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Abstract

The reduction of emissions from the construction industry plays a substantial role in the global efforts
to mitigate climate change. While lowering the overall construction output is likely the most effective
solution, reducing the environmental impact of building materials, extending the lifetime and cycle of
materials as well as the optimization and high utilization of structural elements are additional relevant
options. With reference to the findings of a prior literature study, current research on the structural
optimization of wooden building components is showing a predominant use of computationally cheap
objective functions, a low focus on relevant variables, like the orientation of material, and limitations in
structural analysis methods. While finite element methods and the consideration of orientation variables
in a minimum compliance problem, for example, are state of research in high-tech industries, a low
availability of open-source code limits the practical implementation. To counteract this, the present study
introduces an approachable and accessible structural optimization framework for wooden building
components that can be used in a wide range of applications. The framework is developed in Python
programing language and bridges a genetic algorithm with structural analysis capabilities found in the
commercially available finite element software ABAQUS FEA. It presents a unified solution combining
established processes of finite element analysis, optimization algorithms and 3D model generation and
is implemented for the optimization of a multilayered structural element made from oriented strand
board. The specific structural performance of the structurally optimized building component in relation
to a conventional component is compared and verified through a calibrated finite element material model
based on large and small scale experiments.

Keywords: topology optimization, shape optimization, structural optimization, genetic algorithm, finite element analysis,
timber, engineered wood, structural element

1. Introduction

Due to the swift rise in global surface temperature, now standing at 1.1°C above preindustrial times, the
window of opportunity to counteract irreversible damages to the planet’s ecosystem is rapidly closing.
Urgent steps must be taken in the near future to reduce CO; emissions, ensuring both human well-being
and planetary health [1]. With more than one third of global CO, emissions (37%) contributed to the
construction sector, especially in relation to used materials (approx. 9%), the importance of climate
resilient development in the building industry is not to be questioned [2]. While the reduction of
emissions coming from building operations are equally relevant, this work will focus on the material-
related reduction of the matter.

To reduce the impact of constructions on our environment, several strategies are applicable. While the
overall reduction of output, e.g. new building constructions, would have the greatest impact, this
possibility is seen as rather unlikely in the near future due to predominantly social and economic reasons.
We can therefore narrow our scope to three realistic options: (1) Conscious material choices and
fostering of biobased and natural materials, (2) Extension of material use time within one life cycle and
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enablement of circular use for several life cycles, and (3) Increase of material utilization, further referred
to as structural optimization (SO). While the shift to natural and bio-based materials is accompanied
with a number of advantages, this could result in large environmental loads on forests and surrounding
ecosystems. Therefore, a conscious use of planetary resources is a prerequisite for further development
and will be addressed in the context of SO of wooden building components.

1.1. State of Research

While structural systems with high material utilization have been an essential practice throughout
history, starting from the early 19% century up until now, economically efficient building materials have
been highly available for modern construction [3]. Studies [4] show that at the current time, the
overdesign of structural systems is common practice, with the ease of construction often valued higher
than the time consuming design of efficient structural systems. Much can be learned from historic
constructions in terms of material efficiency, yet the implementation of state-of-the-art high-tech
approaches could lead to even higher material utilization in building components. Since the beginnings
of development of SO techniques in the 1870s, with pioneering works of Maxwell [5] and Michell [6],
advances in SO algorithms, starting off in in the 1970s, are attributed to Berke and Khot [7], Bendsee
and Kikuchi [8] and Bendsee and Sigmund [9], with increasing advancements up until today. While the
so called deterministic optimization methods, including the works on gradient based methods like the
Method of Moving Asymptotes (MMA) and Optimal Criteria (OC), are effective approaches when it
comes to well defined problems [10], probabilistic optimization methods, e.g. genetic algorithm (GA),
show a wide range of applications and perform well in black box problems where the function of a
problem is not known [11].

Following, exemplary presented literature for SO strategies will give an overview on the field, with the
authors further referring to a comprehensive summary [27] performed in advance. Even though SO
methods are widely adopted within commercial software, practical implementations mostly involve
linear isotropic material models [12]. Since the orientation of an anisotropic material is crucial for the
high utilization of a component, the research on SO with anisotropic materials, e.g. laminated composite
as found in high tech industries, usually focuses on optimization of the orientation with common SO
techniques being the optimization of ply layup [13], element orientations [14] or the combination of
orientation and density [15]. When it comes to the SO of anisotropic construction materials like wood-
based materials, literature can be found on the layout and sizing optimization of flooring systems [16],
frames [17] and beams [18]. SO techniques with potentially higher utilizations are found in regard to the
optimization of varying strength grade [19], SO of the middle layer [20] or continuous cross section
optimization [21] of glue laminated timber beams or in SO approaches for wooden slab elements [22].
While the SO of orientation is researched on trusses [23], [24] or robotically manufactured timber
structures [25], [26], accessible approaches on the orientation optimization within a solid building
component made from wood are currently not known to the authors. Based on the results of prior
literature [27] approx. 80% of the literature on SO of anisotropic materials focuses on the development
of algorithms and numerical studies of optimizations tasks. Only 5% of the presented research was
conducted on the development of prototypes or other experimental constructions. This current state of
limited practical implementations can be explained by the low accessibility of algorithms. Furthermore,
the assessment shows that 8% and 18% of the optimization algorithms and frameworks presented within
literature were found to be directly or partially accessible through open-source code, respectively.
Researchers working on practical implementations of SO building components would benefit greatly
from accessible algorithms, giving the presented research within this paper a high value.

1.2. General Idea and Choice of Platform

This study proposes an accessible framework, the Structural Timber Optimizer (STO) to optimize the
structural performance of wooden building components. STO unifies strategies found in high-tech
industries in a multi-functional and easily adoptable framework for use in the construction industry. The
presented SO framework can be implemented to optimize for example the orientation of OSB panels in
a multi-layered wall element or in and adapted version also for other anisotropic multi-layered building
materials like CLT and for different building components. Taking advantage of meshing algorithms
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found in commercial FE software, STO discretizes a 3D model in smaller elements needed for the FE
structural analysis, as shown in Figure 1. Through optimization with a genetic algorithm (GA), ideal
material orientations in each element can be generated and further interpolated to manufacturable
elements. As conventional engineered wood products (EWP) like cross laminated timber (CLT) make
use of alternating 0° and 90° orientation in the different layers of a wall element, this reference
orientation will be used to benchmark the optimized wall element. With the high accuracy of the FE
analysis, the material model can be verified comparing experimental tests to the simulated environment
and be later also used for precise dimensioning.
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Figure 1: Process sketch of the Structural Timber Optimizer (STO).

Within several case studies the authors compared different platforms and structural analysis tools on
their applicability for SO, as shown in Table 1. While Rhinoceros 3D (Rhino) and its visual scripting
language Grasshopper are commonly used platforms among researcher in the field of architecture
engineering and construction (AEC), plugins for structural analysis, like Karamba3D are lacking key
features e.g. the interaction between two solid elements found to be crucial for the presented use case.
Other tested software like RFEM and FEM Design in connection with Grasshopper were similarly
limited when it came to solid elements and had a low efficiency in combination with Grasshopper. Since
Grasshopper and Rhino are widely adopted in AEC and integrate well in existing workflows, efforts
were made to develop the framework in Grasshopper, with the limitations in terms of structural analysis
leading to further development in the programming language Python. This allowed the integration of
ABAQUS as the structural analysis software including its large set of capabilities, native Python
environment and a large online documentation and community.

Table 1:Platforms and structural analysis software tested for the STO framework.

Karamba 3D FEM Design RFEM ABAQUS
Programming Language Grasshopper Native | API: C#, Grasshopper | APIL:Python,C#,Grasshopper | Python 2 Native Scripting
Structural Elements 1D /2D 1D /2D 1D/2D /3D * 1D/2D/3D
Efficiency high low low Medium
Accuracy Low Medium Medium High
Ease of Use High Low Low High

*Interaction through contact solids.

2. Structural Timber Optimizer (STO)

The STO framework is build up from four different modules, as shown in Figure 2, consisting of 3D
modeling, structural modeling, structural analysis, as well as optimization. It is developed in the
programming language Python 3 [28] and integrates the packages CadQuery [29] and PyGAD [30] for
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modeling and optimization as well as the ABAQUS [31] environment for structural modeling and
analysis.

Optimization (PyGAD)

| Generation 3D Modeling (CadQuery)

Fitness

N J

Structural Analysis (ABAQUS FEA) Structural Modeling (ABAQUS CAE)

Figure 2: Framework modules of the Structural Timber Optimizer (STO).

After setting the optimization parameters (Start), dimensions of the components are passed to the 3D
modeling module that generates a .step file with the 3D model (Element). This element is meshed (Mesh)
in the structural modeling module used in combination with information regarding load case and material
to generate a FE model (FE Model). The amount of elements in the mesh are passed to the optimization
module as the amount of variables (Gene). The initial variables are set by the algorithm and passed
down, together with the FE model, to the structural analysis module as input (Input). The model is
calculated (Calculation) and the result exported (Result) to be put back in the optimization loop of the
optimizer (Fitness) generating a new set of variables (Generation). The algorithm stops if convergence
is met, e.g. the best result is found (End).

2.1. Process Walkthrough STO

Following, a detailed description of every step of the process accompanied by a graphical representation
through pseudocodes and accessed modules will be given.

The optimization with STO starts with the 3D Model generation, as shown in Figure 3, setting the initial
geometric parameters that define the structural element (marked with a red (a) Figure 3). The current
boundaries are set to rectangular wall elements with rectangular openings but could be modified to
support multiple geometric shapes. Implementing the Python package CadQuery, the algorithm iterates
through the amount of layers in the wall element, each time offsetting the z-coordinate with the layer
thickness and creating box volumes with the provided wall dimensions (b). If data for an opening is
given, the previously created box is subtracted with a box with the size and position of the opening (c).
The geometry is subsequently exported as a .step file that can be read by ABAQUS. In addition, an info
file with the geometry setup information is generated.

* StructOpt.py modelGen
(a) walllnfo = import cadquery
(wallWidth=3000, for layer in layerAmount:
wallHeight=2000, (b) wall.addBox((dimensions=wallWidth,wallHeight,
wallOpeningWidth=1000, layerThickness),(position=0,0,layer*layerThickness))
wallOpeningHeight=800, (c) if wallOpening = true:
wallOpeningPosX=2000, opening.addBox((dimensions=wallOpeningWidth,
wallOpeningPosY=1000, wallOpeningHeight,layerThickness),
layerAmount=3, (position=0,0,layer*layerThickness))
layerThickness=22 ) difference(wall, opening)
write("wallInfo.csv', walllnfo) export wall.step
modelGen(wallInfo)

Figure 3: 3D Model generation in the STO framework.

As ABAQUS runs with an older version of Python and does not support packages needed for the
complete optimization framework workarounds for communication were developed. While ABAQUS
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natively reads Python commands, a direct communication between the IDE and ABAQUS is not
available, yet the capability of ABAQUS to execute script over the command line is used. Within the
STO framework ABAQUS is called, as shown in Figure 4 (d), passing the input script in a subprocess
without opening the graphical user interface (GUI), with the additional possibility of running the full
GUI while developing the model. Since the script is not run in the IDE directly but in a separate process,
debugging can only take place each time the script is run, therefore line by line debugging is not possible.
After reading the element info file, ABAQUS iterates through the layers of the element meshing the
given geometry into elements (e). The latter is performed through different algorithms using a variety
of mesh types, e.g. triangles or quads, as well as different mesh sizes. For every element of the mesh a
set is generated that can receive further information on material or orientation. The number of elements
is then written in an info file with geometrical information on position of the boundary nodes of each
element also added if necessary. In a next step the sets of nodes and surfaces are generated (f). For the
given wall element, lateral and vertical loads are subjected to the nodes on the top surface while supports
are added to the nodes at the bottom surface (g). The set generation iterates through the mesh nodes of
the element and appends them to a list if the y-coordinate equal to the height of the wall or zero. Sets of
contact surfaces between the layers are defined by iterating through the surfaces positioned on a multiple
of the layer thickness before the interactions between the surfaces are created (h). Subsequently, the to-
be used materials are defined, either by choosing one material for the complete model or assigning
different materials or material grades for each element. At the end of this initializing module the .cae
file is saved to further receive additional parameters from the optimizer in the following steps.

StructOpt.py Abgqlnit.py
.-

command = import abaqus

abaqus cae -noGUI AbqInit.py walllnfo = read('walllnfo.csv')

(d) subprocess.Popen(command) (e) for layer in layerAmount:
part = model.PartFromGeometryFile(wall.step)
part.generateMesh

for element in part.elements:
part.Set(element)
write(elementInfo.csv, (len(part.elements)))
(f) for part in parts:
for node in part.nodes:
if node.coordinate[1] == wallHeight:
loadEdge.append(node)
elif node.coordinate[1] == 0:
boundEdge.append(node)
for surface in part.surfaces.
if surface.coordinate[2] in contactCoordinates
contactSurface.append(surface)
(g) model.ConcentratedForce(loadEdge,
cfl=hLoad / len(loadEdge),
cf2=vLoad / len(loadEdge))
model.DisplacementBC(boundEdge, (ul, u2, u3, url, ur2,ur3)=0)
(h) for interation in range (0, layerAmount -1)
model.SurfaceToSurfaceContactStd(main=surfaceA,
secondary=surfaceB)
model.materials['Wood'].Elastic(type=constants)
model. HomogeneousSolidSection(Wood)
part.SectionAssignment(Wood)
mdb.saveAs('AbqlInit.cae')

Figure 4: Structural model generation in the STO framework.

In the next step the genetic algorithm (GA) provided in the PyGAD package is initialized as shown in
Figure 5. With the GA having its origins in evolution as found in nature [32], evolutionary terms will be
further used within the description. After reading the information regarding the amount of finite elements
generated within the structural modeling module, the number of elements is passed to the number of
genes parameter (i). The genome consists of a list of variables that define different variations of the
structural element. In the presented case the variables describe the material orientation in each mesh or
finite element. Herefore the algorithm takes a list defining the range of possible variables, also called
the gene range. For the first optimization runs, discrete integer variables are allowed with values of 0,
45 or 90 degrees (j).
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-+ StructOpt.py

import pygad

read elementInfo.csv

#Set Optimization Parameters

(j) for gene in range (0, elementSum)
geneRange.append([0,45,90])

galnstance = pygad.GA(
num_generations=40,
num_parents mating=30,
fitness func=fitnessFunction,
fitness batch size=50,
sol_per pop=100,
(i) num_genes=elementSum,
gene type='"int',
gene_space=geneRange,
parent selection type='sss',
keep parents=1,
crossover type='single point',
mutation_type="random’,
mutation percent genes=10,
on_generation=onGeneration)

galnstance.run()

Figure 5: Initialization of the genetic algorithm in the STO framework.

The GA allows for a flexible definition of variables with multiple gene ranges of continuous and discrete
values. To limit the search space and reduce variables, only the orientation is optimized in the first trials,
with an addition of material grade variables possible for increased optimization potential. Following the
definition of the gene_space and solution_per_pop parameters, additional parameters are needed for the
setup of the GA, e.g. population size, describing the amount of individuals or genomes as well as the
number of generations. It was found that a genome with a length of 1830 genes, a population size of
100, and analysed for over 40 generations, showed good results. Additional paramters were left to default
as found in the PyGAD documentation. As the definition of the fitness function is the last critical part
of the initialization of the algorithm, it will be described in the next section as part of an iteration through
the lifecycle of one generation. Concluding the GA instance would now be ready and could be initiated
with the .run( ) command.

The start of every new generation is defined through the creation of a new genome, containing the
variables that are defining, e.g. material orientation. In the PyGAD package the genome is called
“solution”. The first generation starts by generating the solution either as a random or predefined set of
variables called initial population. While the standard fitness function is called for every solution of the
population, the PyGAD batch fitness function can be called for a multiple of solutions, increasing
efficiency as all solutions in one generation can be accessed at once. Shown in Figure 6 (k), every
solution in the population is exported as a .csv file and ABAQUS is called, passing the Abqlnp.py file.
For every solution the following process is executed in a loop. After a solution is generated, the
orientation variables are passed to the corresponding elements (I) and an input file is produced.
Thereafter a new ABAQUS calculation job is generated and the calculation is run again (m). After the
calculation is completed, the .odb output file is read and the corresponding field data of each node is
exported (n). This process allows for the generation of various outputs like displacement or stress of
each node element over multiple or only the last increment. After iterating through the solutions, the
main script appends the calculated value to a list and returns the list as the fitness values to the batch
fitness function (0). The algorithm stops when the convergence criterion is met. Convergence criteria
can be freely defined, e.g. as a specified number of generations or if a desired fitness value is reached.
The fitness of every solution is then appended to a list containing the generation and solution number
and exported.
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+ StructOpt.py AbgqlInp.py
- def fitness func batch(ga instance, import abaqus
solutions, solutions_indices): elementInfo = read('elementInfo.csv')
(k) for solution in solutions: generationInfo = read('generationInfo.csv')
write ('genome' + k +'.csv',solution) openMdp(Abqlnit.cae)
k+=1 for solution in range(firstSolution, lastSolution):
generationInfo = k=0
[firstSolution,lastSolution, genome = read('genome.csv')
currentGeneration,numGenerations (1) for element in part.sets:
write generationInfo.csv part.MaterialOrientation(region=element,
command = angle=genome[k])
abaqus cae -noGUI Abqlnp.py k+=1
subprocess.Popen(command) (m) mdb.Job(name,)
(o) for solution in solutions: mdb.jobs[name].submit()
fitness= read('compliance.csv') mdb.jobs[name].waitForCompletion()
batchFitness.append(fitness) odb = openOdb(name=name)
return batchFitness (n) data = session.xyDataListFromField(
odb=odb, variable=(('"U', NODAL))
compliance = (sum(abs(data) / len(data))
write('compliance.csv', compliance)

Figure 6: Iterating in the STO framework.

3. Optimized Element and Material Model

The results of the first optimization with the STO framework are presented and compared to the
reference element with a corresponding material orientation in the layers of 0°, 90, 0°. The model
consists of a three-layered wall element with dimensions of 3000 x 2000 x 66 mm and a rectangular
opening of 1000 x 800 mm. The element, fixed in all directions (Ul = U2 =U3 =UR1 =UR2 =UR3 =
0) at the nodes on the bottom surface, was submitted to a lateral and a vertical load of 200kN to the
nodes of the top surfaces. The optimization parameters included the allowed orientations in every FE
element to take values of 0°, 45°, 90°, with solutions per generations set to 40 and generations until
convergence set to 100. In total the runtime of the algorithm was 35.2 hours equaling to about 32s per
calculation. The comparison between the reference wall element and the optimized solution, as presented
in Figure 7 showed an approx. 50% lower mean displacement.
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Figure 7: Comparison of a wall element with reference and optimized orientations.

While the structural analysis for the optimization was calculated with a coarse FE mesh to increase the
efficiency, the accuracy of the structural behavior can be validated through refining the material model
in a separate process. Using the same environment of ABAQUS, a four-point bending test, as presented
in Figure 8, was modeled to validate the material model by comparing the reaction forces on the load
introduction in the state of maximum displacement. While the first simulation of the four-point bending
tests were successful, the reaction forces at 35mm displacement in the simulated environment were
found to be approx. 3 times higher than the average force found in experimental testing, showing that
the model is still in need of improvement.
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S, Max. Principal

(Avg: 75%)
+2.023e+01
+1.83%e+01
+1.655e+01
+1.470e+01
+1.286e+01
+1.102e+01
+9.173e+00
+7.329e+00
+5.486e+00
+3.642e+00
+1.799e+00
-4.449e-02
-1.888e+00

Figure 8: Validation of the material model in ABAQUS

4. Discussion and Conclusion

As presented in the beginning of this paper, an efficient material utilization of bio-based building
structures is necessary to mitigate climate change and reduce our impact on the environment. While
other scholars have presented various ways to optimize wooden beams or trusses, an accessible
framework on optimizing the material orientation of wall and slab elements made from solid timber
elements was not found in literature. This research gap has now been filled with the Structural Timber
Optimizer (STO). This framework opens new possibilities by integrating state-of-the-art commercial FE
software for the calculation as well as open-source libraries and other modules in a Python framework.
This not only extends the range of possible applications but also increases accessibility through the large
documentations provided for the mentioned modules. The possibility of simulating real world
experiments in the ABAQUS environment broadens the range of practical applications since the material
model can be refined and validated. While this process can produce reliable results through detailed
calculations, the efficiency is rather low. With the efficiency increase of the STO through batch fitness
calculation among other parameters, calculation times for one solution amount to around 32s. The large
search space, a result from combinations of the different orientations and material grades for every
element, challenges the optimizer to find the best solution. Efforts should be made to either decrease
calculation times of each calculation or increase the efficiency of the optimization algorithm. The high
amount of data generated from detailed calculations could be used for prediction-based models as a way
of reducing calculation times. While the first optimization shows a lowering of more than 50% in terms
of mean compliance, investigations and statistical analysis of the performance of the algorithm with
different parameters needs to be done to find the most influential optimization parameters. Additional
steps should be taken towards processing orientation data into manufacturable elements, finding the
most relevant load combinations and boundary conditions as well as testing on objectives with minimum
compliance in combination with mass reduction. In the scope of this project the authors will further
develop and statistically verify the most influential parameters in the STO framework and investigate
the practical applications, including experimental testing and comparison of a structurally optimized
building component to conventional variants.
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