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ABSTRACT 

 

      The design of the frame of a freight bicycle is a 

demanding engineering problem due to the existence of a 

large amount of different decision variables which are 

divided in two kinds: discrete (e.g. tubes dimensions) and 

continuous (e.g. angles and tubes lengths). In addition, the 

problem turns more challenging due to the nature of its 

main design criteria (i.e. minimize the frame mass and 

minimize the maximum structural stress). The present 

project addresses an optimization of the freight bicycle 

through multi-objective evolutionary algorithms leaning 

on finite element analysis for structural calculations. A 

special routine has been developed in order to automate 

the communication between the finite element model and 

the multi-objective evolutionary algorithm. The multi-

objective evolutionary algorithm takes over the two 

objectives introduced previously. Two types of design 

have been approached, one composed solely of round 

tubes and other with both round and elliptical tubes. The 

latter is able to have variant cross section tubes while the 

former have constant cross-section tubes.        

     

1. INTRODUCTION 

 

      Finite element analysis (FEA) is a powerful tool to 

solve a wide range of mechanical problems. Especially, 

FEA is able to solve structural problems in order to 

determine the stress behavior of a particular body. 

Unfortunately, the commercial FEA programs that include 

optimization tools permit neither using discrete variables 

nor implement multiple objectives.   

      Evolutionary algorithms (Sarker et al. 2002) are 

searching methods based in the biological evolution 

principles widely applicated in complex optimization 

problems. In the last years, several researches have been 

developed combining FEA and evolutionary algorithms to 

obtain optimal solutions in many engineering design 

problems.  The method mentioned above was used by 

Rodriguez et al. (2005) to find an approximation to the 

optimum design of a chopper motorcycle´s frame. Abe et 

al. (2002) used FEA and genetic algorithms to improve 

the construction of tire reinforcements. Maestrelli (2008) 

and Suppapitnarm et al. (1999) used a similar approach to 

find a bicycle optimum frame’s design, minimizing the 

mass of the frame and maximizing the lateral and average 

stiffness respectively.  

 

 
Figure 1. Initial bicycle frame 

 

      The purpose of this project is to optimize the design of 

a freight bicycle frame’s that already exists in the market 

(see Figure 1). The paper focuses on the design of the 

frame, excluding the frontal and rear racks, which are 

going to be designed separate in order to take into account 

aesthetics and ergonomics. Two kinds of design have 

been developed in order to compare their results. In the 

same way as the initial solution has been manufactured, 

the first model is composed solely of round tubes with 

constant cross-section in order to obtain a low cost 

fabrication. On the other hand, the second model 

considers both elliptical and round tubes which are 

capable of having variable cross-section (area of the 

cross-section remains constant), being possible their 

manufacturing through machine press process. 

      This paper proposes a method that combines 

ANSYS
TM

 and multiobjective evolutionary algorithms 

(MOEA) to unveil an approximate Pareto frontier, taking 

into account the mass of the frame and the maximum 

structural stress during a frontal impact as design criteria. 

Due to the existence of both discrete and continuous 

parameters, special handling is required for initialization, 

mutation and crossover operators. A normalized mutation 

operator as described by Rodriguez et al. (2005) and a 

scattered crossover operator have been approached. In 

order to communicate the FEA program with the MOEA, 

a routine implemented in MATLAB
TM 

has been 

developed to automate the iterative process. The 

methodology described in this work (see Figure 2) is 

similar to the one proposed by Rodriguez et al. (2005) and 
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can be easily implemented in many other multiobjective 

engineering design applications. 

 

 
Figure 2. Optimization methodology 

 

      The paper is organized as follows: Section 2 describes 

the development of the FEA model. Section 3 presents the 

operation of the evolutionary algorithm and its 

implementation. Section 4 deals with the computational 

results and Section 5 describes the future research and 

summarizes the most important findings of the project. 

 

2. FEA SIMULATION 

 

      An analysis of the frame’s behavior is needed to 

obtain the mass and the structural stresses distribution. 

Those design criteria permits classifying a particular 

solution among a population generated by the 

evolutionary algorithm. FEA and EA coupling permits the 

process mentioned above be done programmatically. 

      The FEA model simulates the mechanical behavior of 

the whole frame structure under a defined load case. In 

this work, the simulation calculates forces, moments and 

reactions that are transmitted to the frame through the fork 

during a frontal impact. Several works (Duran, 2008; 

Peterson et al., 1986) have been made using frontal 

impact as principal load case. In addition, ASTM F2711-

08 (2008) suggests frontal impact as a standard testing 

method for bicycle frames. Additionally, the model 

considers the weight of the rider and the maximum loads 

permitted by the initial frame specifications over the 

frontal and rear racks. Rider induced loads are based on 

those proposed by Bolourchi et al. (1985) using an 

amateur rider in order to approach to the appropriate user 

of a freight bicycle (see Figure 3). Although the pedaling 

forces considered by the FEA model put the frame under 

torsional loads, the torsional stresses generated are 

minima as compared to the bending stresses present 

during frontal impact with loaded racks. For this reason 

the torsional stiffness criterion is left out the model. This 

consideration could vary if the bicycle is under 

competition conditions (e.g. Sprint) where the pedaling 

forces are much more considerable.  

 

 
Figure 3. Load case illustration 

 

      Two FEA models have been developed. The first 

model consists of round tubes with constant cross-section 

(tubes of the initial solution). The second model consists 

of elliptical tubes with variable cross-section. This latter 

model was developed in order to obtain lower stresses 

under the same load case, taking advantage of the superior 

area moment of inertia that an elliptical tube has in 

comparison to a round tube of equal mass. 

      Rodriguez et al. (2005) used ANSYS to simulate the 

frame’s behavior and to calculate the design criteria. 

However, in present work, the structural stresses are 

calculated outside ANSYS using MATLAB in order to 

accelerate the running time. Nevertheless, the mass is 

completely calculated on ANSYS. 

 

2.1. Geometry Generation 

 

      The geometry of the frame is modeled using the 

dimensions and angles of the initial solution presented 

previously. In order to obtain feasible solutions during 

optimization process, the domains of the different decision 

parameters are given beforehand. Due to the existence of 

mass minimization objective, is important to define a 

fixed frame size in order to avoid undesirable dimensions. 

In this work, the authors define a frame size of 50 cm 

(Seat tube length), which is equal to the initial solution 

dimension. In addition, top tube length is expressed as a 

function of the frame size, improving the bicycle comfort 

according to size tables suggested by Moulton (2005). 

However, the fork angle domain is determined by Wilson 

et al. (2004) suggestions, taking into account the stability 

and the maneuverability of the bicycle (with no offset). As 

well as the initial solution, ASTM-A1010 hot rolled steel 

is chosen for the fork and ASTM-A1008 cold rolled steel 

is chosen for the remaining frame tubes. 
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2.1.1. Round Tubes Model Geometry 

 

      Having fixed the frame size, 19 decision parameters 

are defined. Those decision parameters are classified as 

discrete or continuous (see Table 1). On one side, 

continuous parameters represent the angles, lengths, and 

relative positions of the tubes that shape the frame. On the 

other side, commercially standardized tubes are 

represented by discrete parameters. In addition, a dummy-

binary decision parameter is defined representing top tube 

2 existence, with the aim of evaluating the tube 

functionality. 

 

 
Table 1. Decision parameters 

 

      Since custom tube geometry construction will 

increment bicycle cost, commercially standardized tubes 

are selected using outer diameter and wall thickness as 

classification parameters (Avallone et al., 2006). Nine and 

Twenty-one standardized tubes were selected for hot-

rolled and cold-rolled steel tubes respectively. In addition, 

following Rodriguez et al. (2005) tubes ordering criterion, 

the first moment of inertia is considered. But also, the 

tube diameter is taken into account, resulting in l/c ratio, 

where l is the first moment of inertia, and c the tube 

radius. This proposed ordering criterion will describe a 

better ranking for tube stiffness. 

   

2.1.2. Elliptical Tubes Model Geometry 

 

      Due to the conflictive nature of the design parameters 

chosen above, decreasing frame mass without increasing 

structural stresses is an exhaustive task. Using elliptical 

tubes instead of round tubes will increase first moment of 

inertia (second moment of area) on y-axis IYY (see Figure 

4). However the first moment of inertia on x-axis IXX will 

be affected by a decrease in its magnitude. For this 

reason, appropriated tube orientation will result on lower 

structural stresses (bending stresses specially) without 

increasing the area of the cross-section (i.e. tube mass 

remains equal). As a result, elliptical tubes are considered 

in order to improve multi-objective optimization.  

 
Figure 4. Elliptical tube illustration 

 

     Nevertheless not all the tubes that shape the frame are 

able to have an elliptical cross-section because of 

functionality factors (e.g. head tube round cross-section is 

necessary for the fork to steer). Top tube, top tube 2, seat 

tube and down tube were chosen to be able of having 

elliptical cross-section according to Wilson et al. (2004) 

suggestions. In order to make this possible, the domains 

of the respective decision parameters were extended to 

elliptical cross-sections. Each elliptical tube chosen for 

the domains has an equivalent round tube (i.e. round and 

elliptical tubes share the same magnitude of cross-

sectional area) that belongs to the set of commercially 

standardized round tubes appointed in section 2.1.1. 

Specifically, 3 elliptical tubes were defined per each 

round tube. Those 3 tubes correspond to dmin/d ratios of 

0.80, 0.72 and 0.63 (where d is equivalent round tube 

diameter: see Figure 5) giving rise to an 81 elliptical and 

round tubes domain. In addition, each elliptical tube was 

divided in 5 different sections capable of having their own 

type of tube. The purpose of this is to generate, through 

evolutionary algorithm, variable cross-section tubes that 

tend to homogenize the stress distribution along the body. 

However, each tube is restricted to have the same 

magnitude of cross-sectional area in its 5 sections. 

Constant magnitude of cross-sectional area will allow 

tubes to be manufactured through machine press process 

without using welding. 

 

 
Figure 5. Elliptical tube samples 
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      A total of 36 decision parameters are defined, which 

19 correspond to decision parameters appointed in section 

2.1.1, and the 17 remaining parameters correspond to 

discrete sections for elliptical tubes. The authors realize 

that 36 decision parameters will be problematic for the 

evolutionary algorithm. For this reason a down-sizing of 

parameters will be explained in section 3. 

 

2.2. Meshing 

 

      The chosen element type and the level of refinement 

are important issues to take into account during the 

meshing process of a FEA model. Rodriguez et al. (2005) 

used a tetrahedral solid element for meshing a motorcycle 

frame. This element was selected due to the complexity of 

the different parts that shape a motorcycle frame (i.e. 

plates, tubes and fillets). In contrast, the frame designed in 

this work is shaped solely of round tubes (first model) and 

elliptical tubes (second model) giving the opportunity to 

use beam and pipe meshing elements, which will decrease 

number of elements, matrices sizes and finally, the 

running times without loss of information. 

      PIPE16 (ANSYS Inc., 2009) is a linear elastic element 

representing a straight thin-walled pipe (i.e. round tube). 

This element was selected for the first model due to its 

tension-compression, torsion and bending capabilities. 

PIPE16 is a special case based on BEAM4 (ANSYS Inc., 

2009) meshing element which represents a generic 

straight beam with the same capabilities of PIPE16. 

BEAM4 was chosen for the second model due to its 

generic cross-section capable of adopting an elliptical 

tube shape based on equivalent cross-sectional area, first 

moments of inertia and beam thicknesses. Due to their 

shared nature, PIPE16 and BEAM4 results must be 

identical when simulating the same structure.  

      On the other hand, structural percentage error in 

energy norm (SEPC) is convergence criterion widely used 

in the literature for defining the level of refinement. This 

criterion measures the energy error due to mesh 

discretization which can vary amply depending on user’s 

defined meshing parameters (e.g., element geometry: 

tetrahedral, pyramid, prism) specially using solid and 

shell elements (ANSYS Inc., 2009). PIPE16 and BEAM4 

are line elements with fixed geometry whose meshing 

refinement depends solely on element size and local 

refinement. That is the reason why ANSYS does not 

calculate the energy error for this type of elements.  

      In order to avoid using SEPC as convergence 

criterion, a simpler method is proposed. The method 

consists on monitoring structural behavior of the FEA 

model for several element size (or number of elements) in 

order to determine an appropriate refinement level. The 

refinement level cannot be too high because of 

computational cost, but not too low either in order to 

obtain accurate results. As shown in Figure 6, average and 

maximum stresses (over the fork) are calculated in 

function of refinement level (i.e. number of elements) 

using initial frame configuration. A 6000 elements model 

was selected (for both meshing elements) as an 

appropriate refinement level. Under this level, the results 

will be inaccurate due to insufficient discretization. Over 

this level, the computational cost will be increasing 

without a significant improvement in results.  

 

 
Figure 6. FEA convergence: average and maximum 

stresses vs. number of elements. 

 

2.3. Solution 

 

      According to multiple design criteria defined 

previously, frame mass (m) and maximum Von Mises 

stress (seqv) are calculated through finite element 

analysis. FEA methodology solves a system of linear 

equations that describes the mechanical behavior of the 

bicycle frame. The mentioned system of equations is 

governed by strain-stress equations and virtual work 

principle equations (Reddy, 2006; ANSYS Inc., 2009). 

The first group of equations states that the stress is related 

to the strain by: 

 

                                          (1)    
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where    is the stress vector,    is the elastic strain vector 

and D is the elastic stiffness matrix or strain-stress matrix. 

The second group of equations states that a very small 

change of the external work due to the applied loads must 

be equal to the change in the internal strain energy as 

follows: 

 

                                      (2) 

 

                                            (3) 

 

where   is the internal strain energy,    is the external 

work produced by distributed loads,    is the external 

work produced by point loads,   is the structure volume, 

  is the virtual operator,     is the vector of displacements, 

P is the pressure vector,    is the area under pressure 

loads and F is the force vector. 

 

3. THE MULTI-OBJECTIVE EVOLUTIONARY 

ALGORITHM 

 

      Evolutionary algorithms (EAs) are a group of methods 

used to solve a wide range of search and optimization 

problems. An EA simulates the evolution of a population 

structure during process of selection and mutation, based 

on the principles of nature selection and evolution 

(Spears, 1998). As generations evolve, population 

solutions are improved according to a pre-defined 

objective or fitness function.  

      Multi-objective evolutionary algorithms (MOEAs) are 

EA-based algorithms that permit the existence of multiple 

objectives. These algorithms generate a wide range of 

non-dominated solutions, allowing the decision makers to 

select an optimum solution according to their own 

preferences (in terms of the importance to be given to 

each objective). One of the most representatives MOEA is 

NSGA-II. Proposed initially by Deb et al. (2002), NSGA-

II is an elitist genetic algorithm which only favors 

solutions with better fitness value. In this work, a 

controlled elitist genetic algorithm is implemented using 

the MATLAB
TM 

Global Optimization Toolbox
TM

. The 

controlled elitist is a variant of NSGA-II (MathWorks 

Inc., 2008) which besides of favoring the solutions with 

better fitness values, also favors solutions that contribute 

to increasing the diversity of the population regardless of 

their fitness values. The diversity of the population 

contributes to the convergence of the Pareto frontier 

which is the algorithm output. 

      Figure 7 shows the multi-objective evolutionary 

algorithm used in this work. The algorithm starts by 

randomly initializing the population Q(t) (step 2). Next, 

the algorithm fixes a zero-value to the parents P(t) of the 

initial population (step 3). In step 4 the main loop repeats 

until the maximum number of generations is reached. 

Inside the main loop, the parents P(t) and the population 

Q(t) are combined (Step 5) in order to calculate their non-

dominated rank F(t) and their distance measure D(t) 

(steps 6 and 7). Next, F(t) and D(t) are used to select 

(controlled elitist) the next generation of parents P(t+1) 

(step 8). Mutation and crossover operators are applied to 

the parents P(t+1) (steps 9 and 10), generating a new 

group of individuals C(t) (step 11) which are evaluated in 

step 12. Finally, C(t) and P(t+1) are combined (step 13) 

in order to select from them the next population Q(t+1). 

This algorithm has been implemented using 

gamultiobj function available on MATLAB
TM 

Global 

Optimization Toolbox
TM

 (MathWorks Inc., 2008). 

 

 
Figure 7. Multi-objective evolutionary algorithm 

 

3.1. Controlled Elitist Selection 

 

      The controlled elitist selection is based on two criteria. 

The first criterion is the non-dominated rank which 

establishes domination relations between solutions of a 

population (e.g. solution ‘a’ is dominated by ‘b’ but non-

dominated by ‘c’). This criterion will permit to identify 

which solutions are non-dominated and select them using 

an elitist way. In order to control the elitism created by 

the non-dominated rank criterion, the distance measure 

criterion will favor solutions which are relatively far away 

on the front (MathWorks Inc., 2008). This will contribute 

to the diversity of the population, approaching to a less 

locally-populated Pareto frontier. 

 

3.2. Data Structure (Chromosome) 

 

      A vector of real and integer values is used to describe 

the frame’s continuous and discrete decision parameters 

respectively. The vector (i.e. the chromosome) is shown 

in equation (4). 
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             (4) 

 

for      . The chromosome notation is based on that 

proposed by Rodriguez et al. (2004), where N is the 

population size, L the number of decision parameters,   
 
 

the gene   of individual  , and    and    are the index sets 

of real and integer parameters respectively. 

      Knowing beforehand the positioning of integer and 

real parameters on the chromosome, mutation and 

crossover operators were carefully implemented in order 

to generate solutions with the appropriate structure. 

Because of the fact that MATLAB
TM 

Global Optimization 

Toolbox
TM

 only works with continuous decision 

parameters, it was necessary to extend the existing multi-

objective algorithm to integer decision parameters.  

 

3.3. Crossover Operator 

 

      Crossover operators create new individuals combining 

the genes of two or more parents. For the proposed 

algorithm,  single-point and scattered crossover operators 

were considered. Generally, the crossover operator is 

applied only to a percentage of the parent population. 

That percentage is called crossover fraction and it is 80% 

for the proposed algorithm. Scattered operator is chosen 

due to its better results. This operator consists in 

combining the genes of two parents creating a random 

binary vector and selecting the genes where the vector is a 

1 from the first parent and the genes where the vector is a 

0 from the second parent (MathWorks Inc., 2008). 

 

3.3.1. Elliptical Tubes Model 

 

      For the first model (i.e. using round tubes) the 

scattered crossover operator is applied as explained 

above. On the other hand, a special treatment is given to 

the second model (i.e. using elliptical tubes) due to its 

large number of decision parameters. A large number of 

parameters will be problematic, especially when finding 

randomly feasible solutions. For that reason, a down-

sizing of parameters is applied to the second model, 

focusing on those parameters that represent the five 

discrete sections for each elliptical tube (i.e. top tube, top 

tube 2, down tube and seat tube: see Section 2.1.2). The 

down-sizing considered these decision parameters 

because finding a feasible solution (i.e. the five sections 

must have equal cross-sectional area) will take much 

more time than generating feasible solutions with 

intelligent crossover operator. For that reason, our 

crossover operator takes the five sections for each tube 

from just one parent, becoming 5 decision parameters in 

one. With this, the number of decision parameters will be 

reduced from 36 to 19 and finally, elliptical tubes will 

preserve equal cross-sectional area along their bodies.  

      In addition, is important to highlight the fact that the 

creation function has also been especially operated, in 

order to create elliptical tubes with equal cross-sectional 

area but with different dmin/d ratios (see Figure 4) along 

their five discrete sections.  

 

3.4. Mutation Operator 

 

      Mutation operator is applied to the parent population 

in order to explore unknown regions of the solution space. 

For the proposed algorithm, 80% of the parent population 

is taken to apply crossover operator, 2 parents are elite 

children (i.e. parents with the best fitness function that  

automatically survive to the next generation) and the rest 

are taken to apply mutation operator. With large size of 

population, this mutation fraction will tend to 20%.  

      The proposed mutation operator is similar to that 

considered by Rodriguez et al. (2004). The operator 

consists in a normally-distributed mutation which 

generates diversified solutions that respect the genes 

domains. For real-valued genes, mutated child i-th gene 

   
 
 behaves as follows. 

 

   
 
  

  
   

  
  

    
  
  
  
   

     
      

  
      

  
      

    

     
     
     

    (5) 

 

where         ,           ,    and     are the 

upper and lower bounds of the i-th gene domain,    is the 

domain of the gene    and       according to 

Rodriguez et al. (2004) suggestions. On the other hand, 

for integer-valued genes, mutated child i-th gene    
 
 

behaves as equation (5) using   instead of   where  

     . This mutation operator will cover a wide range 

of gene’s domain, preserving the diversity of the 

population and keeping children closer to their parents in 

order to exploit existing solutions.  

 

3.4.1. Elliptical Tubes Model 

 

      As mentioned above, the second model requires a 

special treatment due to its large number of decision 

parameters. In this case, the mutations that are given to 

elliptical tubes sections are restricted to a smaller domain 

in order to preserve the same cross-sectional area along 

the tubes. Nevertheless, each section is able to mutate to a 

new cross-section as long as the area remains constant.       

This intelligent generation of solutions will be much 

efficient than a restrictive generation because finding a  

feasible solution in the latter way will be harder and 

probably will take much more computational time than 

the former one. 

 

 



Approximation to the Optimum Design of a Bicycle Using FEA and MOEA 

R. A. Casas, A. L. Medaglia, J. P. Casas  

 

 
7 

 

3.5. Fitness Function 

 

      A multi-objective evolutionary algorithm was 

implemented for this work due to the existence of two 

design criteria as minimization objectives: the bicycle 

frame mass (m) and the maximum Von Mises stress 

(seqv). The interest of the paper lies in the conflictive 

nature of those two objectives (e.g. a decrease on tube 

mass will increase the stresses and vice versa). On the 

other hand, the maximum equivalent stress was chosen as 

an objective because the Von Mises yield criterion is 

applicable for ductile materials (e.g. cold-rolled steel) and 

permits to describe the effect of combined stresses (axial, 

torsional, shear and bending) over a body.  

      However, due to the fact that frame is made of two 

materials (i.e. hot-rolled steel and cold-rolled steel),      

is chosen as stress criterion (where    is safe factor) 

instead of the Von Mises stress magnitude because the 

former criterion is a relative measure of how close is a 

body to yield, while the latter criterion is not relative (e.g. 

a 160 MPa stress will be closer to yield in cold-rolled 

steel than in CrMo steel).  

      The algorithm output is a Pareto frontier composed by 

different chromosomes which are expected to be Pareto 

optimum. This means that there exists no other feasible 

chromosome in the solution space that will improve one 

criterion without affecting the other one. Finally, in 

contrast to the mass of a particular solution, which is 

completely calculated in ANSYS
TM

, the maximum      

ratio is calculated outside ANSYS
TM

 using MATLAB
TM

 

because the mathematical software is able to do this duty 

faster than the FEA software. 

 

3.6. Implementation 

 

      The implementation of the evolutionary algorithm and 

its interface with ANSYS
TM

 has been made in 

MATLAB
TM

 through the Global Optimization Toolbox
TM

 

available in the software.  Global Optimization Toolbox
TM 

provides searching methods for problems that contains 

multiple maxima or minima (MathWorks Inc., 2008) 

including among others multi-objective evolutionary 

algorithms such as the controlled elitist genetic algorithm 

presented previously.  

      Several MATLAB
TM

 scripts have been developed for 

the appropriate evolutionary algorithm. The function 

gamultiobj is used to implement a generic multi-

objective evolutionary algorithm based on 
initialPopulation.m, scatteredCrossover.m 

and normMutation.m functions which represent the 

creation function, the crossover operator function and the 

normalized mutation function respectively (outlined in 

sections 3.3 and 3.4).  

      In addition, gamultiobj calls objectiveFunc.m 

function which is in charge of evaluating frame designs 

and penalizing infeasible solutions. Besides this, the 

function extends to compileAnsysFile.m function 

which implements the interface between ANSYS
TM 

and 

MATLAB
TM 

as shown below. The 

compileAnsysFile.m function generates an APDL 

input file which is based on chromosome information. 

After this, ANSYS
TM

 simulation is executed through 

batch mode and a text file is generated. This file contains 

the frame mass (m) and extra information required to 

compute the stresses. Finally, objectiveFunc.m 

function computes the maximum      ratio and returns 

the frame performance to gamultiobj function. 

 

4. COMPUTATIONAL RESULTS 

 

4.1. Parameter Selection 

 

      Extensive experimental tuning of evolutionary 

algorithm parameters has been developed taking 

advantage of the short FEA simulation times (~2.6 

seconds in a computer with an Intel Core i3 processor 

running at 2.10 GHz with 4GB of RAM) in comparison to 

those reported by Rodriguez et al. (2004) and Rodriguez 

et al. (2008) which are around 8 minutes. In order to 

accelerate the process, a model with 300 elements (~0.7 

second per solution) is used for parameter tuning. Since 

solutions generated during experimental tuning are not 

considered as final results, a smaller model (i.e. 300 

elements instead of 6000) can be used for tuning without 

loss of information. 

 

 
Table 2. Evolutionary algorithm parameters 

 

      In order to compute the number of generations (T), the 

algorithm was set to run without stopping criterion. T was 

fixed on that generation number whose average change in 

Pareto spread has been under a tolerance of      during 

~50 consecutive generations as suggested by MathWorks 

Inc. (2008). Pareto spread (see Deb, 2001: Deb et al., 

2002) is a performance measure which describes the 

diversity of the solutions belonging to the Pareto-optimal 

front.  

      A simple genetic algorithm (simpleGA) similar to that 

proposed by Rodriguez et al. (2008) was implemented 

using ga function available on Global Optimization 

Toolbox
TM

 in order to obtain the optimum crossover 

fraction (pc). A simpleGA was used instead of the MOEA 

due to computational time restrictions. Several levels of 

crossover fraction  [0,1] were simulated using equal level 

of weighting for both objectives (see Rodriguez et al. 

2004). With a fixed number of generations, the algorithm 
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found better results with         which is really close 

to those proposed by MathWorks Inc. (2008) and 

Rodriguez et al. (2008) which are around 0.8 for both 

references. 

     Due to time restrictions, population size is the only 

parameter whose selection is done based on previous 

studies (MathWorks Inc., 2008: Deb et al. 2002). A 

population size of       is selected. Additionally, the 

Pareto-fraction parameter (i.e.     the maximum fraction 

of individuals from population that are able to be on the 

Pareto front) was experimentally selected. Values of 0.35 

0.5 and 0.7 were considered. A value of 0.35 was selected 

due to its better results (i.e. average Pareto spread). 

 

4.2. Proposed Designs 

 

      Figure 8 shows non-dominated designs for models 1 

and 2 (i.e. round tubes and elliptical tubes respectively) 

obtained through the controlled-elitist genetic algorithm. 

Those designs shape the Pareto front in comparison to the 

initial solution which is clearly dominated by the 

complete frontier (for both models). The reader can 

observe that criteria space is not convex for both models, 

leading to some problems when weighted fitness function 

is used (i.e. Pareto optima solutions can not be reached) as 

Rodriguez et al. (2004) mentioned. 

 

 
Figure 8. Non-dominated designs for proposed models 

compared to initial solution. 

 

      As can be seen in Figure 8, the round tubes designs 

are dominated by elliptical designs in a large part of the 

frontier. That is because elliptical tubes allow the frame to 

resist higher loads without increasing the cross-sectional 

area of the tubes (i.e. tube mass). In order to improve the 

bicycle design using both criteria (m and 1/SF), designs 

A, B and C were proposed (see Table 3). Those designs 

improve the initial solution in both mass and maximum 

stress as mentioned below: design A presents a 40% mass 

(m) reduction and a 6.8% stress (1/SF) reduction; design 

B presents a 23.3% mass reduction and a 27.1% stress 

reduction; design C presents a 8.7% mass reduction and a 

53.2% stress reduction. 

 

 
Table 3. Computational Results 

 

      The decision-maker can select from those designs the 

best solution according to his own preferences. If a lighter 

frame and low cost of materials are desired, the design A 

is recommended. On the other hand, if a resistant frame 

with high safety factor is desired, the design C will be 

appropriate. However, if the preferences are balanced, 

design B will be recommended. Figure 9 and 10 show 

resulting geometries for design A and B respectively. 

Note that design A is made completely of round tubes, 

while the design B is made of both round and elliptical 

tubes. Although Figures 9 and 10 do not contain the 

frontal and rear rack, those structures were considered in 

the analysis and their weight is incorporated within 

results. 

 

 
Figure 9. Resulting geometry for design A. 

 

A dynamic analysis is left out of the simulation due to 

computational requirements. For that reason, a fatigue 

analysis needs to be done in order to compute the effects 

that cycling loading will have over the frames. However, 

the safety factors chosen for our designs (SF>3) are 
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adequate enough according to fatigue considerations (see 

Hibbeler, 2006). 

 
Figure 10. Resulting geometry for design B. 

 

 

5. CONCLUSIONS AND FUTURE RESEARCH 

 

      Several conclusions about the mechanical behavior of 

the bicycle frame can be appointed studying the solutions 

found by the evolutionary algorithm. Combining large 

outer diameters with thin walls seems to produce better 

results than thick-walled tubes with smaller outer 

diameters. Top tube 2 existence contributes to the 

structural performance of the frame, especially when the 

tube is configured as shown in Figure 11. In the presence 

of Top tube 2, Top tube is able to have lighter tubes. A 

greater head tube length significantly reduces the stresses. 

As expected, elliptical sections with largest dmin/d ratios 

are located near to the tube’s connections (e.g. connection 

between down tube and head tube). That is because the 

largest stresses are evidenced usually in the tubes 

extremes. Better results are reported when top tube 

positioning is completely horizontal.  

 

 
Figure 11. Optimum positioning of Top tube 2. 

 

      Two Pareto frontiers were found using a controlled 

elitist genetic algorithm requiring ~200.000 visits to the 

fitness function per each model. Even though, 

convergence and diversity measures were approached (see 

Deb et al. 2002), the Pareto optimality cannot be proved 

certainly. For that reason, dynamic parameter tuning (i.e. 

algorithm parameters can be changing while MOEA is 

running; see Eiben et al. 1999) can be an option in order 

to explore new solutions that are still undiscovered.  

      Although designs obtained with the proposed 

evolutionary algorithm are expected to be Pareto optimal 

solutions, more accurate results can be obtained using 

solid elements (see ANSYS Inc., 2009: Rodriguez et al., 

2004). Nevertheless, using solid elements, the 

evolutionary algorithm cannot approach to Pareto 

frontiers as shown in Figure 8, because, the computational 

time required for that task will be about hundred times 

longer. For that reason, the individuals obtained in the 

present work can be used as part of initial populations for 

future algorithms implementing solid elements. 

      In order to avoid calling FEA evaluation for each 

solution, the evolutionary algorithm can be combined 

with approximate evaluation. This approach tries to find 

new chromosomes using an approximate evaluation of the 

design criteria without calling FEA simulation. A 

decrease on computational time will be an advantage of 

using approximate evaluation combined with FEA. With 

this purpose artificial neural networks (see Braspenning et 

al. 1995; for application: Rodriguez et al., 2009) can be 

implemented in order to improve results in less 

computational time. 
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