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Abstract

This article presents a rigorous simulation-based optimization framework that enables concurrent and consistent decision-
making in building design. Analytical Target Cascading (ATC), a multi-level engineering design optimization framework, is
extended to thermal and HVAC design in buildings. The framework facilitates computational decision support for meeting
building performance goals, allows autonomy of specialized design tasks with timely and efficient use of analysis tools, and
preserves dependencies between possibly competing building performance goals. A pilot application demonstrates how ATC
functions in the context of building design. Relevance and benefits of this hierarchical optimization approach to multi-criteria

building performance problems are also discussed.
Published by Elsevier B.V.
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1. Introduction and background

Building simulation’s central concern is design
performance. The field of building simulation is
dedicated to developing analytic tools for modeling
and computing performance in design; it has signifi-
cantly influenced design practice and the way that
computational analytic tools have been used to
examine a design’s performance. Hence, the iterative
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process of making design decisions, computing their
effects on design performances, and evaluating and
comparing the results with previous design decisions
is well integrated in the use of building simulation
tools. Design optimization can formalize and improve
this process.

Optimization techniques have been used in archi-
tecture primarily for solving problems of space layout,
structural design, and building performance. Space
layout optimization is concerned with finding feasible
topology and dimensions of interrelated objects that
meet all design requirements and maximize design
preferences [16,17]. Structural optimization involves
configuration of structural elements and whole con-
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structions, their geometrical and mechanical features,
and the properties of their materials for optimizing
mechanical, economic and/or aesthetic criteria [2].
Building performance optimization involves position-
ing and sizing architectural elements, selecting mate-
rials, and determining appropriate control settings for
maximizing acoustic, thermal or lighting performance
criteria in a given context. Performance optimization
is different from solving structural design and space
allocation problems. In addition to geometry, top-
ology, and materials, it is significantly influenced by
schedules of control and operation of the design.
Similar to structural design, model functions in
building performance optimization problems are
mostly simulation-based, often involving complex
finite element analysis.

Gero et al. [9] and Wilson and Templeman [36]
were among the first to present building performance
problems within the design optimization framework.
Wilson and Templeman [36] derived design decisions
that minimize initial and operational costs of an office
building by posing the problem as a constrained non-
linear optimization problem. Gero et al. [9] included
energy efficiency in the context of other performance
criteria and proposed a design optimization model for
generating Pareto sets to understand trade-offs
between multiple performance criteria.

In general, problems involving architectural
design elements are often ill defined. Too often,
design eclements are selected by simultaneously
considering numerous quantifiable as well as non-
quantifiable criteria. In addition, the nature of the
problems and use of complex simulations to
evaluate functions often yield undesirable properties
in the optimization model. For these reasons, the
use of numerical methods to solve building per-
formance problems has been restrictive, and Al
techniques were generally favored in the 1990s for
their logical rather than mathematical approach
[18,27,28,31]. The contribution of Al techniques is
still significant for posing simulation-based design
as a systematic problem, and for initiating the use
of computational techniques to solve them. How-
ever, they have been shown to have very limited
applicability.

Many improvements in numerical methods, sol-
ution strategies, and development of new algorithms
over the past decade now allow a wide range of

complex problems to be solved effectively. Building
performance functions are often smooth in theory, and
where possible, gradient-based methods have been
shown to be very efficient and reliable [6,11,25,38].
However, use of complex simulations often results in
derivative discontinuities, because of which gradient-
based methods can fail.

Derivative-free deterministic methods such as
generalized pattern search [1], DIRECT [12], and
lattice methods [32] have been shown to perform
particularly well for problems that suffer from
simulation noise [26,29,34], but are generally limited
to small problems. In addition to discontinuities in
function-responses, simulation-based optimization
can also be time-consuming since each design
evaluation involves the use of simulation. Recent
applications [34,6] have addressed both these issues
by using approximation-based methods that derive
simpler functions of the original simulation responses
and use them for a partial search during the
optimization process.

Over the past few years, stochastic methods such
as simulated annealing and genetic algorithms have
also become very popular, and have been applied to a
range of problems for optimizing thermal and lighting
performance based on building enclosure, HVAC
design, and control schedules [3,5,7,37]. These
methods are attractive mainly because they solve a
wide range of problems, do not require functions to be
smooth, and can handle mixed-discrete variables.
However, these methods are based on random search
and will often derive unreliable results unless used
with considerable skill and intuition.

Hybrid strategies combining two or more methods
have been used to overcome problems associated with
one particular method. For example, Michalek et al.
[19] and Monks et al. [22] use the global and versatile
nature of stochastic methods with rigor and efficiency
of gradient-based methods in a combined framework.
[35] propose to combine genetic algorithms and
pattern search [10] to derive a hybrid method that
reduces computational run time in problems involving
expensive simulations.

In addition to exploring a range of different
methods, the applications from the past few years
also demonstrate that with good understanding of the
methods involved, design optimization can be effec-
tively used to improve building performance and
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provide rigor in the way we use simulation tools.
However, simulation-based design tasks often require
expert analysis of different but interconnected per-
formance goals. In principle it is desirable to evaluate
interrelated design decisions concurrently so that their
combined effects on different performance goals may
be maintained. However, combining all design deci-
sions and evaluating them simultaneously is difficult
because it involves multiple and often conflicting
performance goals, which may require expert analysis
at very different levels of complexity and with
different design information.

Past work on the simultaneous optimization of
multiple performance goals has used multi-criteria
formulations with preference or non-preference-based
strategies. These applications typically provide the
decision maker with values for decision variables that
best accommodate a weighted set of performance
criteria. The difficulty in elaborating them to include
more than a few analytical tasks and decision
variables is that the problem quickly becomes too
large and complex to be implemented in one model.
Even when numerical results are successfully
obtained, one may not be able to interpret the design
trade-offs or use intuition to confirm computed results
[24]. For large and complex cases, some form of
problem decomposition becomes necessary. In addi-
tion to making a problem manageable, decomposition
of a large problem by focus or discipline is beneficial
because it allows for the specialized analysis and
decision making of individual design tasks. On the
other hand, when the decision maker separates and
designs individual parts of the problem, he must not
only coordinate common decisions between different
problems, but also combine the solutions into a single
compatible set.

To coordinate design decisions conducted in
separate parts, or for different performance aspects
of the same problem, a rigorous and tractable process
is necessary. This article thus presents a simulation-
based design optimization model that: (a) is rigorous;
(b) facilitates computational decision support for
meeting performance goals; (c) allows autonomy of
specialized design tasks with timely and efficient use
of analysis tools; and, (d) preserves dependencies
between various performance goals associated with a
design, thereby enabling concurrent and consistent
decision making.

2. Simulation-based building design by hierarchical
optimization

Solving a combination of interrelated problems
belongs to the realm of systems design, which is the
branch of engineering concerned with the develop-
ment of large and complex systems. Since simulation-
based design problems require multiple criteria and
diverse modes of analysis, they can be placed in the
category of systems design, in which solving numer-
ous performance goals for one problem is similar to
assembling interconnected decision-making tasks. In
this paper we present Analytic Target Cascading
(ATC) in the context of thermal and HVAC design
[4]. Hitherto used for automotive designs [13,14],
ATC is a hierarchical optimization methodology for
achieving compatible design targets in large engineer-
ing systems at early product development stages. It is
based on the premise that the performance of a system
element can be derived analytically as a function of its
decision variables.

The following assumptions apply for using ATC as
a methodology for handling thermal and HVAC
design problems:

» Performance goals can be embodied as design
targets that are to be achieved via design decisions.
Some of the performance goals can be set as
overall design targets, and introduced as part of
initial problem definition.

* These targets, along with any required perform-
ance specifications, can be computed as functions
of design decisions by using analysis/simulation
models.

* A complex simulation-based design problem can
be decomposed or partitioned into subproblems
that can be further decomposed.

» It is possible to identify a hierarchical organization
in the decomposition.

In the context of simulation-based design, a
particularly beneficial feature of this decomposi-
tion—coordination approach is that each subproblem
in the hierarchy constitutes a separate optimization
problem and is associated with only those analysis
models that are capable for computing the values of
performance goals set for it. This allows both
optimization algorithms and analysis tools to be
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used exclusively for the relevant decision-making
problem.

The following section describes the ATC method-
ology. This methodology was earlier referred to by
Michelena et al. [21] and more thoroughly presented
by Kim [14]. While the ideas remain faithful to the
original formulation, the general notation has since
evolved. The notation followed in this article refers to
[20] and [23]. Through a pilot application, we
demonstrate how problem-specific selection of opti-
mization methods can be used for solving simulation-
based design tasks in buildings. Furthermore, appli-
cation of optimization methods in building design is
extended not only to computing efficient solutions for
specific problems, but also to deriving compatible
values of dependencies between multiple intercon-
nected decision problems.

3. The ATC process

ATC is a multidisciplinary hierarchical optimiza-
tion methodology that provides a systematic process
for propagating desired top-down performance targets
to appropriate lower level performance values (Fig. 1;
[23]). In the ATC framework, the original design
problem is partitioned into a set of subproblems
constituting system, subsystems, and components.
Design targets are specified at the top level of the
multi-level design formulation and “cascaded down”
to lower levels. Subproblems at lower levels are
formulated so that all elements included in the
hierarchy match the cascaded targets consistent with
the overall system targets. Design targets derived at
lower levels are rebalanced to higher levels by

Fig. 1. Analytic Target Cascading.

Decision M odel AnalysisModel

R=r(X)

Fig. 2. Link between decision and analysis model in the ATC
framework.

iteratively adjusting values of targets and decision
variables.

Each subproblem in the ATC hierarchy requires a
decision model and one or more analysis models. The
decision model of a subproblem is its formulation as a
design optimization model. It requires representation
of subproblem performance R, decision variables X,
and all relevant constraints g and h on decision
variables. The decision model also embodies the links
of each subproblem to upper and lower level
subproblems in the hierarchy. It is through these links
that top-level targets are propagated down and lower
level responses are rebalanced up the hierarchy. Each
decision model is associated with one or more
analysis models to compute performance R as a
function of decision variables X. The analysis model/s
take(s) values of decision variables as input and
returns their corresponding performance response as
output (Fig. 2). Every analysis model requires an
analysis tool (a simulation, for example) or an analytic
function r from which performance R can be derived
with respect to decision variables X. In the building
simulation context, the simulation will typically return
a data set (for example, a vector of room temperatures
at every time step), which is processed by the analysis
model into the required performance response (for
example, maximum daily temperature).

Every subproblem in the ATC hierarchy is formu-
lated and solved independently, and is posed to
optimize “target matching” with its upper and lower
level subproblems. The ATC problem is solved
iteratively for meeting all targets as closely as possible
by a coordination strategy. Once compatible targets
are derived from the ATC process, individual sub-
problems can be isolated and outsourced to be solved
in further detail, thereby enabling truly concurrent
design [15]. In the ATC methodology, this constitutes
the embodiment design step [14]. ATC is a general-
izable design methodology with proven convergent
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properties [20]. Fig. 3 shows these basic steps in the
ATC process, as well as the embodiment design step
that follows it.

Formulating a design problem in the ATC frame-
work requires: (a) identifying appropriate decomposi-
tion, (b) hierarchical organization of decomposed
subproblems and identifying key links between them,
(c) formulation of subproblems as decision models
and identifying suitable optimization algorithms to
solve them, and (d) building and mapping appropriate
analysis models to each decision model.

Once formulated, steps involved in solving an ATC
problem can be summarized as: (a) specifying values
of overall design targets (referred to formally as
“target setting”), (b) propagating specified top-level
targets to lower levels and optimizing all subproblems
to match targets as closely as possible, and (c)
iteratively searching for an overall consistent solution
by applying a coordination strategy.

3.1. Hierarchical formulation

The first step in setting up an ATC problem is to
decompose the problem hierarchically. Typically four
types of decomposition strategies are commonly

found in systems design literature [33]: Object,

Overall Targets

Compatible Yes

Targets?

i No
i
H

i Analytic Target Cascading

Aspect, Sequential and Model decompositions. Object
decomposition divides a system by physical compo-
nents such as building, zones, rooms and components.
Aspect decomposition divides the system according to
different specialties or disciplines and is relevant
when multiple performance aspects are evaluated for a
physical component (for example, lighting and air
distribution). Sequential decomposition is applicable
when partitioned subproblems are organized by work-
flow or process logic. Sequential decomposition
presumes uni-directionality of design information.
Model decomposition is a more rigorous problem-
partitioning method based on functional dependencies
between decision variables and functions included in
the problem.

By this method, unconnected or weakly connected
structures in the overall decision model are identified
by examining all included functions against decision
variables [24]. Such decompositions can be applied to
simulation-based design problems by notions of
physical hierarchy in buildings, by the type of design
information an analysis or simulation requires, by
performance aspects included in the model, or by
logic of information flow.

Once the decision model is decomposed, appro-
priate analysis models are associated with each

system 1

sub-
system 1 ]
L Final

Design

sub-
system 2

sub-
system 3

Embodiment Design

Fig. 3. Basic steps in the ATC process.
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element in the hierarchy. An analysis model is
appropriate if it can compute performance values as
functions of its decision variables. The existence of
appropriate analysis models is presumed in this setup.
Every analysis model evaluates design decisions by
taking variables and parameters as input and returning
performance values as output.

In the ATC framework, problem partitioning also
includes identifying common links between subpro-
blems. Horizontal links between subproblems are
called linking variables. Linking variables represent
decisions shared among two or more decision models
at the same vertical level [14]. Their value is
determined individually by the decision models that
share them and coordinated by the upper level parent
problem. This means that subproblems that share
linking variables must also have a common decision
model at the upper level.

The vertical relationships between decomposed
levels are embodied by performance targets and
responses. Fig. 4 shows the information flow up and
down the ATC hierarchy for a three-level problem

with one system, three subsystems, and two compo-
nent level problems. Rectangular boxes represent the
decision models, and oval boxes are the analysis
models. As an example, the subsystem B model
receives its target values Rj from the system level
model S. At an iteration k£ in the ATC process,
subsystem B also has target values of responses Rf,
and R5,, and linking variables yﬁl, and yﬁz from the
component levels. Subsystem B is solved for deter-
mining values of its local decision variables Xg, values
of component level responses Rp; and Rg,, and
values of coordinating linking variables yg such that
deviations from information received from upper and
lower levels are minimized. This includes minimizing
deviations between Rg; and RS, Rg, and R5,, YB
and y§;, yg and yh», and Ry and Rf. Subsystem B
computes its response Rp by using its analysis model.
It provides values of local decision variables Xg and
lower level responses Rp; and Rp, as input to the
analysis model. The analysis model returns the
subsystem response Rg as output. Note that in these
interactions responses of a particular level are decision

R | Tt

System Level Problem S

Subsystem A

L L
RBl’yBl

Re; = rgy(Xe1, Yen)

sharelinking
variables Yy

L L
RBZ'yBZ

Re, =r5(Xa2:Yes)

Fig. 4. Information flow up and down the ATC hierarchy (figure shows a three-level example problem with one system, three subsystems, and

two component level problems).
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variables input to the analysis model at the level
above. Another condition in this organization is that
linking variables are shared between children of a
parent problem.

3.2. Mathematical models

Fig. 5 shows the ATC formulation in the standard
index notation given by Michelena and Park [20]. For
target matching a problem S; for the j-th design
model at the i-th level, the general formalization of the
optimization model is stated as:

o 2 2
mimimize ||Rij - Rz['joz + ||yt‘j - ngz + ‘55 + &
xi/vY(:—l)/’Sijv ij

(1)
subject to:

L 2 R
Z HR<1‘+1)k - R(i+1)kH258ijv
keCy

kz Hy(iJrl)k - Y(Li+1)k’|§58§w
eCy

h; (%5) =0,
where:

X=X ¥ii» Rk - ~aR(i+1)k(,,/.]T is the vector of
all decision variables of element ; at level i,

— Ry=r;(X;) where r; is the vector function that
represents the analysis model. It calculates the
responses for element j at level i by taking in all
its decision variables as input.

- Cy~k,.. .,kc”}, and c¢; is the number of child

elements,
Elementsj
i=1 [i=A]
¢ -2 [i=A]  [i=8]
g
i=3 [i=a] [i=8] [i=c] [i=D]

Fig. 5. Standard index notation for a hierarchically partitioned
problem.

— X,;eR" is the vector of local decision variables
for element j at level i,

- yijele’f is the vector of linking variables for
element j at level i,

— R;eRY is the vector of local responses for
element j at level i. It is a function of local,
linking, and children response variables:
o ﬂ{”ﬁ+li/+2k d<,v+1)k_,9{d,j’

- a,—f is the tolerance variable for consistency of
targets set at element j level i and the responses of
j’s children,

— & is the tolerance variable for consistency of
linking variables coordinated at element j level i
for child elements at the (i+1)th level,

- R}jeiRd"f is the vector of response values cascaded
to element ; at level i as targets from its parent at
level (i—1),

- yge‘R[‘V is the vector of coordinating linking
variables for the linking variables in the children
of element ;j at level i. This vector includes one
copy of each linking variable from all of element
j’s children.

- R{“[ ) ke‘ﬁd(””k is the vector of response variable
values cascaded to the element j at level i from its
k-th child at level (i—1),

- y](‘l. H)keiﬁl("*”" is the vector of linking variable
values cascaded to the element j at level i from its
k—th child at level (i—1),

— gyt RITTISRY and hy : RGTIHISRY are
vector functions representing inequality and
equality design constraints,

— |l || represents the square of the I, norm.

In this general formulation, the overall system
targets are specified (represented as R;=T). Also,
subproblems that do not have any children will not
contain the tolerance variable for coordinating lower
level information. Subproblems that do not share any
linking variables with other children of their parent
element will not have the terms for minimizing linking
variable deviations, and parents whose children do not
share any linking variables will not include the
tolerance variable for coordinating linking variables.

3.3. Hierarchical coordination

The order of solving each decision model in the
ATC hierarchy and dispatching its solution to other
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models in the hierarchy is called coordination strategy.
Once the ATC problem is set up for all elements in a
hierarchy in the form shown in Eq. (1), a coordination
strategy is applied to iterate through the multi-level
structure. The main requirement for a coordination
strategy is that it should converge to the same solution
set as that of an unpartitioned problem [20,24]. A
general assumption in the ATC literature is that the
optimization problems are continuous. However the
formulation is also valid for mixed-discrete problems.
The ATC formulation is both top-down and
bottom-up, which means that once some overall
performance targets are specified at the topmost level,
they are disseminated down to determine the value of
lower level performances. Likewise, if performance
targets are initially specified for lower level problems,
then the upper level performances can be determined
based on the information propagated up from the
lower levels. In this manner, the solutions derived at
any particular level in the hierarchy are sought to be
consistent with all other components of the partitioned
problem. The iterative process of cascading targets is
repeated until specified termination criteria are met.

3.4. Relevance and benefits to consistent simulation-
based design

In addition to the general benefits of problem-
partitioning and explicit means of deriving system
optimality, ATC offers a goal-driven method in
contrast to the data-centric approaches to collaborat-
ing design decisions in building simulation. It is a
process in which dialogues between multiple decision
making tasks are singularly motivated towards meet-
ing performance specifications. Instead of direct
transfer/sharing of information among various simu-
lations from a data repository, this framework
connects simulations via decision-making models, or
in other words, through the purposes for which they
are required (see Fig. 4). Communications among
simulations thus occur only where necessary. This is a
particularly beneficial prospect in the building design
context where communications between interrelated
simulations can be overwhelming and sometimes even
indiscernible. It is also an approach that is likely to be
more rewarding because all aspects involved in a
simulation-based scenario including making deci-
sions, evaluating trade-offs, or invoking a particular

analysis tool, depend on what performance specifica-
tions of a particular problem. Likewise, their consid-
eration is central to the ATC model.

In addition, the ATC process seeks solutions that
are compatible with all performance goals included in
the problem. If a compatible set is not feasible, the
ATC process allows the modeler to examine trade-offs
explicitly. Explicit knowledge of trade-offs between
performance targets can better inform decision mak-
ing in practical settings where performance goals are
likely to be contradictory.

The clear separation between the decision and the
analysis model is also an important feature in this
hierarchical decomposition approach. It implies that
the decision models can be freely modified as per the
problem, by adding or changing performance goals or
decision variables. New functional relations can be
included as additional constraints depending on the
peculiarities of the problem under consideration.
Furthermore, analysis tools can be used efficiently
without information overload of irrelevant decision
variables. The independence of the decision model
from the analysis model also provides the flexibility
to use any relevant simulation tool that is available.
Finally, for any particular subproblem in the hier-
archy, multiple analysis models can be also used if
required. The following section extends this method-
ology to the building design context through a pilot
application.

4. Pilot application

Thermal and HVAC design illustrate a typical
simulation-based problem outsourced to specialists by
specifying a set of performance goals and design
decisions by which those goals much be achieved.
Such problems permit partitioning decision-making
tasks into subproblems defined by the design deci-
sions involved, the type of design information a
particular analysis or a simulation requires, the
performance aspect, or the physical zone being
considered.

The following problem extends the ATC frame-
work to the context of simulation-based design in
buildings by applying it to the thermal design and
analysis of a fictional design scenario. This design
case also serves to validate the multi-level optimiza-
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tion approach against solving the problem altogether
in one model by comparing results obtained from
both. Symbols used throughout this study are given at
the end of this article (Table 8).

4.1. Design scenario

Thermal design of a three-zone building consisting
of one office and two workshops is considered
(Fig. 6). This problem is defined for making decisions
on the sizes of walls and windows, thermostatic set
point temperatures, and average zone velocities for
meeting specified performance targets. The two
workshops (zones 2 and 3) are assumed to be identical
in terms of use, environmental conditions, and
occupancy.

Depending on the function and schedules of use,
the following targets are specified for the building:

(a) Overall floor area: while seeking the optimum
wall sizes of each zone, the total building area 4,
must match the given overall area 7, of the
building.

(b) Total thermal performance of zone 1, 2 and 3:
100% “thermal performance” is targeted for the

ZONE 3: WORKSHOP

ZONE 1: OFFICE

Vs ZONE 2: WORKSHOP

Xy
N
% plan

building. This implies that at the best case, the
summation of the thermal performance P of all
three zones should match target 7p=1.

Area A and thermal performance P represent the
overall building responses, and are derived by
summing individual zone area and performance:

A =24y + Ao, and P = (2P, + P,)/3 )

where Ay, and A4, are the areas of the workshop and
office respectively, and P, and P, are their thermal
performance values. Thermal performance Py, of the
workshop is formulated for minimizing annual heat-
ing and cooling energy. So P,=1 when the total
energy consumption of the workshop is zero. Thermal
performance P, of the office is defined for max-
imizing the number of occupied hours over which a
given occupant comfort index is maintained, and
P,=1 when the average absolute value of thermal
comfort index PMV over all occupied hours is zero.
Since the two workshops are identical, their area and
thermal performance is computed for one zone and
doubled to include the other.

e

south elevation

Fig. 6. The Three Zone Example Case.
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The decision variables included in this problem
are: (a) width of the workshop x,,, (b) ys and yt+y, as
length of the workshop and office respectively, (c)
window wall percentage of the workshop gy, (d)
window height of the office g,, (¢) mean zone
velocity vy, and v,, heating set point temperatures %
and ¢, and cooling set point temperatures 75, and 7S of
the workshop and office, respectively.

A,, and P,, are derived from the decision variables
and parameters related to the workshops, and 4, and
P, are functions of the office attributes only except for
s, Which is the length of the common wall between
the office and the workshop.

In addition to meeting overall targets 7 and Tbp,
cach zone design must be within defined feasible
limits of average room temperatures and thermal
comfort at all occupied hours and total annual energy
cost.

4.2. ATC formulation: hierarchical decomposition

The problem as posed can be decomposed in a
bilevel structure, based on physical distinctions
between the zones (see Fig. 7). The overall thermal
design problem is represented at the system level
where target values 7, and 7p are specified for

building area and thermal performance. The problem
is decomposed into two subproblems at the second
level. Subsystem 1 represents the office and sub-
system 2 represents the workshops.

The system level problem Z determines optimal
values of zone area and thermal performance (4, 4,
and Py, P,) for meeting specified building targets 7o
and T7p. Values of zone area and performances
derived at this level are cascaded down to the
appropriate zone level problem as targets. The
subsystem problems are solved for meeting their
area and thermal performance targets that are passed
down from the upper level, while satisfying design
constraints. The common wall between the workshop
and office (yg) is represented as a linking variable,
which means that it is coordinated by the system
level problem Z. The following mathematical for-
mulations are used to set up the ATC process for this
problem. Symbols used throughout this example are
also given in Table 8.

4.2.1. System level model

The system level problem is posed for meeting
specified targets 74=597 m? and Tp=1 with respect to
zone areas A, A, and thermal performance P, P,,
for minimizing deviations between values of zone

building area &
performance

office area &
performance

workshop arca
& performance

linking variable ¥,

Fig. 7. Decomposition of the Three-Zone Thermal Design Problem.



R. Choudhary et al. / Automation in Construction 14 (2005) 551-568 561

area and performance derived at this level with those
passed back from the subsystem level, and for
coordinating the value of linking variable shared
between the two subsystem problems. The optimiza-
tion model for the system level problem is formally
stated as:

Z : Minimize (P — Tp)2+(P - TA)2 +er+ey
(3)
with respect to:

RZS = (vaAO;PW7P0>
Yzs = (,,VS)

ER, Ey = (€R1,€R2, €R3, ER4; Ey)
where:
Rz [P, 4] = rz(Rzs)

subject to:

(AW — A&,)ZSSRl (AO — AE)ZSSRz

(PW — P&/)ZSSR‘j (Po — P§)2S£R4

3 (0= 092) + (- 09)20) )=

AQ'{“SAWSA{;}*‘X AgnfnsAosAg‘ax
P$ln SPW SP?&X P;nm SPO Spgqax
Yy Sy

In this particular example there are no local
variables at the system level (see Table 1). Therefore,
the only constraints are those formulated for coordi-
nating the information received from the lower level.
In addition to minimizing difference between targets
and performances, the deviation tolerances (eg and &y)
used for coordinating lower level information are also

Table 1

Summary of responses and variables at the system level
System level problem Z
System responses (Rz;) [P, A]

Local variables (X) —
Responses from the subsystem level (Rzg) [Pos Py, Ao, Ayl
Subsystem level linking variables (yz;) [ys]

minimized. In an ideal case the deviation tolerances
are expected to be zero, implying that values of the
building level variables match the performance values
determined at the level below, and the value of the
shared variable y; is set the same in both subsystems.
All objectives in this multi-criteria formulation are
equally weighted, and all targets and responses are
scaled between 0 and 1.

4.2.2. Subsystem level models

The optimization problems at the subsystem level
are posed for finding values of local variables and
linking variable such that the deviations between
target zone area and performance cascaded down from
the upper level are minimized, while satisfying all
local constraints. Since both subsystem problems 1
and 2 represent the last levels in this example, their
problem formulation will not include any terms for
coordinating of lower level information.

The local decision variables included in subsystem
1 (office decision model) are: (a) partial length of the
office y,, (b) window height of the office, (c) mean
zone velocity v,, (d) heating set point temperature ¢,
and (e) cooling set point temperature 5. Subsystem 2
(workshop decision model) local variables include: (a)
width of the workshop x,,, (b) window wall percent-
age of the workshop gy, (c) mean zone velocity vy,
(d) heating set point temperature 7.", and (e) cooling
set point temperature z,,. Length of the common wall
between the office and workshop y; is the linking
variable.

The scaled area of the office 4, and the workshop
A, are derived from the following decision variables
and parameters (see Fig. 6):

Aw = kw (xw.VS) (4)

Ao = ko(xo(ys +y0))

where x,, and x, are the width of the workshop and
the office respectively, y; is the length of the work-
shop and also the shared wall between the office and
the workshop, and y¢+y, is the length of the office. &,
and k, are the scaling parameters for A,, and A4,,
respectively.

Thermal performance P, and P, are evaluated
with respect to the decision variables by using a
simulation tool that takes the values of the decision
variables as input, and returns their corresponding
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performance values as responses. Py, represents the
sum of total annual heating and cooling energy load of
the office scaled by the maximum feasible amount of
energy load E gy

Py = (Z}:I‘],W+ ZI:C;V)/ErefW (5)

where H} and C7’ are the heating and cooling energy
at time step i (=60 min), and m is the total number of
time steps in the year for which H; and C} are
computed. Thermal performance P, is a thermal
comfort index representing the average absolute value
of thermal comfort in the office (measured in PMV)
over all occupied hours 77:

P, = <i|wfl>/n7 (6)

In addition to meeting overall targets 7T and T’p,
each zone design must be within defined feasible
limits of average room temperatures, thermal comfort,
and total annual energy cost. These thermal perform-
ance indices are also computed with respect to the
decision variables included in the problem.

Both office and workshop are required to maintain
average air temperature between 20 °C and 23 °C
during all occupied hours 7i. The analysis model
evaluates the zone average air temperatures at all 7
and returns the maximum and minimum air temper-
ature of each zone to the decision model, which
evaluates them by the following statements:

ty <trf, o <lrr (7)
Ly Stief, 1o <lrer
where ¢, and ¢) are the maximum mean air temper-
atures of the workshop and office respectively, ¢}, and
t, are the minimum mean air temperatures of the
workshop and office respectively, t/.; is the max-
imum allowed temperature of the zones (23 °C), and
tler 18 the minimum allowed temperature of the zones
(20 °0).

Absolute value of the thermal comfort index
(measured in PMV) at every occupied hour is required
to be less than a specified upper limit. The analysis
model returns the maximum absolute value of thermal

comfort over all m to the decision model, which
evaluates it against the maximum feasible value:
(pxxs(prefa and q)tl),s(pref (8>

where ¢y, and @) are the maximum thermal comfort
values of the workshop and office respectively, and
@ e 18 their maximum feasible value.

The total annual heating and cooling energy of
both zones (E,, and E,) is also constrained by their
specified upper limits:

EWSErCfW7 and EOSEI'Cf\V (9)

where Ey, = (X7 HY+ > ", CY), and E, =
(XM HY + 307 C?). Ereiy and E,ef, are specified
upper limits for £, and E,, respectively.

The mathematical decision models of the zone and
workshop are stated as follows:

Subsystem 1: The Olffice Decision Model

Z : Minimize(P0 — Pg)2 + (AO — Ag)2

+ (s =) (10)
with respect to:
X, = (J’Oagovvovtgat(c))

Yzs1 = (s)

where:

RZSI[POaAOaEm t()”>t(;7 (Pg] = rZSl(iovstl)

subject to:
t(/), - r,e/f <0 tr/ef - téSO
" E
?o S(:oref E0< refo
min max min max
yo . Syosyo go Sgosg()
VI <y <ymax

()™ sres(r)™ (1) ™"t =(a8)™
Subsystem 2: The Workshop Decision Model
Zo : Minimize(P, — PY)* + (4, — 4Y)’

2
+ ( s 7y:l) (11)
with respect to:

s h
Xw = (ywng7 Vw, tW7 t\c;v)

Yz = (¥s)
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where:
RZSz[PW7AW7EW7 t\x ) t\:vv (P\/,(, } = rZsz(iW, st2)
subject to:

ty — tieg <O tor — £3,<0
W SPref Ew=<Etefy

min max min max
yw_ SyWSyw gw SgWSgw
min max
Vi SVwShy

(l&)minﬁt&ﬁ(l‘&)max (tsv)minstgvs(tsv)max

4.3. Implementation setup

Sequential Quadratic Programming (SQP) is used
to optimize of the system level performance targets.
SQP is a gradient-based optimization algorithm,
which means that it uses function gradients to make
decisions about which designs to explore. The
algorithm is fast for small problems and produces
locally optimal design. Since SQP requires all
decision variables and design relations to be smooth,
superEGO [30] was used to optimize zone level
problems where some design relations are non-smooth
because of simulation “noise.” An approximation-
based global optimization algorithm, superEGO is
also efficient for problems where the analysis models
may include calls to expensive simulation tools. The
algorithm takes an initial data sample of the objective
function and fits a surrogate model to that data. It uses
the surrogate model to search for optimal solutions
and therefore reduces the number of calls to the
analysis model. Although not highly critical in this
demonstration case, this feature is an important
consideration for any future applications where
expensive simulations could make the ATC process
extremely time-consuming.

All decision variables, constraints, and functions
used in this formulation are scaled between 0 and 1.
Table 2 summarizes the responses and variables
included in the subproblem level models.

The analysis models of both subproblems use
Energy Plus, a building energy analysis tool [8], for
computing zone responses for evaluating targets as
well as design constraints. All evaluations are run
hourly, for 1 year. The analysis model aggregates the

Table 2
Summary of responses and variables at the subsystem level
Subsystem level Zsl Zs2
problems
Subsystem responses [ Po, 4,] [Py, Ayl
(RZS)
Local variables (%) [Vor €os Vo 15 1] [V Gur Voo Lo 1]
Subsystem linking [ws] [l

variables (yzs)

thermal performance indices calculated by the simu-
lation tool in appropriate forms and returns them to
the decision model as design responses.

4.4. Hierarchical optimization

Fig. 8 shows the information flow up and down the
levels, as well as input and output between the
decision and analysis models. Starting from the
system level, deviations between specified targets
[TA,Tp] and system level responses [4,P] are mini-
mized with respect to subsystem responses Ry, and
Ry,,. Values of Rz, and Ry, computed at the system
level are cascaded down to corresponding subsystem
problem as zone level targets RY,, and RY,,. At this
point, an estimated initial value of the linking variable
yzs is also passed down to both zone level problems as
target yys. Both subsystem level problems are now
solved for values of local and linking variables such
that: (a) deviations between zone level targets and
linking variables cascaded from the upper level (R,
R%sl, and y%s) are minimized, (b) zone responses
computed at the subsystem level are minimized, and
(c) all constraints are satisfied.

When the subsystem level problems are solved, the
responses and linking variables computed by the zone
level models are passed back to the system level
model as lower level responses (R%,, Ry, and y%,),
and the building level problem is resolved with
respect to zone responses and linking variables for
matching overall targets and for minimizing devia-
tions between zone area, performance, and linking
variables passed back from the lower level.

When responses and linking variables computed
at the subsystem level are passed back to the system
level decision model, one target cascading iteration is
complete. For this top-down case, the iterations were
terminated when the deviation terms eg and e,
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RY={T.T}| |R:={P.A}
?;g?Z] Overall Performance
Ry ={RY A Ry, ={RY.A') Rea ={R. A
R, =1P,,
ys, ={y’ ye =iy} e ={RuAL R, ={P.A
Summation of zone attributes
(thermal performance & area)
RZ =rZ(RZSl'RZSZ)
RL ={rhAT) RL. ={Rr. AT}
vs, ={vt} v, ={y'}
_________________________________ e e e
LS;’S'?Z? Thermal Comfort of Office Energy Load on Workshops

A
Ry ={Y01 90V 1 Co}
A |

Therma Comfort Analysis
RZsl = rZsl(Xo lst)

Ry ={X,1 0, Vo N, .C
Y ={y.}

Energy Analysis

RZSZ = rZsZ(Yw'st

Fig. 8. Information Exchange between the Bi-level Thermal Design Case.

became smaller than a specified tolerance and also
when the decision variables of all the models in the
hierarchy stopped changing between subsequent
iterations. At the end of the ATC process, all
performance targets (T, Tp Ao, Aw, Po, Py) and
linking variables (y;) are determined in compatibility
with one another, i.e., meeting the targets as closely
as possible, while satisfying constraints throughout
the hierarchy.

4.5. ATC results

For the three-zone case, the ATC process termi-
nated in 12 iterations. Table 3 shows the trade-offs

Table 3
Overall system level targets and responses

Top-level model: overall Targets Responses

building performance

Thermal performance of building P (%) 100 92.6

Overall area of building 4 (m?) 597 521

Deviation between subsystem targets 0 0.05
and responses &g (scaled)

Deviation among subsystem linking 0 0.0025

variables &, (scaled)

between overall building and zone level targets. For
the goal of maximizing thermal performance and area,
these trade-offs represent the best compromise
between performance targets while meeting all feasi-
bility constraints. Table 4 shows the values of
subproblem responses and coordinating linking vari-
able determined at the top level. These values are
passed down as targets to the subsystem levels, and
Table 5 shows the subsystem solution for meeting
these targets, and Table 6 shows the optimal values for
subsystem level local variables. As shown in Table 5,
the workshop targets do not match their target values.
This is because the thermal performance target for the

Table 4

Top-level design solution

Top-level decision variables Initial Optimal Lower Upper

values values bounds bounds

Thermal performance of 1 1 0 1
office P, (%)

Area of office 4, (m?) 237 225 112 237

Thermal performance of 1 0.89 0 1
workshop Py, (%)

Area of workshop 4, (m%) 180 168 48 180

Linking variable yg (m) 15 14 8 15
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Table 5
Subsystem level targets and responses

Subsystem design solution Targets  Responses

Subsystem 1: office model

Thermal performance of office P, (%) 1 1
Area of office 4, (m?) 225 225.36
Linking variable y, (m) 14 14.47

Subsystem 2: workshop model

Thermal performance of workshop Py, (%) 0.89 0.94
Area of workshop 4, (m?) 168 138
Linking variable y, (m) 14 13.7

workshop (minimizing total energy) is unattainable,
and while minimizing the energy cost, the area of the
workshop is also reduced.

4.6. Validation of ATC results against “all at once”
solution

Since this example case is small, these results are
also compared to results obtained when the same
problem was posed as one optimization problem, and
solved “all at once,” namely without the ATC
decomposition. (This comparison is a validation of
ATC given by Kim [14]). The “all at once” problem
was optimized using superEGO. Table 7 shows both
the ATC and “all at once” solution. The objective
function value is the total deviation between all targets

Table 6
Subsystem level decision variables

Subsystem variables Initial Optimal Lower Upper

values values bounds bounds

Subsystem 1 (office model): Variables
Partial length of office y, (m) 475 431 1.3 4.75
Window height g, (m) 1.0 0.84 0.5 1.5
Mean zone velocity v, (m/s) 0.35 0.14 0.1 0.5
Heating set point temperature 22 21.21 19 24

13 (°0)
Cooling set point temperature 22 2134 19 24

15 (°C)

Subsystem 1 (workshop model): Variables
Width of workshop x, (m) 12 10.1 6 12
Window wall percentage g, (%) 0.8 0.67 0.2 0.8
Mean zone velocity v, (m/s) 0.35 0.18 0.1 0.5
Heating set point temperature 22 20.34 19 24
h oo

tw (°C)
Cooling set point temperature 22 2393 19 24

1w (°C)

and performance goals, and 4,, P,, 4y, and P,, are the
performance values determined for the two zones.

Ideally, the solution to the “all at once” problem
should be the same or better than the ATC results for
the same problem. However, better results have been
derived by the ATC process. The use of SQP at the
system level of the ATC formulation allowed better
convergence towards the true optimum. Additionally,
partitioning of the problem results in lower dimen-
sionality of optimization problem. It includes 5
variables per subproblem as against 11 variables
when the problem is solved “all at once,” and this
increases the performance of superEGO and also
improves convergence.

In general, computational expense of the analysis
and non-smooth functional dependencies are common
features of the energy analysis problem. Therefore, it
is difficult to solve the whole problem using gradient-
based optimization algorithms such as SQP. On the
other hand, solving the whole problem using super-
EGO compromises the solution. As it turns out, by
allowing the use of different optimization strategies
suitable at specific levels of the system decomposi-
tion, the ATC process results in a better solution.

Table 7
Comparison of ATC and AAO solutions
Decision variables ATC AAO
solution  solution
Total objective function value (scaled) 0.013 0.098
Top-level design variables
Thermal performance of office P, (%) 1 0.81
Area of office 4, (m?) 22536  210.96
Thermal performance of workshop Py, (%) 0.94 0.834
Area of workshop 4, (m?) 138 142.5
Linking variable y, (m) 14 132
Subsystem 1 (office model): Variables
Partial length of office y, (m) 431 4.38
Window height g, (m) 0.84 1.01
Mean zone velocity v, (m/s) 0.14 0.1
Heating set point temperature £5 (°C) 21.21 21.75
Cooling set point temperature g (°C) 21.34 21.67
Subsystem 1 (workshop model): Variables
Width of workshop x,, (m) 10.1 10.8
Window wall percentage g, (%) 0.67 0.83
Mean zone velocity vy, (m/s) 0.18 0.20
Heating set point temperature 7 (°C) 20.34 21.56

Cooling set point temperature ¢, (°C) 23.93 21.88
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Table 8
Nomenclature for the design of thermal performance target
Variables/responses Description Units
Ta target area of the three zone building
Tp target performance of the three zone building
Ay area of the workshop
Ay arca of the office
Py total annual energy used by the office
P, thermal comfort of the office
Vs length of wall between the office and workshop m
Xy width of workshop’s south wall m
Yo length of part of office wall m
Sw window height of workshop m
2o window wall percentage of office %
th heating setpoint temperature of workshop °C
I heating setpoint temperature of office °C
ty cooling setpoint temperature of workshop °C
ts cooling setpoint temperature of office °C
Vi mean air velocity in workshop m/s
Vo mean air velocity in office m/s
HY heating energy consumption in workshop at timestep 7 J
cy cooling energy consumption in workshop at timestep ¢ J
H; heating energy consumption in workshop at timestep i J
(o cooling energy consumption in workshop at timestep i J
E e maximum allowed total energy load of workshops J
Eefo maximum allowed total energy load of workshops J
oH thermal comfort in office at timestep i PMV
on maximum thermal comfort in workshop over all timesteps PMV
038 maximum thermal comfort in office over all timesteps PMV
Prof maximum allowed thermal comfort PMV
t maximum mean air temperature in workshops °C
ty minimum mean air temperature in workshops °C
1 maximum mean air temperature in office °C
ty minimum mean air temperature in office °C
the maximum allowed mean air temperature °C
ter minimum allowed mean air temperature °C
Other symbols Description
zZ overall building performance model
Z, office decision model
Zy workshop decision model
R, top-level responses
Ry subsystem responses
Yzs subsystem linking variables
v local variables of workshop model
£, local variables of office model
eR vector of tolerance variables for deviation between subsystem targets set

at the top level and the responses computed by the subsystem level
&y vector of tolerance variables for deviation between coordinating linking variables

set at the top level and the linking variables computed by the subsystem level
ky scaling factor for area of workshops

ko scaling factor for area of office
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5. Conclusions

Results from the pilot study demonstrate the
potential of the ATC process for lending clarity and
tractability to the typically complex decision-making
problems in building performance analysis. In
performance-based decision making, it is particularly
beneficial to be able to determine compatible
performance targets at all decision nodes on the
basis of some overall specifications. Furthermore, at
the end of the target cascading process, it is possible
to systematically revisit the problem if some targets
are not met, or if trade-offs between different
performance goals do not appeal to the decision
maker.

In addition, the decomposition approach allows the
individuality of a local analysis task to be preserved,
and so: (a) analysis tools can be invoked at particular
levels and for specific needs avoiding information
overload, (b) the decision-making space for a local
problem is clearer since it only includes locally
relevant variables and functional relationships, and
(c) appropriate optimization algorithms can be
invoked depending specifically on the formulation
of the local analysis problem.

Several challenges were faced during this study.
An example is identifying the typical decision
variables that can be considered during the analysis
process such as the external wall and roof assem-
blies. These are important decision variables in an
exterior load dominated zone. However, they are
difficult to include as decision variables due to non-
smooth functional dependencies. Another challenge
is identifying analysis tools that are relatively fast
and also sensitive to changes in the values of
decision variables. Finally, the solution obtained
from the target cascading process depends on how
the performance targets are weighted at the top level,
and this poses problems typical of multi-criteria
formulations.

Work in progress addresses these issues. Although
we present its applicability through a pilot study, this
strategy is valid for a broad class of complex building
performance problems where the multiplicity of
functions and performance specifications make it
particularly difficult to retain the integrity of design
decisions. Such applications also constitute work in
progress (Table 8).
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