max (Sf) 0.5 1.5E4 1.38 297.06 0.76 
AM &  

AISI 1006 

#2 Min (m) Min (Umax) 0.5 2.1E6 0.97 369.16 0.41 
AM &  

AISI 1020 

#3 Min (m) Max (f) 0.5 1E7 1.26 300.96 0.91 
Die casting & 

AISI 1006 

#4 Min (Umax) Max (f) 0.5 1E7 1.11 440.62 0.34 
Unrestricted & 

AISI 1020 

#5 Min (Umax) Max (Sf) 0.3 1E7 1.15 441.89 0.39 
Die casting & 

AISI 1006 

4 Conclusion 

In this study, an extensive examination of exploratory designs has been conducted, con-

sidering factors such as mass, safety factor, fatigue life, and maximum displacement, 

aimed at identifying the optimal design for a train bogie. Through the implementation 

of a generative design approach, supplemented by statistical simulation and fatigue life 

analysis, a comprehensive dataset encompassing all feasible designs was generated. 

Subsequently, this dataset was employed to formulate an optimization problem, facili-

tating the identification of optimal design. Additionally, an exploitation process, in-

formed by the outcomes of the initial exploration, was carried out to refine and identify 

more suitable designs. Following the optimization process, the most optimal designs 

were identified according to different optimization scenarios. The study acknowledges 

several limitations, including the lack of validation of simulation results through real-

world experiments, which remains a primary objective for future investigations. Addi-

tionally, comparisons between different generative design methods and between results 

derived from generative design and those obtained using other methods such as topol-

ogy optimization are slated for further examination in subsequent studies. In future re-

search, there is an intention to advance the methodology by developing a generative 

design approach specifically tailored to optimize fatigue life. Additionally, leveraging 

AI and surrogate models to generate more designs in the exploitation space will be 

explored as a means to enhance the study's findings and expand its scope. 
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