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ABSTRACT: The objective of this dissertation is to evaluate the current state of the art regarding 3-D printing and digital 

fabrication in the construction sector and how they can benefit current design processes of ultra-high performance concrete 

thin shell structures. This work intends to propose an innovative approach to structural design to evaluate the potential of 

the application of evolutionary algorithms applied to shell structures design. The research work conducted introduces a 

BIM-based platform to parametrically generate a shell structure and implement a genetic optimisation algorithm over it. 

This implementation allows calculating the weight reduction of these optimised models compared to the traditional shaped 

models. Taking full advantage of the structured information and interoperability provided by BIM technologies, connecting 

finite element analysis with an optimisation module to achieve a more aesthetic and efficient form, from the structural point 

of view. The heuristic evaluates the possible solutions and selects the more suitable solutions at each step. The innovative 

component of this project is to integrate of parametric optimisation and digital fabrication within a BIM platform. These BIM-

based frameworks can help designers to better understand the impact of each design change in preliminary stages of the 

project and well as test different alternatives via a parametric modelling. 

Keywords: BIM, Topology Optimisation, 3-D Printing, Digital fabrication, Structural Optimisation 

1. INTRODUCTION 

The history of construction technology has been 

characterized by several trends. First known tendency 

was to take advantage of natural building materials like 

stone and timber, understand their behaviour, and use 

them as structural materials (Chang and Swenson, 

2014). In the 21st century, we are facing a new age of 

technology, which the Augmented Age (Conti, 2016), 

where human capabilities are being extended by 

technology, a good example of that is the 3d printing 

technology. It is now possible to explore limitless modern 

design forms (CanalHouse, 2016), considered in the 

past as conceptual; they can be materialised with the 

already existent 3D printing technology. The optimisation 

of 3d-printed structures, therefore, should substantially 

reduce the cost of construction and standardise the 

building’s fabrication process. The next step forward is 

to connect building information modelling (BIM) tools 

with optimisation algorithms to develop BIM-based 

frameworks, for structural engineers and architects 

easily explore new optimised design alternatives, and 

establish a workflow from design to digital fabrication. 

This research intends to present a novel approach in the 

design phase of different structural systems. This 

method allows taking advantage of current BIM 

modelling tools and parametric design potentialities to 

perform a material optimisation of a structural system. 

The final product will be a framework which uses current 

BIM and digital fabrication technology, by implementing 

an optimisation algorithm, connecting both modelling 

and finite element analysis. To test this framework, it will 

be presented a case study of a thin shell structure. This 

development intends that designers want to use this 

framework for their design projects to investigate the 

potential of performance-driven generative design trends 

in the industry. 

2. State of Art 

2.1. Building Information Modelling 

BIM is a model-based process that provides methods 

and tools for creating building projects faster and more 

economically (Eastman et al., 2008). Current structural 

optimisation tools do not support comprehensive 

parametric relations, in other words, parametric intents 

that are embedded in parametric Building Information 

Modelling (BIM) are not embedded in optimisation tools. 

Integration of BIM and parametric modelling is, as should 

be, the new trend in the construction industry (Rahmani 

Asl et al., 2014). One of the lacks in AEC industry is the 

inaccuracy since BIM is an object-oriented modeller in 

3D, it gives a response to this lack. BIM models 

aggregate both geometrical and object-oriented 

parametric data (Krygiel and Nies, 2008); BIM 

technology can also be extended to connect with other 

sources of information and update information within BIM 

model (Antunes et al., 2016). BIM data is much more 

consistent and nonredundant since each view is a filter 

over the model and every element has a very own 

identifier. BIM most challenging paradigm nowadays is 

the interoperability. A Boston Consulting Group report 
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(Gerbert et al., 2016) enumerates many new 

technology trends emerging as digital opportunities of 

AEC industry along its value chain. In this context, BIM 

should be considered as a pivot, both to assist current 

technology implementation and promote best practices 

to take advantage of newly developed technologies. 

There is a demand in AEC industry to establish 

standard file formats to minimise the loss of data when 

exchanging work files. The most key player is 

buildingSMART (BuildingSMART, 2016), developing 

the Industry Foundation Class (IFC), which intends to 

describe geometrical and parametrical data as an open 

file format.  

2.2. Parametric design and visual programming 

The parametric design consists in a three-dimensional 

visualisation in the space of a sum of mathematical 

constraints and objects relations. These mathematical 

limitations and relations between geometries, when 

associated with generative design offers the possibility 

to operate over conceptual stages which allow 

operating over much more beneficial results instead of 

narrow boundaries of final stages of design (Krish, 

2011). Visual programming may replace traditional 

coding with a more ease of use visual programming 

interfaces by connecting individual boxes of pre-

programmed functions, creating a desired workflow 

(Antunes et al., 2016).  

Visual programming tools, such as Grasshopper, play 

a huge role regarding to extend native BIM tools 

functionalities. This is a paradigm shift in design 

offices, it lies in considering a workstation as a 

collaborative individual, as a user extension, into the 

design process and not just an information processor 

anymore (Shea et al., 2005). These visual 

programming tools are the key to combine generative 

structural design systems with the performance-driven 

generative environment, offering synergies between 

different market software and solutions.  

2.3. Additive Manufacturing and 3D printing 

The construction industry is facing the new era of 

digital construction; this era is mainly supported by the 

evolution of the manufacturing sector; this industry is 

applying additive manufacturing (AM) in large-scale 

(Evans and Ian Campbell, 2003). AM processes are 

“additive”, in that terms the required material is 

deposited, or selective solidified by layer and no 

material is wasted in the course with the advantage of 

no high initial investment is required, and production 

costs are constant. (Buswell et al., 2008). The most 

recent example of additive manufacturing is the 3d 

printing technology. 3D printing technology in a 

particular type of AM process known as Freeform 

Construction process (Priest et al., 1997). Many 

companies are applying the 3d printing technology in 

their fabrication process, for example, a Dutch 

company is using metal sintering to print a 3d 

footbridge on a canal in the Netherlands using a six-

axis robotic arm (MX3D, 2015). 

2.4. Structural Topology Optimization 

In a mathematical domain, topology means a deformable 

matter that suffers distortions in space that can be 

formulated as transformations (Eschenauer and Olhoff, 

2001). An interesting technique is evolutionary structural 

optimisation (ESO)(Xie and Steven, 1993). This method 

iteratively tests voids within the structure, by removing 

unnecessary material and reinforcing where it is 

necessary. Designers deal with Multi-Objective 

Optimization (MOO) problems to minimise material while 

maintaining construction quality and resistance. Instead 

of following general rules of design, which may result in 

inefficient building designs, they need to develop more 

complex structures spending more efforts formulating 

their algorithms to solve their challenges. In shell 

optimisation problems, three main groups could be 

distinguished: sizing, geometry, and topology. In sizing 

optimisation, the design variables are the shell cross-

section. In geometry optimisation, nodal coordinates are 

the design variables. In topology optimisation, shell voids 

are the design variables (Khetan et al., 2015). 

2.5. Freeform shell structures 

Freeform construction with no constraints due to formwork 

design motivates developments in the implementation of 

structural topology optimisation routines. Combining both 

additive manufacturing and topology optimisation is 

possible to achieve more efficient structural systems 

(Tomé et al., 2014). Ultra-thin shell structures are 

characterised by having support capacity due to their 

anticlinal shape. Most concern is due to their stability and 

wind resistance to the adverse meteorological 

phenomenon. Although these structures have an 

enormous interest, they have been falling in disuse since 

they require complex formwork. However, with additive 

manufacturing, this obstacle can be overcome. To achieve 

very thin shell cross sections, it is fundamental to enter the 

domain of Ultra-High-Performance Concrete (UHPC). 

UHPC lead to a significant increase in the efficiency of this 

type of structures, allowing to draw even greater spans. 

These advances make it possible to introduce a new 

generation of extremely efficient shells with lower costs. 

Recent progress in the design process of thin shell 

structures is motivated by the concept of form-finding. This 

concept is related to the introduction of optimisation 

algorithms to explore free-form design process while 

minimising material cost.  

2.6. Evolutionary algorithms 

The visual nature of funicular structures suggests a link 

between generative algorithms and topology 

optimisation problems. The topology is determined by 

the nature of optimisation (shape, size or topology). 

Evolutionary algorithms (EA) are techniques to solve 

real-world challenges based on the behaviour of species. 

These algorithms are chosen by their ability to solve 

complex problems with many parameters. This 

advantage allows engineers to scale up the designing 

optimisation to bigger topologies. Based on evolution 

theory proposed by Darwin in 1859 (Darwin, 1859), the 
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genetic algorithm assembles four main rules for 

evolution: Heredity, Adaptation, Variation and 

Competition. In a binary variation, each design variable 

has a group of genes composed by 0’s and 1’s. The main 

advantages of this value encoding systems are that 

requires less memory. Although, this enables 

incorporating a broad range of complex structural 

systems and constraints. GA also has an interesting 

advantage; it can lead to solutions with almost the same 

performance, allowing users to choose between different 

solutions with the same performance index. 

3. Framework Architecture 

The purpose of this study is to develop a framework to 

assist designers in early design phases. The prototype 

of the environment is created exclusively in 

Grasshopper. Grasshopper environment is provided as 

an add-in for Rhinoceros; it allows parametric design, 

user interface design and the ability for programming in 

python using modules. Rhinoceros (McNeel, 2017) is a 

compelling graphical modelling software, following the 

Non-Uniform Rational Basis Spline (NURBS) geometry 

allowing to perform very complex three-dimensional or 

even organic shapes, which is very important for the 

development of the proposed framework. The user 

inserts the desired components in Grasshopper and links 

the function’s inputs and outputs together. Using Python 

allows implementing the genetic algorithm heuristic. This 

routine contains essential nodes to implement a genetic 

algorithm and link a structural model with FEA software, 

using Karamba plugin, to perform structural analysis. A 

conceptual model of the proposed framework is shown 

in following figure 1. This workflow enables the 

framework to receive an objective function as input and 

an initial population. After, it iterates along different 

topologies with the output from Karamba FEA. Then a 

fitness score is attributed to each. The genetic algorithm 

performs all the genetic operators such as elitism, 

tournament, crossover, reproduction and finally the 

mutation to create the next generation.  

Figure 1 - Framework conceptual model 

This enables to produce, at each iteration, a set of 

suitable solutions which corresponds to a set of 

alternative topologies to be evaluated in next FEA 

iteration. After a pre-defined number of iterations, an 

optimised topology is produced and finally is possible to 

export an entire Pareto Front from the executed routine. 

The conceptual model of the developed tool is a set of 

six modules as represented in next figure 2. 

 
Figure 2 - Framework modules in Grasshopper canvas 

This modularity is the main advantage of this visual 

programming interfaces; each module is 

independent enough to be adapted to other structural 

systems. The first group gathers the two primary 

interfaces for the user, as shown in figure 3, through 

two user interfaces (UI). The first UI is for genetic 

algorithm inputs, load parameters and load 

combination. The second UI refers to geometry. 

Since the shell is parametric, it could be adapted to 

different geometries. 

 
Figure 3 - Framework user interfaces 

The second group is responsible for the parametric 

generation of the shell structure. This module allows 

users to define the initial topology by a set of few 

parameters which will be computed as design 

constraints. Figure 4 shows the generated BIM 

model, containing both geometry parameters but 

also other multidisciplinary parameters for the 

defined shell structure. 

 
Figure 4 - BIM model of shell structure 
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The third group contains two different nodes: initial 

population and genetic algorithm. Both custom 

developed using python coding. Initial population 

node provides the initial set of random individuals. 

Each is a binary set (e.g. 101101), as considered in 

Cartesian Genetic Programming (CGP) formulation. 

This formulation sets 0’s numbers as voids (panels 

with near 0 thickness) and 1’s numbers as material. 

For each population, objective functions defining the 

problem are evaluated, and a fitness value is 

assigned. A generalised workflow for GA 

implementation is presented in figure 5.

Figure 5 - Genetic algorithm workflow 

 

The main goal is to minimise material for the given 

topology while maintaining structural resistance and 

maximum vertical displacement of the element. 

Decision variables will be self-weight, stresses range 

and maximum displacement. The fourth group is 

responsible for taking initial topology and perform a 

mass subtraction according to the given individual 

configuration. The output of this group will be an n-

dimension list will all different topology configurations 

according to given population’s individuals. The fifth 

group contains all the FEA components of the 

framework. This group analyses each different 

topology. After assembling and process FEA, this 

group sorts out the desired measurements for the 

given load cases. Since it is a shell structure, the most 

important actions considered are the dead load and 

the wind load. The last group is the implementation of 

the penalty function and assembly of fitness score. 

Although it is referred a triple objective; weight, stress 

and displacement. These objectives are combined 

with a weight function; this leads to one single 

objective optimisation for finding the maximum score. 

To take in account structural design criteria, a penalty 

system is applied to elements stresses and 

displacements. Fitness score is achieved by a fitness 

function as represented by following equation 1: 

Fitness =
𝑀 − 𝑚

𝑀
+ if(𝑑 < 𝐷, 1, −1000) 

+ if(𝑠𝑚𝑖𝑛 < ∀𝑠 < 𝑠𝑚𝑎𝑥, 1, −1000) 

Where,  

𝑀 – initial 

topology material 

𝑑 – current 

displacement 

𝑠𝑚𝑎𝑥 – maximum 

allowed stress 

𝑚 – current 

topology material 

𝑠𝑚𝑖𝑛 – minimum 

allowed stress 
𝑠 – current stress 

𝐷 – maximum allowed displacement 

Penalty factor will be applied to areas that are outside 

the proper stress ratio. For displacements, the same 

principle applies, it will be given preference to solutions 

that are under the maximum allowed displacement 

and strongly penalise solutions that exceed the 

maximum allowed. After performing the user’s desired 

number of iterations, each corresponds to the number 

of different evaluated generations in the algorithm; the 

framework chooses the best fitness individual from the 

last population which will correspond to a specific 

topology. This solution should not be considered the 

optimal solution for the proposed problem. It should be 

considered the most suitable solution, from all the 

simulated solutions, that best fit the user’s objectives 

defined by the fitness function. This is a well-known 

characteristic of EA that could be considered as a 

limitation when compared to operate based 

deterministic models. After a pre-defined amount of 

iterations, it is also possible to obtain the Pareto front 

for this topology optimisation problem and other 

graphical representations from the iteration procedure, 

which are valuable to evaluate the performance of the 

genetic algorithm in this type of optimisation 

frameworks, when applied to structural topology 

optimisation. The connection between parametric 

modelling software and databases or excel sheets 

enhances the potential to use this type of tools 

regarding other platforms since, theoretical, all the 

generated geometry, each stress distribution, 

displacement or topology weight could be extracted, 

and a different kind of operations could be performed 

outside the framework. As referred initially, the most 

commonly used file format for 3d printers is the STL 

file format. To automate this process, it was included 

an exportation module within the developed 

framework. Besides having the complete 3D geometry 

ready to be interpreted by a 3D printer, it is also 

possible to export it to a suitable BIM modelling 

software, such as Autodesk Revit.  

4. Framework Implementation 

This chapter demonstrates testing and validation of 

the proposed framework using different inputs and 

parameters.  

4.1 Geometry and Loads Definition 

This experiment tests a shell structure with eight 

meters height and twenty meters diameter in the base 

with one-meter width supports. In the same context, 

the defined material was UHPC concrete with 0.10 

meters thickness. UHPC gathers the following 

mechanical properties as summarised in table 1. Main 

loads for this type of structure were defined as self-
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weight and wind load. The initial weight of the structure 

is 50.75 tons. For genetic algorithm parameters, were 

initially defined each parameter as shown in table 2. 

  
Table 1 - UHPC mechanical 

properties 

Table 2 - Default Genetic 
algorithm parameters 

Both self-weight and wind load will be considered. To 

define wind load, since the free-form shells are not 

comparable or directly related to any of the 

configurations described in Eurocodes. For this 

reason, the experimental and numerical way, on a 

case-by-case basis, becomes the most suitable tool 

for the study of the distribution of pressure coefficients 

on the surface of this typology of structures. Following 

the extensive work of Ana Margarida (Teixeira 2016) 

for wind load effect in thin shell structures, was defined 

a pressure coefficient ranging from -1 to 1. Wind 

dynamic pressure should be defined by: 

 P =
1

2
∗ 𝑐 ∗ 𝜌 ∗ 𝜈2  

Where,  

P – dynamic pressure in kN/m2 

𝑐 – pressure coefficient 

𝜌 – specific mass of the fluid (equals to 12,5 N/m3) 

𝜈 – average velocity (e.g. equals to 27m/s from EC1 zone 

A) 

From the given values and using equation (2) the 

average wind load value used from this point forward 

is 4,56 kN/m2. Note that this a very simplistic 

approach, yet valid to analyse the performance of the 

optimisation routine. A more sophisticated analysis 

should define different pressure coefficients for each 

direction.  

4.2 Preliminary Analysis 

Before going into the optimisation results, there is a 

need to validate stress and displacements for given 

initial form using Abaqus (figures 6 and 7 respectively). 

 
Figure 6 - Principal stress distribution for the shell (in kPa) 

 
Figure 7 - Displacement distribution (in meters) 

In following table 3 is possible to evaluate the results 

from both finite element analysis software. 

Table 3 - Validation of results for base case scenario 

Analysis 
First order  Second order  Relative 

Error Karamba Abaqus Karamba Abaqus 

Displacement 

range [mm] 
0.0–28.1 0.0–27.5 0.0–31.3 0.0–30.5 3% 

Normal stress 

range [MPa] 
0.4 – 3.2 0.6 – 3.0 0.5 – 5.3 0.6 - 5.2 4 % 

This validation is required in order to proceed with the 

implementation of Karamba in optimisation routine. 

Implementation of the framework will be performed at 

two distinct levels. First, it will be used a direct 

approach, which removes material where stresses 

are lower than a pre-defined criterion without no 

evolutionary algorithms. This approach serves as a 

straightforward optimisation process. Then, second 

approach will use the designed framework. 

4.2.1 First Scenario: Direct Approach 

Starting with first approach, the result after five 

iterations is shown in figure 8; these five iterations are 

more than enough to remove all the material under 

the given stress threshold. Although this is a coarse 

representation, it demonstrates where material could 

be taken to maximise material use and minimise the 

overall weight of the shell structure. A threshold of 

7% was defined to maximise material utilisation. 

 
Figure 8 - Result of direct approach after three iterations 

4.2.2 Second Scenario: Full 

Optimization 

In the second method, which comprises the purpose 

of this work by implementing an optimisation 

framework using the genetic algorithm. This 

approach should explore more the available design 
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options than the previous one and, with that feature, 

enhance the desired material optimisation. Assuming 

as default the parameters shown previously in table 

2, after a defined number of 250 iterations the result 

of the optimisation using the framework described in 

the previous chapter gave the following topology as 

shown in figure 9. This simulation took around 

seventy minutes to achieve a maximum fitness score 

of 2.278, which corresponds to a final weight of 36.61 

tonnes, a maximum displacement of 0.047 meters 

and a maximum material utilisation of 49 percent. 

This topology is yet a very coarse representation and 

with a high content of randomness when compared 

to further analysis.  

 
Figure 9 - Exoskeleton of the optimised topology 

Until this point, every iteration over the optimisation 

framework used a set of geometrical parameters for 

the shell structure; these are chosen based on 

previous work from Ana Tomé as explained. Besides 

that, a group of other parameters, designated as 

genetic algorithm parameters were assumed as 

defaulted values. Although these default parameters 

were chosen within some tolerable range of values 

recommended by literature review, there is no 

warranty that they are the most suitable for this 

optimisation problem. In fact, the assumed default 

parameters for literature review are related to 

different disciplines of the optimisation problem and 

should not be assumed as generally recommended 

values for every optimisation problem. Each different 

optimisation problem requires a careful evaluation of 

the most suitable fitness function and for the most 

optimised set of genetic parameters. 

4.3 Sensibility Analysis 

The goal of sensibility analysis is to assess the 

influence of uncertainties in input data have on a 

given model output. Sensibility analysis techniques 

can be categorised into two different sets: global and 

local sensitivity methods. Global sensibility methods 

aim at capturing the influence of a given set of input 

parameters over the whole parameter’s space. Local 

sensibility analysis consists of altering one parameter 

value at a time to compute the sensitivity around a 

given point of interest. Since there is a considerable 

randomness in the algorithm, there were performed 

five simulations for every single change in the 

parameters to have an average value of the results, 

since randomness cancels each other, and that way 

do not fall in misleading results. There were 

performed several, in fact, thousands of simulations 

to develop this necessary analysis, this phase was 

the more time expensive step in the developing of 

this framework. The first analysis is regarding 

computational performance (figures 10 and 11) since 

this type of routines performs several finite element 

analyses, and usually, genetic algorithms are slow to 

reach the desired solution. 

 
Figure 10 - Effect of mesh size and population size for 

framework's performance 

As observed, there is an initial high increase rate of 

fitness score up to mesh sizes of 500 individuals. 

After this, the performance starts to decrease. This 

can be explained by the number of iterations used, 

which was 50. Few iterations, when compared to the 

individual's size, are known to conduct to low-

performance solutions in genetic algorithms routines. 

Regarding time consumed, above the same 

threshold, the time consumed starts to increase 

almost exponentially. In order to explain the effect of 

the number of iterations has in various population 

sizes, next figure shows that comparison of the 

fitness evolution along algorithms iterations for 

different population sizes. 

 
Figure 11 - Effect of mesh size and population size for 

framework's performance 

As observed, larger populations conduct to higher 

fitness score since they explore a greater number of 

suitable solutions at each iteration step. For all 

populations sizes there is an abrupt growth of fitness 

score for the first two hundred iterations, and then the 

growth follows a linear behaviour with the number of 

iterations, very similar for all population sizes. To 

explore the effect that individual size has on the 

fitness score for a different number of iterations, next 
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figure 12 shows this comparison of the fitness 

evolution along algorithms iterations for various 

individual sizes. 

 
Figure 12 - Comparison of fitness evolution along 

iterations for different individual sizes 

As observed, smaller populations give better results 

for fewer iterations, but for a larger number of 

iterations, larger populations provide higher fitness 

scores. It also confirms that, for the given default 

parameters, and considering the computational time, 

the most suitable solution is to choose the solution 

with nearly 500 individual length. In order to explore 

the sensibility of topology optimisation for different 

GA’s parameters, several tests were performed, 

changing different genetic operators. It will be carried 

out a sensibility analysis for each specific GA’s 

parameters (mutation factor, crossover factor and 

elitism factor) individually while the remaining stay 

defaulted as previously shown in table 2. Next 

evaluation couples, from figure 13 to figure 15, the 

evaluation of the three most important genetic 

algorithm parameters, mutation, crossover and 

elitism factor accordingly. By changing this 

parameter from 0 to 100 percent is possible to 

evaluate what is the best option for each parameter. 

Considering they are completely independent, which 

is not especially true of every optimisation process 

but is an acceptable assumption for this work. Figure 

13 shows the effect of the mutation factor to the 

fitness score. 

 
Figure 13 – Effect of Mutation factor in fitness score  

There is an initial high increase rate of the fitness 

score with the mutation factor until it reaches a 

maximum for mutation factor equals to 30 percent. 

After 30 percent, there is an overall decrease of 

performance. Note that if mutation factor is set to 0, 

after around five to six iterations (for the defaulted 

values with a population of six individuals), the 

algorithm falls into a local minimum and all the 

individuals are the same of the population and always 

have the corresponding fitness value of 2.09. Next 

evaluation is related with the effect of the crossover 

factor in the fitness score as shown in figure 14. 

 
Figure 14 – Effect of Crossover factor in fitness score  

The effect of changing the crossover factor does not 

follow a tendency like shown for mutation factor. 

However, the best suitable option for crossover factor 

is thirty percent. Last evaluation is related to the 

effect of elitism factor for the fitness score as shown 

in figure 14 

 
Figure 15 – Effect of Elitism factor in fitness score  

As shown in figure 15, elitism factor does not have 

the same tendency as the crossover. However, it 

produces shallow fitness values if set to 0 or 100 

percent. Setting elitism factor equals to 100 means 

that since the first generation, all the individuals are 

considered into next iteration, and no perturbance 

occurs into population along iterations except the 

mutation operator. If elitism is set to 0, it means that 

in each iteration, any individual is selected in this 

operation. The only best individuals that could be 

selected are the ones from tournament selection 

operation. Although, since there is no elitism factor, 

there is any guarantee that the best individuals from 

the tournament are preserved in next iterations. The 

best fitness values achieved for this analysis occurs 

for elitism factor of 20 and 50 percent. After 

performing the required sensitivity analysis is 

possible to enhance the performance of the 

proposed tool by choosing the best values to assign 

to each genetic parameter. These values are 

represented in table 4. 
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Table 4 – Optimised Genetic algorithm parameters 

 

4.4 Results 

After choosing the most suitable values for each 

parameter, a new simulation could be performed to 

evaluate the benefit of a brief pre-optimising GA’s 

parameters before going into a full topology 

optimisation. This routine took around seven hours 

and twenty minutes to reach a maximum fitness 

score of 2.486 with a final weight of 26.05 tonnes, a 

maximum displacement of 0.045 meters and a 

maximum material utilisation of 69 percent. The 

referred newly topology optimisation routine is 

represented in figure 16. 

 
Figure 16 - Optimisation using pre-optimised GA's 

parameters (left: non-smooth; right: smooth) 

The corresponding Pareto front as shown in figure 

17. 

 
Figure 17 - Pareto front for optimised GA's parameters 

As expected the results gathered from this new 

simulation were better since the GA’s parameters 

were optimised for their maximum performance by 

the sensitivity analysis. Nevertheless, note that the 

most performance increase is not related to GA’s 

parameters such as mutation, crossover or elitism 

but with population size and individual size. 

Finally, also note that the number of iterations 

performed was increased from 50 to 200 which 

have the most impact in the algorithm. This 

parameter is directly related to the evolution of the 

optimisation procedure. Following table 5 

synthesises the results comparison from non-pre-

optimising GA’s parameters with the pre-

optimising GA’s parameters solution for the given 

parameters from tables 2 and 4 respectively. 

Table 5 - Comparison of non- and pre-optimised GA's 

parameters 

 

As mentioned in framework development, this 

optimised shape can be exported as a BIM model to 

a proper modelling software, in this case, Autodesk 

Revit is a suitable solution for this mechanism. Figure 

18 represents the output geometry into BIM model 

and figure 19 the corresponding parameters. 

 

 

Figure 18 - BIM model from optimised solution (with and 

without top membrane) 

 
Figure 19 - BIM model main parameters 

4.5 Structural Performance Comparison 

After performing several runs in the optimisation 

framework, generating a new set of optimised shell 

forms, is possible to establish a preliminary 

comparison with the initially given topology. 

Considering the initial topology of the given shell 

structure and the result of the optimisation routine 

is possible to compare its structural performance 

when submitted to static loads. Following table 6 

shows this comparison in terms of material 

utilisation, maximum displacement, and stress 

range. 

Individual Size (grid blocks) 250 

Population Size 50 

Crossover Factor 30 

Mutation Factor 30 

Elitism Factor 20 

Number of runs 200 

 

Definition Initial parameters Newly parameters 

Final weight [ton] 36.61 26.05 

Maximum displacement [mm] 47 45 

Computational time [min] 70 440 
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Table 6 - Topologies comparison 

 

As observed in the previous table, there is a 

significant reduction regarding material along with a 

minor increase of maximum displacement due to a 

more flexible topology, although it still respects the 

allowed maximum displacement of 50 mm. 

Regarding stress range, there is an increase in 

material utilisation of 577 %, which it was of the main 

motivations for the development of this optimisation 

framework, to enhance material utilisation of 

structural systems. Figure 20 illustrates both stress 

and displacement distributions over the optimised 

topology. 

 

Figure 20 - Structural performance of optimised topology 

using developed framework 

4.6 Wind Load 

This chapter intends to demonstrate some 

preliminary results of the introduction of the wind load 

into the developed BIM-based optimisation 

framework to prove its potentialities when dealing 

with multiple load schemes. Until this point, only self-

weight was considered in the optimisation procedure. 

As previously referred, there is also another 

important type of load to take into consideration in 

shell structures analysis, which is the wind load. Wind 

load can be included in the analysis by changing the 

load module in the grasshopper canvas as shown in 

figure 21.  

 

Figure 21 - Load case definition in Grasshopper canvas 

Load component is given by Karamba plugin and 

features some customisation options. It is possible to 

replicate the existent gravity load definition node and 

change the load type to Mesh Load and define a 

global vector for wind. Next, wind load orientation is 

set to its global direction and an average wind 

pressure equals for all directions is assumed. 

Although it is not suitable in real situations, for the 

purpose of this work, these assumptions are fairly 

reasonable.  

Due to the shell symmetry and the assumed global 

orientation within rhinoceros environment, the 

principal directions to consider are the wind load from 

global direction both X and -X, -Y and both Z and -Z 

as represented further in figure 22.  

 

Figure 22 - Considered wind directions 

These directions should cover the main conditioning 

wind load situations for the shell structure, being 

representative of wind load and its effect to the 

optimisation routine. Nevertheless, these results 

should be considered as a preliminary approach to 

topology optimisation considering multiple load 

types.  

For each load condition, it will be presented the 

maximum displacement and minimum weight and 

also the corresponding highest fitness score 

obtained. Proceeding with further simulations for 

different wind directions, table 7 gathers results for 

the application of optimisation framework including 

wind load. 

Table 7 - Optimisation results for the inclusion of wind load 

 

From the observation of the previous table, it is 

possible to note that, for vertical wind load direction, 

the optimisation routine gives similar, although worst, 

results when compared with the ones obtained from 

self-weight only. For horizontal wind load direction, 

the optimisation routine was not able to optimise so 

further, and the results show higher values for shell 

weight which corresponds to lower fitness score 

values. As a further development of this framework, 

it could be possible to extend the existent framework 

to perform a form finding technique after the 

performed material optimisation routine. 

 Initial Topology Optimised Topology Benefit 

Weight [ton] 50.75 26.05 352 % 

Maximum Displacement [mm] 0.00 – 31.3 0.00 – 45.1 - 

Normal stress range [MPa] 0.50 – 5.27  4.00 – 73.8 577 % 

 

Wind Direction Weight [Kg] Displacement [mm] Fitness Score 

- Z 38843.97 48 ( - Z ) 2.234 

Z 38742.33 40 ( - Z ) 2.236 

- X 42799.24 
4 ( - Z ) 

98 ( - X ) 
2.156 

X 42799.79 
4 ( - Z ) 

99 ( - X ) 
2.156 

- Y 40162,21 
5 ( - Z ) 

100 ( - Y ) 
2.208 

 



10 
 

5. CONCLUSIONS 

This work has demonstrated the potential of 

combining parametric design gathered from novel 

BIM technology with evolutionary optimisation 

algorithms, particularly genetic algorithm, in order to 

achieve topology optimisation of structural systems. 

It was developed a framework which integrates the 

ability to parametrically generate a shell structure, the 

optimisation module which contains the genetic 

algorithm heuristic and the finite element analysis 

module which performs the structural analysis at 

each optimisation step.  

At each step, the output of the FEA was evaluated by 

a penalty and fitness function to produce an overall 

fitness score for the evaluated topology. This 

methodology enables GA to produce more suitable 

topology solutions for the shell structure consistently. 

There was first tested a direct approach to select only 

areas with low material utilisation to remove material 

and do not take advantage of any optimisation 

routine.  

The main methodology materialises in six different 

modules. An user interface module (to introduced 

shell parametrization and GA’s parameters); the 

geometry module (which gathered the user inputs to 

define the initial shell geometry); the genetic 

algorithm module (which performed the optimisation 

heuristic), the solid subtract module (which generate 

the boolean subtraction into the original geometry), 

the finite element analysis module (which performs 

all the structural analysis for the shell) and finally the 

last module was the fitness module (which evaluates 

the output from FEA and assign a unique fitness 

value).  

The initial properties of the shell structure shown a 

total weight of 50.75 tons, a maximum displacement 

of 2.81 mm and stresses ranging from 0.50 – 5.27 

MPa. A direct approach conducts to a maximum 

displacement of 31.1 mm and final weight of 37.37 

tons with less than 10 minutes to run. The main 

approach produced noticeable results in terms of 

material optimisation.  

This most extensive routine took around seven 

hours and twenty minutes to reach a maximum 

fitness score of 2.486 with a final weight of 26.05 

tons, a maximum displacement of 45 mm and a 

maximum material utilisation of 4.00 - 73.8 MPa. 

These results were satisfactory enough for the 

proposed objectives, and the developed 

framework achieved a proficient level regarding 

stability and modularity to adapt to another 

optimisation problem. The given results 

demonstrate an expected exoskeleton shape, 

similar to the ones that exist in nature (e. g. a leaf’s 

exoskeleton). The user interface is quite simple to 

interact with very user-friendly menus.  

The adopted methodology was also suitable for the 

proposed objective. The gathered results also 

suggest a deeper set of testing routines should be 

performed to explore minor handicaps and 

enhance its potentialities and finally, to take full 

advantage of the developed framework. However, 

when compared with traditional shell design 

methodologies, it allows exploring unknown 

shapes, achieving a superior level of aesthetics 

while reducing overall material use. This 

innovative methodology should be considered as 

a design assistance tool for thin shell design.  

The main recommendation is to implement this 

framework in a wide variety of structural topologies 

to fully explore the potential of evolutionary 

optimisation algorithms for material optimisation of 

structural systems and enhance the performance 

of the developed frame. This framework has the 

main advantage of its powerful modularity and 

parametric design along with straightforward user 

interaction. 

Since it is BIM-based, it also allows a steady 

workflow with other BIM software to allow further 

multidisciplinary analysis and parametrisation 

levels, characteristics of BIM models. Its main 

limitations are; the computational performance, 

which can be overcome with more knowledge of 

parallel computation and standalone versions of 

the developed framework; and the need for having 

both Rhinoceros and Grasshopper installed on 

user’s machine.  

As further developments, this tool should consider 

the constructive process into the optimisation 

process as a design variable. This work shows that 

the use of BIM as a database to generate all the 

parametric design inputs is a viable workflow for 

designers who seek for to understand the trade-off 

between alternative design options. Designers with 

less programming skills may experience visual 

programming tools as an advantageous alternative 

to develop their workflows and adapt software’s 

standards to their office's specifications.  

These BIM-based frameworks can help designers 

to better understand the impact of each design 

change in preliminary stages of the project and well 

as test different alternatives via a parametric 

modelling. The developed framework has the 

potential to be assembled as a BIM-based 

optimisation plugin for commercial use within 

grasshopper/rhinoceros. 
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