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Contextual optimisation workspace (COW) is a digital design tool under development 
that seeks to promote novel processes for the parametric design of architectural and 
engineering structures using multiple-objective optimisation (MOO) strategies based on 
evolutionary algorithms. Assembled within the Grasshopper (GH) graphical algorithm 
editor, the tool allows for constructive analytical comparisons between often conflicting 
aspects of a design that have historically been assumed incomparable, with the resulting 
compromises between objectives presented as iterations of a three-dimensional 
geometry with associated data. This increases the  capability to make informed 
decisions throughout the design process and to control the implementation of a 
potentially wide range of differing design objectives. This is useful in situations where 
an extended design team (more than one stakeholder) is collaborating on an 
architectural project, which would include most real-life applications. In such a team, all 
agents have different preferred outcomes. The effort to manage their expectations and 
fulfil their respective agendas becomes the aim of the resulting architectural scheme. 
This paper explores how the COW tool could benefit from the addition of components 
that simplify such decision-making processes, and showcases how such additions could 
be applied to the design of timber structures. Two new GH user objects were designed 
that simplify an extended and weighted control of MOO-based design actions using 
COW, while providing a mechanism that guarantees designs are not considered if they 
do not meet the minimal requirements set by the constraining frame conditions. Such 
stakeholder-based MOO designs are shown to be a beneficial addition to the COW 
system. It is argued that a more comprehensive version of this first attempt to allow 
differing desires to be used as a weighted part of the design process is a promising 
strategy for the design of future timber structures. 
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1 INTRODUCTION 
 
At the dawn of architectural history, a procedural pattern must have emerged that has 
endured ever since: an event is observed ( the rain ), a predictive model 
created ( it might rain again tomorrow ), and a material strategy offered as a response 
( if I lean these leafy branches against each other and huddle under them, I might 
escape some of the rain  
 
Foresight thus logically precedes architecture. Theoretical biologist Robert Rosen 
(1934-1998) instituted a rigorously mathematical treatise on the subject 
of anticipatory system the theory of which provides the conceptual basis for foresight 
studies

therefore able to predict the initial system s future behaviour (Zamenopoulos & Alexiou 
a predictive model of itself 

and/or of its environment, which allows it to change state at an instant in accord with 
the model's predictions pertaining to a later instant
applications of such systems exist in a wide range of fields, from biology to semiotics 

a distinct scientific subject
(Nadin 2010). 
 

1.1 Anticipatory architectural systems 
back into a system, allowing it 

to adjust its present behaviour in order to address something that might happen in the 
future, is a controversial idea in the scientific community (Deacon 2011), for which the 
received wisdom 
reversed. But even the simple palaeolithic architect example above shows that diverse 
entities are interdependent within anticipatory architectural systems: atoms, molecules, 
organisms, minds, societies (Polli 2001), and that they influence and inform each other 
along different trajectories than those held by the mainstream views on causation.  
 

1.2 Early design optimisations with COW 
Contextual optimisation workspace (COW) is a digital design tool under development 
that allows the designer/user to make constructive analytical comparisons between often 
conflicting aspects of a design that have historically been assumed incomparable, with 
the resulting compromises between objectives presented as iterations of a three-
dimensional geometry with associated data. Assembled within GH and based on genetic 
algorithms, COW allows users to make informed decisions while controlling a 
potentially wide range of differing design objectives (Larsson et al 2017). 
 
While the palaeolithic architect might have designed his tent structure alone, 
contemporary projects call for extended design teams of multiple stakeholders with 
different preferred outcomes. Using anticipatory mechanisms to manage their 
expectations and fulfil their respective agendas becomes the aim of the resulting 
scheme. Such a participatory system demands a methodology for managing 

ing out solutions that do not satisfy those desires. This 
study brings new components to COW for adding weights to objectives and punishing 
less favourable designs. 
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2 METHOD 
 
An experiment was devised to better understand the operations involved in a multiple-
stakeholder scenario and construct GH user objects that meet the requirements those 
operations call for. It was assumed that the optimisation would run for a single space 

lders 
promoting different agendas attempt to position and dimension glazed areas 

-offs between a) 
combined material cost (wood + glass) for the wall (the lower the better), b) size of the 
glazed area (the larger the better), and c) daylight factor (DF) (the larger the area that 
achieves a DF of 2-5%, the better). 
 
A 3 x 3 m wall surface is extruded by 9 m into a box. The geometry is allowed to rotate 
360° in increments of 60° (to limit the computational effort). This angle of rotation 
becomes the first  

 

surface of the box. Fig. 3) The Pareto front in Octopus. Fig. 4) The final solution: an asymmetric pattern 
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building block of our genetic algorithm: a gene in our multiple-objective optimisation. 
An EPW file holding weather data from Stockholm Arlanda (latitude 59.65, longitude 
17.95, time zone 1, elevation 61) is then used to generate and visualise local weather 
data. Using the Ladybug plug-in, a sun path diagram and a solar fan are drawn. The 
visualisation unsurprisingly shows that the test geometry receives a lot of solar radiation 
throughout the year  enough for the entire wall we are optimising to be exposed to the 

 
The initial surface is subdivided into nine (3 x 3) 1 m2 sub surfaces, controlled by a gene 
pool component that acts as a binary gate: any sub surface can be assigned a value of 
either 0 or 1, corresponding to a material (wood or glass). The glass surfaces are joined 
into a boundary representation (brep) object. Subtracting this brep from the initial 9 m2 

wall area g
controlled (material and construction) cost for producing the wall. The values are set to 
$500 for wood and $1000 for glass, for a minimum of $4500 (all wood) and a maximum 
of $9000 (all glass). In real-life scenarios, the cost of larger and irregular sheets of glass 
is likely to scale differently and become higher. The gene pool data becomes a 
collection of genes, and the combined cost an objective for the Octopus plug-in, an 
evolutionary solver, to minimise. The combination of the rotation gene and the 
window/wood genes becomes a chromosome  a complete wall with a direction in space 
and a material composition. 
Three additional objectives are added. The first is to maximise the area of glass in the 
wall to make as large a window as possible within the confines of the other constraints. 
The second: to maximise the amount of daylight illuminance inside the box that falls 
within the 2-5% DF range (the amount of indoors illumination relative to outdoors 
illumination under overcast skies; an average daylight factor of 2- strikes the right 
balance between daylight and energy use
the Honeybee plug-in: a test grid is created at the base of the box (grid size 1 at a 
distance of 0.05 m from the base surface), comprising 27 (3 x 9) test points (Fig. 2), 
with the sky set to cloudy
optimisation values. 
Before feeding these 10 genes and 4 objectives to the Octopus solver, they are streamed 
through two new GH user objects written specifically for this project: a weighting 
component (cowWeight) and a punish gate component (cowPunish).  cowWeight alters 
values according to their relative importance as specified by stakeholders. Embracing an 

 on a scale from 
0 to 100, the stakeholders agree that cost holds a weight of 80, window size a weight of 
10, and daylight factor a weight of 40. This corresponds to reparameterized percentages 
of 61.5%, 7.7%, and 30.8%, respectively. Each of these percentages is now used to 
calculate a new, weighted value corresponding to the initial value produced by each 
gene configuration, and relative to the best possible value within the range. For the cost 
objective, this means that a wall cost of (for instance) $6500 equals a relative success 
rate of 55.6% given the specified range of $4500-9000. This relative success rate is 
combined with the weighting percentage (61.5%, as above) for an average weighted 
percentage of 58.5%. 
Both percentages are streamed to cowPunish, which uses boolean functions to yield a 
True or False result depending on wether the absolute value is above the highest 
allowable cost (a parametrically controlled amount, in this case $7500), and whether the 
weighted value is above a (parametrically specified) threshold  set here to 0.2, or 20%. 
The gate will thus let through solutions for which the wall cost is below $7500 and the 
average success rate at least 20%. The corresponding values for the weighting of the 
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other two objectives were a smallest allowable window size of 4 cells (4 m2) and a 
smallest weighted value of 0.1, or 10%, and a lowest allowable daylight factor of 2 cells 
between 2% and 5% and a smallest weighted value of 0.1, or 10%, respectively. 
The default Octopus settings were used for the evolutionary solving, apart from the 
Population Size value, which was lowered from 100 to 10 to generate more generations. 
As hard constraints are used in the definition, the Constraints: Fill Random box was 
enabled, forcing a search through the first generation until enough valid random 
solutions are found to fill the first generation up to twice the Population Size value. The 
Record Solution Meshes option was disabled. Record Interval was 10. Max evaluation 
time was 50 s. The average evaluation time per solution was 41.75 s. Three initial tests 
were run with different population sizes (100, 10, and 50, respectively). The latter 
produced the best results, and was consequently allowed to run for about 72 hours, 
producing 3 generations and a final Pareto front set of 39 solutions (out of 132 preferred 
solutions, including the Pareto front, Elite, and History sets). 1292 solutions failed to 
evaluate. The maximum evaluation time might have been too strict (2122 solutions 
exceeded the 50 s limit). 
 
 

RESULTS 
 
In many ways, the results are the method itself and the new user objects created. While 
the exercise generated actual results and revealed the most favourable design iterations 
for the given scenario, this made-up example is less important than the new optimisation 
tools produced. That said, the resulting Pareto front is shown in (Fig. 3), and the final 
solution chosen in (Fig. 4). This chosen solution achieved success rates of 33.3% (cost), 
66.7% (glazed area), and 33.3% (DF), for a combined success rate (cost/glazed area/DF) 
of 44.33% ((133.3)/3), and a corresponding combined weighted success rate of 35.1% 
((47.44 + 37.18 + 32.05)/3). The final optimised values are a cost of $7500, a glazing 
area of 6 m2, with 9 m2 falling within the 2-5% DF range.  
 
 

DISCUSSION 
 
The approach can be further developed and extended in many ways. One would be to 
allow for glazed areas of more varied shapes, or even any shape, to be tested, maybe at 
any given position within the wall. Another would be to set up attractor points 
representing preferred views, and optimise for those. Yet another would be to create a 

arlier in the process to bring down the 
average evaluation time per solution. Needless to say, a wide range of other objectives 
can also be added to similar definitions going forward); creating a valid framework to 
simplify such processes constitutes a major part of the COW development work. 
The genes working domains and slider settings yield a regular fitness landscape. 
Rotations are tested within a strict 9 x 4 grid of possible solutions. While these 
restrictions save computation time, future investigations using more dynamic settings 
might yield better results. Less constraints should lead to fewer failed evaluations and a 
more focused search. The experiment demonstrates the validity of David Rutten s 
observation that evolutionary algorithms are dead slow (Rutten, 2010). If we 
assume, writes Rutten about a computation that takes a minute per iteration, that we ll 
need at least 50 generations of 50 individuals each (which is almost certainly an 
underestimate unless the problem has a very obvious solution) we re already looking at 
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a two-day routine . Such luxurious computation times were not available for 
these tests. 
 
 

CONCLUSIONS 
 
The two new GH user objects add weighted control of multiple objective optimisation 
(MOO)-based design actions using COW, while guaranteeing that designs meet the 
minimal requirements set by the constraining frame conditions. Three obvious 
conclusions can be drawn from the study. The first is that the weighting of objectives 
can be done in multiple ways, and that alternative options need to be further evaluated 
to sharpen the cowWeight component. The second is that while the cowPunish 
component did achieve its goal of making Octopus disregard a high number of 
solutions, it did so at a high computational cost; making it more efficient is an important 
next step. The third is that stakeholders can now collaborate on MOO designs using 
weighted objectives  a beneficial addition to COW that fills a perceived gap in  
range of available modelling tools. 
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