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ABSTRACT
Supporting the design of buildings’ performances in
early conceptual phases is a key issue for developing
a greater degree of optimality in what will then be the
resulting project. This paper proposes a methodology
for the design of decision support systems in
conceptual design phases capable of fostering the
exploration of design alternatives through statistical
inference. The paper introduces the conceptual
framework and the computational mean used and
discusses examples from acoustic design and an
extended design example regarding energy efficiency
is also illustrated.

INTRODUCTION
The schematic phase of any design process plays a
crucial role in regards to buildings’ overall
performances. The majority of building features such
as, for example, those concerning their energetic
behaviour, orientation, glazing surfaces, shape,
volumes and so on are, in fact, defined in the
schematic phase. Nevertheless design choices
involving key parameters like the ones mentioned
above are seldom adopted with a clear understanding
of the repercussion they have on desired
performance. More so when quantities are involved
in the decision. This is mostly due to the complexity
of the design domain which, in the early phases,
hinders the possibility of estimating quantities and/or
performing articulated scenario analysis without
incurring in complex and time consuming
calculations.
Undeniably, taking optimal decisions requires the
evaluation of a number of alternative scenarios,
whose complexities are very difficult to manage in a
systematic way. Designers usually ground their early
decisions on their own experience; matured on the
field and through years of practice. This key
knowledge is what mostly characterizes any design.
Despite the fact that it can be vast and relevant, it is
usually limited in scope by designers’ personal
histories and, in an objective way, it can’t be as large
as that provided by any systematic knowledge base
carefully designed to support decisions in any
specific design domain.
Simulation software are currently the only available
aids for thoroughly exploring the consequences of
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design decisions, in early design phases, in a
quantitative way. There is a vast assortment of
simulation software available today, see for example
(EERE, 2011) (Crawley et al., 2008) for what
concerns the energetic simulation of buildings, but
they are not adequate for the conceptual design phase
for a number of reasons. First of all, they need a
perfectly defined model of the artefact, rarely
available in the conceptual phases. In fact, standard
simulation software compute, for example, the
thermal dynamics and the energetic consumption of
multi-zone buildings using a fully specified
analytical model of the building. This implies that,
default values are used for parameters not provided
by the designer. This is a very tricky way to
compensate the initial lack of knowledge, seeing that
in this way, unconscious decisions are taken about
features whose relevance in terms of the specific
problem under analysis has not been investigated. It
has been shown that using default values may entail
significant errors in design (Wasilowski et al., 2009).
Secondly, traditional simulation software, which are
usually tailored for final design assessment, are not
cognitively adequate for decision support. Decision
support requires, in cognitive terms, quick browsing
among alternative configurations and scenarios, in
order to gain the necessary design space overview
that allows designers to construe their own original
perspectives. In this case, time matters; as human
minds are limited when managing details that fail to
appear concurrently and simultaneously. On the other
hand, two decimal precision is not necessary during
the early design stages. Systems capable of managing
uncertainty and order of magnitude calculation are
still adequate to support decisions. In this perspective
parametric design software, which offer the
possibility of exploring the consequences of varying
parameter combinations, still fail to provide any easy
evidence of the consequences, incurring on a
decision taken on a set of investigated parameters, on
other neighbourhood design domains. In other words,
parametric design is mostly suited for the final
optimization of designs rather than for the initial
shaping of the design space.
Finally, standard simulation software does not
perform backward analysis. Proceeding backwardly
from performances to technical parameters is a
crucial process in the conceptual phase, since clues
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regarding dimensional, formal and technological
solutions that reach a certain level of performance is
of paramount importance for a correct approach to
multi objective problem space arising in any early
design phase.
This paper proposes a methodology for the design of
decision support systems in the conceptual design
phases. The system proposed is based on a very
broad and cognitively well-grounded design
paradigm (Simon, 1996), which sees design as an illdefined problem solving process. This means that
design proceeds defining both the problem spaces,
(i.e. what is relevant for the specific problem to be
solved) and the problem solution concurrently. The
solution proposed introduces the concept of
Probabilistic Design Space (PDS) as a means for
statistically relating technological and performance
features concerning a specific design issues. The
dynamics of the design process are then captured by
combining different PDSs which may eventually
overlap, providing a statistically grounded
representation of the design space. This
representation supports what-if analysis in both
forward and backward reasoning, easy browsing of
design alternatives and correct management of
missing information and of uncertainty affecting the
parameters. The approach is based on Bayesian
Networks (BN). Each PDS corresponds to a BN
model that is built on top of a set of design cases
sharing a common design problem. Cases are the
results of a number of simulations run with standard
simulation software. Therefore, cases represent
instances of the general unknown relationships
occurring between technological and performance
features for a given design issue. The set of generated
instances are then processed by the BN so that a
generalised quantitative representation, which in that
sense extends the Case Based Design approach, is
built. Finally, the Design Space is composed
dynamically at design time by designers through the
combination of the various Bayesian models,
according to their specific needs.

MODELING CONCEPTUAL DESIGN
The inherent complexity of the design process comes
from the ‘ill-structured’ nature of design problems
(Simon, 1999). Ill-structured problems are problems
where the problem space is not known a prior but it is
defined in parallel with the solution process. The
more the design evolves towards a solution, the more
its relevant aspects are defined and used as the basis
for further development. From a designer’s
viewpoint, this means that the design process spirals
through stages of appreciation, action, and reappreciation. This distinctive design character has
been called co-evolution (Cross et al., 2001) (Maher
et al., 1996). (Schön, 1983) expresses, from a
cognitive perspective, the same concept when the
author considers, "designing a reflective conversation
with the materials of a design situation”, where the

practitioner's effort to solve the reframed problem
yields new discoveries which call for new ‘reflectionin-action’.
Structured observation of designers’ behavior (Cross,
2004) showed that designers seem to act very
inefficiently in terms of time and effort spent on the
definition of a problem. This is only an apparent
deficiency, rather the ability to identify and focus
relevant issues are among the key features of
designers’ expertise (De Grassi et al., 1999). The
concept of problem framing fully captures the nature
of this cognitive process. Problem framing means the
ability to structure a problem space by pointing out
relevant
issues
and
their
interconnecting
relationships. A fundamental role in problem framing
is played by designers’ experience, which allows for
a rapid and effective recall of information supporting
the identification of the problem structure and a rapid
generation of solution hypothesis.
Case-based design (CBD) (Maher et al., 1995)
(Oxman,1994) (Kolodner, 1993) is a well-known
approach to design problem solving, that addresses
the issue of problem framing by providing a means
for supporting relevance analysis through the
reminding of past design cases. CBD falls under the
more general category of reasoning by analogy.
Analogical reasoning is based on the idea that past
experiences sharing similarities with a current
problem may provide insights or assistance for
framing the new problem correctly and drawing out
valuable solutions. Along this line, CBD provides a
means for supporting design by reminding designers
of previous cases that could help in new situations.
CBD makes use of a database, or case base, made up
of previous design episodes usually represented as
sets of features arranged in problem – solution pairs.
Cases having relevant analogies with the current
problem are recalled from the database and ranked
according to similarity metrics. The most promising
solutions are then used to suggest strategies aimed at
deriving the real design solution.
CBD is a valuable approach for supporting problem
framing, as it avoids the generation of design
solutions from scratch and reflects the typical design
activity of explaining and critiquing a design’s
current status by referencing to past designs.
Nevertheless, from a decision support standpoint,
CBD is rather inefficient because designers’
decisions are driving by one or a few cases at a time.
In CBD, the entire statistics contained in the design
base are not at a designer’s fingertips because CBD
systems cannot provide an overall view of design
parameters’ interdependencies as they are implicitly
stated in the case base. Consequently, CBD offers
limited support to critiquing design decisions through
the exploration of different design scenarios.
This paper will demonstrate how Bayesian Networks
(BN) can be used to implement design decision
support systems by extending the CBD approach.

- 214 -

The Probabilistic Design Space concept (or Bayesian
Design Space) was first introduced in (Matthews,
2008) where an initial analysis of the application of
BN to designing and a custom learning algorithm
were provided. A number of industry standard
software products are presently available on the
market; products capable of providing efficient and
correct inference, learning algorithms supporting
missing data, and proved scalability to large BN. The
missing aspects in research literature concerns the
application of BN to complex design knowledge
modeling, and their role in overall design workflow.
In fact, the investigation of many knowledge
modeling nuances regarding practical and theoretical
aspects, such as the integration of symbolic and
numerical parameters, the structuring of large
knowledge sets, the efficient implementation of CBD
and so on are not sufficiently investigated. On the
other hand, the role of BN in overall design
workflow, such as their integration with simulation
tools, has never been examined. All these aspects
will be discussed in the present paper.

PROBABILISTIC DESIGN SPACES
A design domain is usually made up of a number of
different sub-domains which correspond to different
classes of performance. In Architectural design, for
example, typical sub-domains are structural design,
acoustic design, thermal design and so on. Each subdomain is characterized by a relatively well
structured set of parameters describing both the
performance and the features of the artefact to be
designed. For example, in the thermal design subdomain, energy need for cooling/heating is a typical
parameter which describes a building performance,
while envelope transmittance is a parameter which
describes a building feature. During the phases which
regard an artefacts’ initial conceptual design,
decisions are taken mostly on the basis of these
synthetic
representations
of
the
artefact’s
performance.
We define a Design Space as a structured set of
parameters
describing
both
the
artefact’s
performances, and the artefact features affecting
performances; therefore involved either directly or
indirectly in design decisions. In fact, as the problem
of managing multiple viewpoints exists, a Design
Space captures a single design alternative, which is
usually related to a specific designer’s viewpoint.
The structure of the design space is constituted by the
binding relationships among existing parameters. A
design decision consists in the assignment of one
value to one or more parameters. The value can be
either numeric or symbolic, depending on the nature
of the parameter.
A Probabilistic Design Space (PDS) is a Design
Space where parameters are represented by random
variables and the relationships between parameters
are represented by probabilistic conditional
dependency relations. A design decision in a PDS

consists in the assignment of a probability
distribution to a random variable, usually this means
assigning a 100% likelihood to one of its possible
values.
Bayesian networks (BNs) (Pearl, 2000) (Neapolitan,
2004) (Mittal et al., 2007) (Korb et al., 2004), also
known as belief networks, can be used to code
Probabilistic Design Spaces. BNs represent
knowledge by means of directed acyclic graphs
whose nodes stand for random variables. These can
be either numeric or symbolic, while arrows among
nodes denote conditional dependencies (usually
interpreted as causal relationships) among variables.
BN formalism is very general and can be used to
represent analytic formulas, relationships implicitly
represented in datasets, as well as qualitative experts’
opinions or idiosyncratic judgments. Once defined,
the network can support a number of reasoning tasks
such as deduction, induction and a combination of
both.
For example, the network in Figure 1 is a PDS
representation of the well-known Sabine equation
used to calculate the acoustic reverberation time of a
room, extended to include a set of materials linked to
the reflection coefficients.
𝑉
𝑅𝑇 = 0.16
∑𝑖 𝛼𝑖 𝑆𝑖
where RT is reverberation time calculated at 60db
under the testing signal level, V is volume of the
acoustic space in [m3], Si is extension in [m2] of the
surrounding surface whose acoustic absorption
coefficient is αi in [m/s].

Figure 1 A PDS implementing the Sabine equation
for three different materials.
The modelling of this equation into a BN is
straightforward. The first step involves the definition
of the numeric domain of each variable. Since RT is
proportional to V and inversely proportional to A the
domain of V can be chosen, without any modelling
constraints according to the design needs as, for
example, V={500, 2500, 5000, 7500, …, 25000}.
Since the partial derivatives of the function with
respect to α and S variables are squared inverse
functions, the domain of the α and S variables should
be partitioned more finely on lower values, as for
example S={50, 100, 200, 400, 800, 1600, …,9600},
α={0.2,0.3, 0.4,0.5,0.6,0.9 }. Finally, the extension of
the domain of RT must be calculated applying the
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extreme values of the V, α and S ranges according to
the rules of interval algebra. The resulting domain is:
RT = {0.00, 0.50, 1.00, 1.10, 1.20,…,2.00, 2.50}.
Once the domains of the random variables have been
defined, the current BN technology provides
algorithms for a direct mapping of the Sabine
analytical equation into an equivalent Conditional
Dependency Table (CDT). The PDS could be further
extended introducing costs or other technical aspects
and providing more bridges to other design spaces.
Once a PDS has been defined it can be used to
perform any kind of inference, in the form of what-is
analysis, by observing values on the nodes and
observing the resulting distribution on the other
nodes. Figure 2, for example, shows the PDS of
Figure 1 used to calculate the amount of surfaces
necessary for achieving a desired RT, given the
Volume, the S/V ratio and the materials. Each node
has a probability distribution over the domains
defined above. Red lines correspond to observed
values, 100% certainty, while green lines correspond
to resulting probability distributions.

represents the intensity of early reflections in a
number of outstanding theatres in the UK, with some
of their architectonic features that mostly affect this
parameter, such as Volume, S/V ratio, sitting area,
stall area, and so on. Despite the well-defined theory
of early reflections, there is no easy way to represent
the relationships among the C80 performance
parameter nor the influencing geometrical and
technological factors by means of a closed form
equation. In this case simulation and/or on site
measurements are necessary for filling in the gap.

Figure 3 Star shaped PDS, induced from a dataset
representing relationship among the C80 factor and a
number of geometrical and technological features.

COMBINING PROBABILISTIC DESIGN
SPACES

Figure 2 Inference performed on the Sabine PDS.
For some Surface nodes the resulting distribution is
not sharp, and this represents the uncertainty still
present in them, due to the fuzzy correspondence
occurring in practice between the materials and their
reflection coefficients.

LEARNING PDS FROM CASES
One of the most powerful BN feature is the
possibility of inducing relationships among nodes
from a dataset. Therefore, BN learning algorithms
can be used to induce the overall statistics of a design
sub-domain from a set of design cases. This means
that any dataset coming from building simulations or
on-site monitoring can be used as cases for the
construction of a PDS. This is a unique and very
powerful approach to building PDS. In terms of PDS
modelling, a star shaped network with the case
identifier at its centre, can be used. It allows a
parameter change to affect the distribution of others
and at the same time minimizes the size of the
relationships thus allowing for the implementation of
very large PDS. Expectation maximization (EM), can
then be used to infer the relationships among nodes,
even in the case of incomplete data. Figure 3 shows
the PDS induced from the database of cases
combining measured C80 clarity factors which

We have already stressed the fact that supporting the
highly dynamic nature of design practice requires
systems capable of flexibly structuring their
knowledge base to reflect new evidence and/or
changes in the reasoning context. In the PDS
framework proposed this means that different PDS
could be dynamically arranged either to build more
detailed representations of a sub-domain (e.g.
arranging reverberation time and early reflection
theories within the same acoustic sub-domain) or to
bridge different sub-domains (e.g. a volumetric study
with the thermal and acoustic PDS). From a purely
formal standpoint this entails the combination of two
or more PDS in the same reasoning context. PDS can
be combined only if they share a number of domain
parameters. Shared domain parameters act as a
bridge between different PDSs. Since each design
case has its own generality degree, moving decision
among PDSs, reflects the natural dynamics of
analysis as observed in design processes. In the
examples discussed so far, the Sabine PDS can be
combined with the C80 PDs through the Volume and
the S/V parameters. This means that any choice in
one PDS reflects on the other through these
parameters. The more the design proceeds, the more
PDS are used to build the design space, providing
islands of qualitative-quantitative models that can
easily supply an overview of the repercussions of
decisions taken in one domain in other domains. The
next section provides an extensive example of this
dynamic.

- 216 -

EXTENDED EXAMPLE
This example reports a fragment of a preliminary
architectural design task concerning energy
efficiency, observed in a real design case and
reframed in a PDS paradigm. The designer
addressing the task has already matured a preliminary
idea in terms of the building’s general layout (Fig. 4),
including a number of constraints such as the
location (Sicily, Italy) and the number of storeys (i.e.
2). In terms of the energy efficiency perspective, one
of the main issues is related to overheating due to the
high solar gains which characterize Mediterranean
regions. The designer has already decided to use
massive, heavy materials for achieving high inertia
and minimizing solar gains for conduction in opaque
surfaces, even if, she/he would like to make the most
of the panoramic view by including some glazed
surfaces without having to recur to external shading.
Thus the designer tries to manage the solar radiation
entering the building using the shadows deriving
from overhangs.

arranged by combining different design parameters
such as: location, presence of shading, window to
wall ratio (WWR), use, construction layers,
orientation. The energetic performance parameters
used are: Energy Need for Cooling as global
parameter and synthetic parameters for the five main
thermal processes occurring: Conduction through
Opaque Envelope, Energy Transmitted through
Windows,
Internal
Gains,
Infiltration and
Ventilation.
Solar Radiation through Windows (SW)
This PDS (Fig. 6) aims at evaluating the role of
different formal and technological design choices in
terms of solar gains through glazed surfaces in the
cool season (April-October). The database consists of
1100 cases which represent the monthly performance
(7 months) of 70 different zones derived from 6 real
buildings. Different shading devices were considered
for each case. Design parameters expressed are: Solar
Radiation, Shading factor, Overhang factor for each
Orientation, Orientation, Window to Wall Ratio,
Glass Transmittance . The energetic performance
parameters used are: Energy Transmitted through
Window, for each Window in different Orientation
expressed in [MJ] per square meters of Window and
the Total Energy Transmitted through all windows in
a Zone, expressed in [MJ] per square meters of floor.

Figure 4 A sketch of the initial design idea
In this design context three PDSs introducing as
many parameter clusters can be used to support
decision, concerning:
• energetic behaviour of a generic Mediterranean
building,
• solar gains through windows and window design
parameters,

Figure 6 A snapshot of the Solar Radiation through
Windows PDS

• energetic reduction due to overhangs in windows.
Generic Mediterranean Building (MZ)
The first PDS (Fig. 5) refers to the energetic
behaviour of typical buildings in Mediterranean
Location in relation to the cooling season (AprilOctober). It was built in order to investigate the
effect of different scenarios in this specific climate.

Figure 5 A snapshot of the Generic Mediterranean
Building PDS
The PDS was induced from a database consisting of
1218 cases corresponding to as many simulations,

Overhangs (OV)
The overhang PDS (Fig. 8) refers to the effect of
overhanging zones in Glazing surfaces located in the
reference zone below. The energetic performance
parameter used is Energy Transmitted through
Window [MJ/m2]. Design parameters are rather
detailed in this case, including overhang parameters
such as the height and the width of the Reference
Zone (i.e. the zone to be designed) and the length and
the width of the overhanging zone. Furthermore, a
number of synthetic parameters for describing
overhangs were introduced (Fig. 7). The database
consists of 1308 cases in total (considering monthly
performance for 12 months) obtained from 8
different formal situations varying: Reference Zone
and Overhanging zone geometric data, Orientation
and Window to Wall Ratio.
PDSs combination and interaction
These three PDSs were built using simulation cases
generated for previous researches focusing on the
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energetic performance of buildings. In this extended
example, only a part of the information contained in
each simulation is used in the design cases.

probability distributions such as Solar Radiation
(SolRad [W/m2]) and Total Energy from
Fenestration in a zone (Z_Ftot_Etot [MJ/m2]), as
reported in Figure 9.

Figure 7 The geometric model underlying the
Overhang PDS

Figure 9 Observation propagation in MZ

Figure 8 A snapshot of the Overhang PDS
The strategy used for populating the knowledge base
is indeed an open epistemic topic, given the
possibility to broach the problem either
systematically or using a focused approach. This
point is not dealt with here as the scope of the present
paper is limited to aspects concerning knowledge
architecture.
In this extended example, the design evolved
essentially in two phases:
•

The designer then tries to evaluate the contribution of
solar radiation through fenestration. This is indeed a
switch of design context, since it involves a more
detailed analysis. This, in the PDS framework,
corresponds to moving across PDSs. In this example
the shared Solar Radiation and Total Energy from
Fenestration parameters are used to make a bridge
between the MZ and SW PDSs. Moving from the
MZ to the SW PDS means reflecting the likelihood
distributions of the shared parameters calculated in
the first PDS into the second.
Fig. 10 gives a schematic overview of the design
fragment described so far. Rounded rectangles
represent PDSs and white rectangles represent
parameters. Arrows stand for the inference flows.
Energy Need for Cooling

Screen Shading
factor
SolRad [W/m2]

Screen Shading
factor
SolRad [W/m2]

In the first phase, the designer performed a
backward analysis, fixing a desired range of
energetic consumption and searching for
compatible design configurations.

SW

•

In the second phase, the designer tried to figure
out the estimated value of energetic
consumption.
In both phases, the design reasoning can be reframed
by means of the three PDSs. In the following
paragraph, for simplicity’s sake, we describe the
reasoning processes as if the designer had actually
used the PDS.
In the first place, the designer uses the MZ PDS and
fixes a number of values on the basis of design
constraints such as location (=Palermo), and Screen
Shading Factor (=0) given the fact that she/he would
prefer not using shading devices. Backward analysis
starts from fixing a range for Energy Need for
Cooling in MZ, e.g. 0-40 MJ/m2.
Having fixed (i.e. observed) this value, the MZ PDS
propagates this selection to the other parameters’

MZ

MEDITERRANEAN
ZONE ENERGETIC
PERFORMANCE
Z_Ftot_Etot
[MJ/m2]

Z_Ftot_Etot
[MJ/m2]

Overhang factor

SOLAR GAINS
WINDOW

Figure 10 A scheme of the first design step

Figure 11 The geometric relationships defined by the
Lover/Hzone and Width Factor parameters.
A range of possible values with the associated
likelihood for a suitable Overhang Factor in each
orientation (Over_XX) was obtained in a subsequent
step. Once again the quantification of these values in
terms of the geometrical dimensions of the spaces
required a more detailed analysis and a
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corresponding PDS transition. Hence, these values
were reflected in the OV PDS providing a more
detailed dimensional insight in terms of the
geometric arrangement of the two volumes (i.e.
Lover/Hzone and Width Factor parameters see Figure
11). Figure 12 summarizes this design fragment. At
this point, the PDS framework offers the designer the
possibility to browse through alternative overhang
parameters, unavailable in the traced design.
OV

Z_Ftot_Etot
[MJ/m2]
Lover/Hwall

as shown in Figure 14. In this second phase the
propagated values among the different PDSs are the
expected values of each distribution. In fact, the
interest of the designer was to estimate the most
likely energy consumption consequential to his/her
design choices. In the MZ PDS the resulting values
for Energy Need for Cooling (Ec) was calculated as
(Z_Ec [MJ/m2] = 30 (20-40)) (Fig. 15). Furthermore
the PDS provides further non investigated compatible
parameter estimations, such as the Global Window to
Wall Ratio (Ftot_WWR= 16.4 (15-17.8)).

OVERHANG ROLE
Width factor

Z_Orient
Lover
Href
Wover

Overhang factor

Wref

Figure 12 A scheme of the second design step
The designer can, in the supported case, explore
optimal parameter choices within the originally
imposed 0-40 MJ/m2 energy consumption range.

Screen Shading
factor
SolRad [W/m2]

Screen Shading
factor
SolRad [W/m2]

Z_Ftot_Etot
[MJ/m2]

Window
area/each side
Overhang
factor/each side

SW

MZ

MEDITERRANEAN
ZONE ENERGETIC
PERFORMANCE
Z_Ftot_Etot
[MJ/m2]

Ftot_WWR

Z_Ftot_Etot
[MJ/m2]
Lover/Hwall

Z_F_E_Etot
[MJ/m2w]

Overhang factor

COMPARISON WITH STANDARD
SIMULATION
A design configuration coherent with the setting and
the PDS cues described in the example was simulated
using the commercial software Design Builder (Fig.
16) in order to perform a preliminary validation of
the methodology. Three cases were simulated,
varying Overhang East and Window Surfaces. The
geometrical data defined for each zone and
consumption are reported in Table 1. The activity
template used was “Dwelling_CommonAreas”. The
construction template used was “Italy Heavyweight”
and the glazing template used was “Best Practice”.
All other settings are default values.

Figure 13 A scheme of the third design step
Energy Need for Cooling

Figure 15 MZ BN : estimated actual consumption

Width factor
Z_F
[MJ

Overhang factor

SOLAR GAINS
WINDOW

Figure 14 A scheme of the backward design steps
Once the optimal choice was made, see for instance
the sketch contained in Figure 11, the designer tried
to
estimate actual energy consumption more
accurately. This backward process is represented in
Figure 13 with darker arrows. The designer’s choices
regarding the overhang (81) and the Energy
Transmitted through East Window was observed in
the OV PDS and propagated. Reasoning proceeded
backwardly through the SW PDS to the MZ model,

Figure 16 The DesignBuilder model of Case 3
Table 1 reports the value for Ec obtained in the three
cases. Case 1 has a low WWR (in the range
considered by the MZ PDS) in addition to the best
performance, even if only the lower zone has
overhang. Case 2 has the worst performance, having
a higher WWR and no overhangs in the upper zone.
Case 3 is similar to case 2 but an overhanging surface
was also located on the higher zone. It also has a
mean monthly Ec equal to 35.58 MJ/m2 (only from
April to October), in any case contained within the
range 20-40, even if the WWR is out of the MZ PDS
domain.
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Table 1
Comparison between performance values estimated through the PDS framework and calculated by means of
standard simulators
CASE 1

CASE 2

CASE 3

UPPER

LOWER

MEAN

UPPER

LOWER

MEAN

UPPER

LOWER

MEAN

284.4
130.8
25
0
0
14.6
10.4
25
0

350
180
30.4
0
30.4
0
0
30.4
81

317.2
155.4
27.5
17.8
40.5

284.4
130.8
57.4
0
32.4
14.6
10.4
44
0

350
180
42.1

284.4
130.8
57.4
0
32.4
14.6
10.4
44
81

350
180
42.1

30.4
3.2
8.5
23.3
81

317.2
155.4
49.75
32
40.5

30.4
3.2
8.5
23.3
81

317.2
155.4
49.75
32
81

38.44

11.42

24.93

74.00

20.35

47.17

52.17

18.98

35.58

Volume [m3]
Wall Surf. [m2]
Glaz.Area [m2]
Gl. Area. North
Gl. Area. East
Gl. Area. South
Gl. Area. West
WWR
Over_E
Energy Need
Cooling[MJ/m2]

CONCLUSION
This paper introduces a methodology for building
design support systems that are suitable for early
design phases. The computational framework
adopted and the preliminary results recorded are
discussed. A number of PDSs were developed so far,
using Bayesian Networks, in relation to different
design sub-domains but more PDSs are needed in
order to validate the methodology through further
research. A preliminary Graphical User Interfaces
mock-up was also designed. A prototype integrated
system will be developed in the upcoming months.
The effective application of this support system calls
for major investment in terms of collecting design
and performance data from numerous different cases,
structuring them in PDSs and making them
exploitable through adequate Graphical User
Interfaces.
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