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Abstract. This paper advances the application of computational 
optimization to design for circular economy (CE) by comparing results 
of scalarized single-objective optimization (SOO) and multi-objective 
optimization (MOO) to a furniture design case study. A framework 
integrating both methods is put forward based on results of the case 
study. Existing design frameworks for CE emphasize optimization 
through an iterative process of manual assessment and redesign (Ellen 
MacArthur Foundation, 2015). Identifying good design solutions for 
CE, however, is a complex and time-consuming process. Most 
prominent CE design frameworks list at least nine objectives, several 
of which may conflict (Reike et al., 2018). Computational optimization 
responds to these challenges by automating search for best solutions 
and assisting the designer to identify and manage conflicting objectives. 
Given the many objectives outlined in circular design frameworks, 
computational optimisation would appear a priori to be an appropriate 
method. While results presented in this paper show that scalarized SOO 
is ultimately more time-efficient for evaluating CE design problems, we 
suggest that given the presence of conflicting circular design objectives, 
pareto-set visualization via MOO can initially better support designers 
to identify preferences. 
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1. Introduction 
Design for circular economy (CE) is an increasingly urgent concern for built 
environment and product design, with recent calls to action from the United  Nations 
Environment Programme among other international agencies (UNEP, 2019). Currently 
many frameworks, strategies and metrics exist for CE design, without a single 
comprehensive or universally accepted method (Saidani, 2019). Furthermore, 
evaluation of design for CE requires quantitative evaluation of many criteria, making 
precise evaluation for many design variants a time-consuming process. To support 
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designers in identifying better design options for CE, computational tools are needed 
to automate quantitative evaluation of CE metrics, and support search among many 
options to find designs which demonstrate the highest performance while meeting 
subjective concerns of the designer. Responding to this need is circular design 
optimization, an area of research that asks how computational tools may support search 
for optimal circular designs and management of complexity of circular design process. 

No definitive methodology to optimize a design for CE currently exists, with the 
choice between multi-objective (MOO) and scalarized single-objective optimization 
(SOO) representing a prominent open question. While the many criteria required to 
assess a design for circularity suggest that MOO may be most appropriate, the 
computational cost of MOO in comparison to SOO provides a counterargument against 
this default position (Wortman, 2020). Furthermore, prominent circular design 
frameworks rank their circularity criteria according to hierarchies of impact, raising the 
question if scalarized SOO with weights ranked according to these hierarchies may 
offer a viable means of identifying good results (Reike et al., 2018). 

In this paper we propose a framework to apply computational optimization to 
design for CE, with focus on efficiency of identifying good results and supporting 
understanding of conflicting objectives. We demonstrate this framework via 
optimizing a case study of an existing CE furniture design.  We compare application 
of SOO or MOO at specific points in the design process and put forward a method of 
applying each as appropriate. We employ statistical analysis and novel visualizations 
to expand on the results and support selection of design variants. 

2. Methods 

2.1. DESIGN FOR CIRCULAR ECONOMY: CASE STUDY AND PARA-
METRIC MODEL 

Figure 1. Images of design for CE furniture case study: range of prototypes produced (left), single-
material assembly process (centre) and illustration of product lifecycle: fabrication, assembly, reuse 

and storage, disassembly, recycling (right).  

In this paper we test optimizations for criteria related to CE on a parametric model of 
an existing furniture design. The furniture design was developed by the authors as a 
modular table/podium system and incorporates CE design strategies including the use 
of pre-recycled material, quick assembly and disassembly and single material without 
glues or fasteners (Figure 1). In developing and fabricating the design the authors found 
that several interlinked design challenges were difficult or impossible to resolve 
through manual design process. These problems were translated into four quantifiable 

192



OPTIMISING DESIGN CIRCULARITY: MANAGING 
COMPLEXITY IN DESIGN FOR CIRCULAR ECONOMY 

THROUGH OPTIMISATION 
 

objectives for computational optimization (Section 2.2). 
A pre-requisite for computational optimisation is developing a fully computational 

parametric model, with clear inputs and outputs, from the original furniture design. The 
inputs used include six dimensional parameters that control significant features of the 
design and two material selection parameters that permit testing for different material 
and multi-material designs (Figure 2). These eight inputs are transformed into 
geometry and subsequently evaluated for each objective and inputted to the 
optimization algorithm.  

Figure 2. Description of six dimensional parameters, two material selection parameters and four 
objective functions in the parametric model 

2.2. DEFINING EVALUATION CRITERIA 

To optimize the four key CE objectives described in Section 2.1, we implemented four 
respective methods of evaluation. Below we describe the objectives, their relationship 
to a widely used 9R framework of 'r-imperatives' for circular economy and the method 
of evaluation. The 9R framework encompasses objectives for: 0) Refuse; 1) Reduce; 
2) Re-use; 3) Repair; 4) Refurbish; 5) Remanufacture; 6) Re-purpose; 7) Re-cycle; 8) 
Recover; 9) Re-mine (Reike et al., 2018). 

Objective 1 – Fabrication Waste (F1), aims to minimise waste of materials during 
fabrication. We evaluate the percentage of waste generated from original stock of 
materials by simulating the fabrication of ten quantities of the design using bin packing 
algorithms (Figure 2). This objective also sets a constraint to our optimisation problem 
as the size of each assembly must be within the size of the stock material sheets. This 
objective is defined relative to ‘Reduce’ from the 9R framework.  

Objective 2 – Light-weighting (F2), aims to minimise materials used for a given 
size of design. This is done by taking the ratio of volume of materials used to the overall 
volume of the rectangular bounding-box enclosing the design. This objective is also 
defined relative to ‘Reduce’ from the 9R framework. 

Objective 3 – Structural robustness (F3), aims to minimise structural displacement 
under a vertical load of the weight of an average human body when applied evenly 
across five points on the design (Figure 2). We conducted this finite element analysis 
using Karamba for Rhino/Grasshopper. Material properties such as specific weight, 
Young's modulus, shear modulus and yield strength are included as attributes to the 
materials. This objective is defined relative to ‘Reuse’ in the 9R framework. 

Objective 4 – Embodied carbon (F4), aims to minimise environmental impact by 
minimising the Global Warming Potential (GWP) of a design variant, evaluated as 
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kgCO2e / kg of material. GWP values are drawn from published sources of identical 
or close analogue materials (Secchi et al., 2016; Vervia Inc, 2019). This objective is 
only useful when used in conjunction with F2 to prevent the model from simply 
favouring the smallest possible designs. This is the third objective defined relative to 
‘Reduce’ from the 9R framework. 

With these four objectives and their method of evaluation defined, we can 
implement both multi-objective and single-objective optimization for the parametric 
model and compare the results. 

2.3. OPTIMISATION METHOD 

Our optimization model is built using the open-source python library, PYMOO (Blank, 
2020). It provides libraries for easy implementation of a selection of SOO and MOO 
algorithms with a suite of benchmark problems for testing. We interface between the 
python-based optimization model and our parametric model using RhinoCompute, a 
Rhino software development kit. RhinoCompute allows us to call Rhino and 
Grasshopper functions within Python. While this combined framework is not yet 
common in comparison to existing optimization plugins for Grasshopper (Vierlinger, 
2013), it permits access to open-source libraries and potential for faster computing with 
parallel solutions. 

Figure 3. Flowchart for optimisation framework 

The MOO problem is defined using the input parameters, evaluation functions 
(Figure 2) and a set of upper and lower boundaries. We modified an existing definition 
for the fast and elitist many-objective optimization algorithm, NSGA-II, to be used for 
our mixed-integer program. Finally, we set the algorithm to terminate after a fixed 
number of evaluations for comparison between results. 

The SOO problem is defined similarly except for scalarizing the four objectives 
using weights. The weighted-sum approach is often preferred due to the clarity and 
reliability of optimising with a single dimension (Wortmann, 2020). Although there 
are many approaches to mathematically translate preferences into weights, we adopt a 
ranking method by allocating a weight of one for least important objectives and higher 
integer weights for more important objectives (Marler & Arora, 2010). We normalize 
each objective before weighting to capture the relative improvement to the 
performance. 

Figure 3 shows the framework proposed by the authors, identifying when SOO and 
MOO are of greatest value in optimization for CE design. The framework is supported 
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by the results of the case study as presented in Section 3 below, including relative speed 
of convergence. While the framework is developed to target design for CE, it may be 
applied to design optimization more generally.  

We employ five methods to visualize our results. First, we compare objective 
correlation matrices to preliminarily identify conflicting objectives. Secondly, with 
results from MOO we visualize the pareto-front in objective space to better understand 
trade-offs between conflicting objectives. Thirdly, we show the entire objective space 
using a pairwise plot. Fourth, we visualise convergence by plotting the hypervolume 
of each result set. Finally, we visualize a set of variants selected from the optimization 
process as outputs for the designer. 

3. Results and Discussion 

In this section we provide results from four sets of experiments, a random sample, a 
MOO run, and two SOO runs. First, by comparing correlation matrices derived from 
each set, we discuss the impacts of how the range of data distribution affects our 
understanding of conflicting objectives. Next, we analyse pairs of conflicting 
objectives by visualizing the specific pareto sets. Third, in conjunction with the 
previous method, we discuss findings from visualizing the full set of results in an 
exhaustive pair-wise plot of the entire objective space. Finally, we select best 
performing design variants from the different experiment sets as a summary of the 
optimization process. 

3.1. UNDERSTANDING TRADE-OFFS WITH CORRELATION 

In a first step we seek to understand the presence of conflicting objectives in our model 
by creating a correlation matrix. The correlation matrices in figure 4 show the bivariate 
correlation between all pairs of objectives, indicating with negative numbers when 
improvement in one objective is likely to result in a decrease in another variable. The 
presence of negative correlation among objectives is relevant to optimization in general 
as it makes scalarized single-objective optimisation more complicated. Results 
presented in figure 4 are from four sets of experiment sets used consistently in this 
paper. 

Our results show strong negative correlation between F2 and F3, with smaller 
negative correlations between F2 and F4 and F3 and F4. Trade-offs between 'reduce' 
objectives (F2, F4) and 'reuse' objectives (F3) are not unexpected as additional material 
can improve strength of the design while decreasing material-use efficiency. More 
complex is the trade-off between F2 and F4, which indicates that different definitions 
of the 'reduce' objective are at times contradictory.  
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Figure 4. Correlation matrices from four sets of experiments 

Comparing the four correlation matrices drawn from 1) the results of a random 
sample set; 2) MOO1; 3) SOO1 and 4) SOO2 gives us a preliminary understanding of 
the complex manner in which correlations vary within the objective space (Figure 4). 
MOO1 has produced a relatively broad sampling of the objective space with results 
that are similar to the random sample. The two scalarized SOO runs, in contrast, show 
very clear deviations from random sample, MOO and from each other. In our results 
correlation between pairs of objectives demonstrates varying sensitivity to the 
distribution of the dataset. This implies that depending on the distribution of the 
objective targeted, designers will encounter different trade-offs among CE objectives.  

Analysing similarly complex objective spaces, while unfamiliar in design fields, is 
addressed in statistics and data analytics. Sensitivity analysis is caried out to find how 
each independent variable affects other dependent variables, by applying techniques 
like clustering analysis and change point detection. Application of these methods 
exceeds the scope of the current paper, but we note that further research may help 
clarify the extent to which sensitivity analysis could assist in identifying best results in 
design for CE. 

3.2. UNDERSTANDING TRADE-OFFS BY COMPARING PARETO 
FRONTS 

Having identified pairs of conflicting objectives related to CE via the correlation 
matrix, we investigate trade-offs between these pairs of objectives in greater detail by 
generating two-dimensional visualizations of pareto solution sets from a multi-
objective optimization. We chose the three objective pairs with highest correlation 
from figure 4 for further analysis. In figure 5, we plot the objective pairs of F2-F3, F2-
F4 and F3-F4 using a novel visualization method.  

To support the user's understanding of pareto-sets figure 5 combines a scatterplot 
of a 2D pareto set with a broader frame of reference provided by 1D plots of all 
objectives at full range. In the plot of F2-F3, we see the pareto solutions are close to 
converging. Even though they form a pareto front, these points represent a small 
fraction of the entire distribution for light-weighting and structural robustness, such that 
we can assume that all solutions shown on the 2D plots are almost equally well-
performing. To further investigate these solutions for variability, the user could then 
use these subsets of points to plot another pareto front for the remaining objectives of 
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fabrication waste and embodied carbon.  

Figure 5. Unique pareto front from each comparison of objectives. 2D plot shows dominated points 
in grey and non-dominated points in a colour gradient. The four 1D plots shows where each point on 

the corresponding pareto front lie on full distribution of each objective. 

3.3. COMPARING OBJECTIVE SPACE EVALUATION FOR SOO & MOO 

With understanding of conflicting design objectives related to CE established through 
correlation matrix and pareto-set visualizations (Section 3.1), we next employ 
scalarized Single-objective Optimization to target ‘best’ design variants within 
preferred areas of the objective space. Below we share results from two scalarized SOO 
runs which represent a hypothetical designer’s preference for a more reusable product 
(SOO2), or a product with better reduction of waste (SOO1). SOO1 targets ‘reduce’ 
by giving higher weightings to fabrication waste (F1), light-weighting (F2), and 
embodied carbon (F4). SOO2 targets ‘reuse’ by giving a higher weighting to structural 
robustness (F3). In this section we compare the relative benefits of SOO and MOO in 
identifying good circular design solutions based on effectiveness of objective space 
exploration and speed of convergence.  

A first comparison between MOO and SOO highlights differences in objective 
space exploration by plotting all solutions from all evaluations in a set of 2-dimensional 
plots showing all pairs of objectives (Figure 6). In these results, design variants found 
by MOO cover a much wider range than those from SOO. Within the broad range of 
MOO results, the SOO results appear as punctual or linear clusters, converging at one, 
or in some cases two, small areas around local optima. The effect of changing the 
scalarized SOO weightings is visible in their separate clustering, visualized in red and 
green (Figure 6); with SOO1 prioritizing reduction in material, and SOO2 prioritizing 
reusability. Histograms for each column reinforce this finding, indicating the number 
of results within a given range for an objective: SOO1 and 2 demonstrate either one or 
two clear peaks in each histogram (Figure 6). MOO in contrast shows a normal 
distribution of results around a generally better area for all objectives.  
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In a second comparison of results, we look at how ‘quickly’ the two methods 
converge toward a solution over the course of a set number of evaluations. To make 
this comparison we chart the change in hypervolume. As the optimization algorithm 
converges on a solution set, the rate of change in the objective space slows, resulting 
in the plateauing of the hypervolume curve. Comparing the shape of the convergence 
curve between the two methods gives us a comparative indication of how well they can 
identify a clearly defined solution set. We note that comparing maximum hypervolume 
values between methods, is not pertinent to the question of convergence as the two 
optimization models have intrinsically different ranges. 

 

 Figure 6. Pairwise plot of the objective space of all three result sets. Results from the two SOO sets 
are plotted by deconstructing the weighted sum back into individual objective scores. The histograms 

along the diagonal correspond to objective stated in the same column. 

Figure 7. Evaluating for convergence using Hypervolume 
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Figure 7 shows that multiple runs of SOO with different weights result in a plateau 
around 1250 evaluations. MOO applied to the same model, however, does not 
converge toward a solution even after 1750 evaluations. These results suggest that 
while scalarized SOO will produce a clearly defined solution set relatively rapidly for 
our model, MOO will not converge toward a single solution over the same time frame. 
This result is pertinent to the question of design for CE: if no clear solution is available 
after a reasonable period, some users may find the method to be unsuccessful.  When 
designers have established their understanding of the problem well-enough to assign 
weights, scalarized SOO is more efficient than MOO. 

Figure 8. Summary of proposed variants 

To draw further conclusions from our experiments, we tabulate a set of good results 
from the three experiments conducted. From the two SOO experiments, we select the 
single best performing results. From the MOO experiment we present in figure 8 a 
range of options pulled from the pareto-set for the pair of objectives with the largest 
negative correlation: light-weighting (F2) and structural robustness (F3). Variants 3, 4 
and 5 shown in figure 8 are drawn from the two extreme ends and the middle, or 
‘utopia’ point of the pareto curve (Figure 6). 

The best variants drawn from SOO show clear advantages over the range of 
variants drawn from MOO. The design variant drawn from SOO1 (prioritizing the 
three ‘reduce’ objectives) is better performing in 'reduce' objectives than all other 
presented results. While not unexpected, the result is clear and reinforces the value 
SOO has brought to the case study. SOO2 (prioritizing robustness) produces a result 
that, while scoring highly in robustness, is not as high as two of the variants identified 
by MOO. Despite being slightly less optimal in this criterion, the best variant from 
SOO2 displays better performance in at least two other criteria in comparison to the 
MOO variants: showing the extent to which SOO can identify ‘across the board’ good 
results even when weightings skew toward specific preferences. The MOO results, in 
contrast, show mid-range variants between the two SOO options, with few visually 
distinguishing features. They are also notably poorly performing in fabrication waste 
(F1), reinforcing the inadequacy of making a design selection from a single 2D pareto 
front in a complex multi-dimensional objective space. 

4. Conclusion 
This paper presents an example of how optimization can be used to address 

complexity presented by design for CE. With four objectives drawn from the 9R 

199



F.P. ORTNER AND J.Z. TAY  

framework, we observe conflict between multiple pairs of objectives, with substantial 
variation in negative correlation depending on which portion of the objective space is 
analysed. In response to this complexity, we propose a methodology that assists 
designers to understand the objective space, clarify preferences and then apply 
optimization. Random sampling is used to observe overall trade-offs between 
objectives, MOO is applied to understand nuances of trade-offs using the proposed 
visualization methods. To the informed designer, SOO then shows decided advantages 
in performance and clarity of results.  

There remain aspects in optimizing design for CE to be improved. More research 
is needed to formulate quantifiable objectives, covering a wider spectrum of 
established CE design strategies. More studies are needed to understand conflicting 
objectives with the help of computational optimisation, explaining general rules and 
conflicts in CE. More broadly, there is a need for sensitivity analysis methods that can 
help designers narrow in on specific areas of CE objective space. Methods that balance 
between targeted and global design search will be of great value to support quantitative 
definition of designer's preferences and identification of best design results for CE. 
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