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ABSTRACT building that runs parallel to building’s actual opera-
This paper explores a simulation-assisted building tion. While the real building reacts "only” to the
control strategy. Specifically, the use of generate-and-actual climatic conditions, occupancy interventions,
test as well as bi-directional inference methods is pro-and building control operations, the simulation-based
posed to derive preferable control schemes andvirtual model allows for additional operations:
required attributes for control variables based on para-*  The virtual model can move backward in time so

metric and iterative simulation runs. The feasibility of as to analyze the building’s past behavior and/or
the approach is demonstrated illustrative computa- to calibrate the program toward improved predic-
tional examples from the thermal control domain. tive potency.

e The virtual model can move forward in time so as
to predict the building’s response (e.qg. its hygro-
1. INTRODUCTION thermal behavior) to alternative control scenar-

Traditionally, building control systems have operated 10S.

on the basis of a homeostatic short-term feed back . N i i

mechanism. For example, thermostatic control of Given the availability of fairly reliable short-term
HVAC components involves typical operations (on/ (€-9- three days period) weather prognosis d&a
off, change in volume and/or temperature of heating/ INt€Met, the predictive capability of the simulation
cooling media, etc.) that are essentially guided by Program may be expected to be significantly
temperature sensing in space. More recently, bu“dingenhanced, thus providing a useful basis for the evalua-

control systems have become increasing sophisti-tion of multiple control options. Obviously, data per-

cated. One of the approaches has been to utilize varif@ining to other factors such as the fluctuation of

ous methods and tools (including neural nets) to ©ccupancy as well as lighting and equipment use may

accurately capture buildings thermal dynamic charac-P€ proyided to th_e virtual model to further incregse its
teristics so as to provide a more reliable basis for thePredictive potential. Above and beyond enhancing the

control of its behavior (Curtis 1996, Curtis et al. 1993, €ffectiveness of dynamic control systems, the sug-
Mistry and Nair 1993, Osman et al. 1996). In this sce- gested approach may yield additional benefits. These
nario, control options can be improved (“optimized”), 'nclude: _ _

as their past impact on the buildings’ dynamic behay-*  calibration of simulation tools for long-term
ior is reflected in the collected information by the design and modification feed back, .
sensing system. This paper argues that the abové prediction of the effects of changes to building
intention, namely to capture building’s long term hardware and its control systems,

dynamic behavior toward enhanced control strategies,” ~ P€ta-testing of building control system hardware

can be effectively supported using advanced computa- O Simulated data from the virtual building,
tional performance simulation routines. * pre-training of neural network and machine
learning systems prior to their field utilization

using simulation data on building behavior,
2 THE IDEA e re-training of neural network and machine learn-
— ing systems to account for the effects of abrupt
modifications to building characteristics (e.g.
renovation) using simulation data,
reduction of the number of sensing units neces-
sary for capturing building’s real time operational
status.

In the past, performance simulation tools have been
mainly used for purposes of building design analysis
and evaluation. Less attention has been paid, however,
to their potential in view of active control strategies
for building service systems (particularly HVAC and
lighting devices). In order to realize this idea, a con-
ventional building automation system must be supple-
mented with a multi-aspect virtual model of the



3. TWO APPROACHES

A critical task toward realization of a simulation-
assisted building control system lies in the develop-
ment of a strategy to create a well-defined set of con- .
trol options as the basis for comparative and/or Sgg‘f{g”ng
parametric simulation runs. While there may be
numerous methods to derive at such control options,
we focus in this paper on two principal approaches
(cp. figure 1):

rule-based target

option- perf.  |=—
The Generate-andest Method (GA) generator attribute
This method involves the rule-based generation of a
finite number of discrete control options. Such control i i
options may involve, for example, various on/off tim- control
ing schemes for intermittent heating/cooling. These schemes
schemes are then evaluated and ranked (possibly in matrix
view of multiple criteria involving energy, cost, emis- l
sions, comfort, etc.) based on the results of multiple
simulation runs.

preference
processing

!
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The Bi-diectional Infeence Method (BDI)
This method (Mahdavi 1993) involves the explicit l i
definition of control and performance variables. An
example of a control variable would be the deviation control control
. . . scheme variable ——
of heating/cooling set-point temperature from the selection attribute
space target temperature. Examples of a performance
variable are the annual building energy need, the aver-
age cumulative deviation of the maintained space
temperature from the set-point temperature, or the control
average cumulative PPD (predicted percentage of dis- action
satisfied) in a space. Starting from an initial opera-
tional state, the bi-directional inference facilitates the l
derivation of required changes in the control vari-
able(s) based on desired changes in the performance

variable(s). This derivation can be accomplishied  Figure 1. Schematic illustration of the use BDI and

the investigative projection technique (Mahdavi and GAT for simulation-assisted building control
Berberidou 1995, 1994).

4. ADEMONSTRATIVE EXAMPLE The problem statement is now to derive a control
What follows is a simple computational example to strategy based on the results of a well-planned set (or
demonstrate the feasibility of the proposed approach.sequence) of simulations. We suggested that this
Assume a single-story single-zone quadratic building "planning” may be accomplisheda generate-and-
(6 m by 6 m in plan and 3 m high) located in Pitts- test (GAT) and bi-directional inference (BDI)
burgh, PA, USA. The construction consists of stud- approaches. However, we have to first establish a set
walls with 10 cm fiberglass insulation and 30% single of pertinent control and performance variables. For
glazing on south and north, light-weight flat roof with the purposes of clarity, we limit ourselves in this case
20 cm insulation, and concrete floor slab atop 10 cmto only one control variable and two performance
insulation. We have fixed this design variables for the variables. We select as control variable the numeric
specific purposes of the present demonstrative examdeviation of the heating/cooling set-point tempera-
ple, since the idea is to emulate an existing structure tures from the target space temperatig), i.e. we
If desired, such design variables could also be subjectpecify the extension of the temperature dead-band
to parametric studies of the kind discussed below.with our control variable. As our first performance
(For example, deployment of shading devices would variable we consider the annual total (heating and
have a dynamic effect on the energy transmissioncooling) energy need of the building. gObviously,
through the glazing and could be thus modeled as ave could define many other similar or related vari-
control variable.) ables such as seasonal energy use levels or separate
heating, cooling, and electrical loads.) Our second




performance variable, the temperature deviation fac-peratures from the target values on the other side. In
tor (TDF) captures the deviation of the predicted the present case the resolution of this conflict requires
maintained space temperature from the target spacenly the definition of the maximum tolerable attribute
temperature. It is defined as the average cumulativefor TDF. In more complex cases involving larger
temperature deviation according to the following for- matrices, well-known methods from the operation

mula: research domain can be applied.
ty—t.
n WEg—dtd I‘E
= —_— 0,
TOF = Z —— (100 [%] eq.1l Control 1y Ja TDF
=1 Scheme P [kWh.m2.a7] [%]
A 0.5 320 0.0

In the above equatiory ts the target space tempera-

ture, t is the space temperature at time stepis the B 1 290 0.1
total number of time steps, amdis a weighting vari- C 2 240 1.0
able to penalize larger deviations of the maintained D 3 510 30
temperature from the target space temperature. For i
the purposes of the present study a simple linear rela- E 4 185 6.1
tionship is applied: Table 2: Simulation Results
W= [ty 5! eq.2

Use of BDI

The simulation engine used for the following case The use of a bi-directional inference mechanism for
studies is the dynamic (heat-balance-based) thermafCtive convergence support in performance-based
module in SEMPER (Mahdavi 1996a, 1996b, Mah- computer-aided design has been previously docu-

davi and Mathew 1995). mented (Mahdavi 1993, Mahdavi and Berberidou
1995, 1994). In particular, a preference-based method
Use of GA and an investigative projection technique have been

As mentioned before, this method involves first the developed to cope with the ambiguity problem inher-
generation of a finite number of discrete control €Nt to the performance-to-design mapping operation.
options. For the present example five such scheme&lOwever, we must now demonstrate that BDI can be
have been generated for the relevant control variable @S0 applied toward facilitating simulation-assisted

i.e. Atg, Table 1 represents these schemes labeled pbuilding control processes. Using again the previous
o E. building example, and starting from an initial opera-

tional state, we would have to map desired changes in
a performance variable such asog TDF into a con-

Target  Heating  Cooling trol variable such aAtg, Since in the present exam-

Control  Space  Set: Set Bsp ple all design variables are locked (i.e. factors such as
Scheme  Temp. point point [K] building’s thermal mass, glazing area, etc. cannot be
£ B LG LS hanoe A

changed), only g TDF, andAtg, can be manipulated
A 22 215 22.5 0.5 via BDI. Let us demonstrate this with two illustrative
B 22 21.0 230 1.0 scenarios (cp. the BDI-driven trajectory as illustrated
in figure 2):
c 22 200 24.0 2.0 e The building is in an initial operational state in
D 22 19.0 25.0 3.0 which isAtg, is 1 K, the predicted energy con-
E 52 18.0 6.0 20 sumption is 290 kWh.fA.al, and TDF is 0.1%.
The control aim is to minimize TDF without
Table 1: Generated Control Schemes exceeding a gvalue of 255 kwh.nf.al. The

gradual decrease of thg eplue is translatedia
Once these schemes are established, exploratory sim- BDI in an increase ofAty, accompanied by

ulations can be performed immediately. The simula- increase in TDF. For a predicted energy con-
tion results provide then a matrix which can be used sumption rate of 255 kWh.a?l, the control
to organize, rank, and evaluate various control strate- variable Atg, must be set at 1.7 K to minimize

gies in view of their implications for the relevant per- TDFE.

formance criteria. For our specific example, such a«  The building is in an initial operational state in
matrix is given in table 2. This table numerically doc- which isAtgpis 3.5 K, the predicted energy con-
uments the intuitively expected goal conflict between sumption is about 200 kWh:fel, and TDF is
minimization of energy use on one side and minimi-  4,5%. The control aim is to minimize the energy

zation of the deviations of the maintained space tem- consumption rate without exceeding a TDF of



2.5%. In this case, the gradual decrease of TDF isCurtis, P. S. - Kreider, J. F. - Brandemuehl, M. J.

translatedsia BDI in a decrease dfts, accompa- (1993): Adaptive Control of HVAC Processes Using
nied by an increase in,dThe control aim is real- ~ Predictive Neural Networks, ASHRAE Transactions

ized around a predicted energy consumption of 99(1).
220 kwh.m.a’, and the control variablétg,

must be set at 2.7 K. Mahdavi, A. (1996a): Computational Support for Per-

formance-based Reasoning in Building Design. Pro-
ceedings of the CIB-ASTM-ISO-RILEM
International Symposium "Applications of the Perfor-
mance Concept in Building”. Tel Aviv, Israel. Vol. 1,

3 pp. 4-23 - 4-32.
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Ga Mahdavi, A. (1996b): SEMPER: A New Computa-
tional Environment for Simulation-based Building
Design Assistance. Proceedings of the 1996 Interna-
tional Symposium of CIB W67 (Energy and Mass
Flows in the Life Cycle of Buildings). Vienna, Aus-

tria. pp. 467 - 472.
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Mahdavi, A. (1993): "Open" Simulation Environ-
ments: A "Preference-Based" Approach. Proceedings
of CAAD Futures '93, CMU, Pittsburgh, Pennsylva-
nia, USA. pp. 195 - 214.
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Figure 2. BDI-driven trajectory of performance

i i Mahdavi, A. - Berberidou, L. (1995): A Generative
indicators g, TDF and control variableltg,

Simulation Tool for Architectural Lighting. Proceed-
ings of the Fourth International Conference of the
International Building Performance Simulation Asso-
ciation (IBPSA) (Ed.: Mitchell, J.W. - Beckman, W.

5. CONCLUDING REMARKS A.). Madison, Wisconsin. pp. 395 - 402.

To facilitate the understanding of the proposed simu-
lation-assisted building control strategy, we dealt only

with examples involving a rather simple building and Simulation Environment. Journal of the llluminating

a relative small set of control scenarios. However, gngineering Society. Volume 23, Number 2, Summer
there is no theoretical or methodological reason why 1994. pp. 62 - 71. ' '

much more complex cases cannot be handled using a

GAT-based or a BDI-driven control strategy. For Mahdavi, A. - Mathew, P. (1995): Synchronous Gen-
example, in the case of BDI, multiple transient con- eration of Homologous Representation in an Active,
trol scenarios, dynamic design features, and complexMulti-Aspect Design Environment. Proceedings of
performance criteria may be considered, as long ashe Fourth International Conference of the Interna-
the corresponding variables and the nature and rang&onal Building Performance Simulation Association
of their attributes are non-ambiguously defined. Obyi- (IBPSA) (Ed.. Mitchell, J.W. - Beckman, W. A.).

ously, in cases where more than one independent conMad'Son’ Wisconsin. pp. 522 - 528.

trol variable may respond to changes inaperformance,vIistry S. I. - Nair, S. S. (1993): Nonlinear HVAC

indicator, some form of a weighting or preference Computations Using Neural Networks, ASHRAE
methodology must be applied. Transactions 99(1).

Mahdavi, A. - Berberidou, L. (1994): GESTALT: A
prototypical Realization of an "Open" Daylighting

Needless to say, beyond their potential for the real-Osman, A. - Mitchell, J. W. - Klein, S. A. (1996):
time identification of preferable building control strat- Application of General Regression Neural Network
egies for operational buildings, the above discussed(GRNN) in HVAC Process Identification and Control.
GAT- and BDI-supported methods can also facilitate ASHRAE Transactions AT-96-21-2.
the effective consideration of control issues already in
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