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Key parameter of a reasoning process supporting real time performance is the
use of active heuristics that facilitate the achievement of goals in a timely manner
(Dodiawala et al. 1989). A real time approach should incorporate speed,
timeliness and adaptation during the execution of tasks. Speed and efficient
knowledge processing are addressed for the solution of complex building
engineering problems, such as the calibration of Building Energy Models (BEM)
to the actual performance data. During retrofit projects, calibrated BEM models
aid the design process, and provide a solid base for performative assessments.
Despite the demand for building performance evaluations, BEM calibration
remains a work-intensive task (Lam et al. 2014). This study proposes a time
efficient framework for BEM calibration input data management based on the
methodology of a blackboard artificial intelligence knowledge processing system.
The resulting model was used for sequential data mining for the energy
assessment during the renovation of a commercial building.
Keywords: Knowledge processing framework, Energy assessment, Real-time
reasoning

INTRODUCTION
Problem-solving in building engineering involves a
vast set of parameters often characterized by an increased level of abstraction. Decision making supported by building performance assessment through
the use of building simulation tools involves a large
number of factors that can aﬀect the results. Complexity and vague problem deﬁnition limit the applicability of Building Energy Models (BEM) in providing accurate information on energy consumption
especially during the ﬁrst design stages. Discrepan-

cies have been observed in many case studies between the simulated performance and the actual
site-measurements (Newsham et al. 2009). This is a
considerable drawback in the overall use of BEM simulations for the evaluation of building energy performance. Decisions can be misled by inaccurate simulation output, resulting from inaccurate information
and input data. BEM calibration to the actual measured data is a signiﬁcant step towards a more accurate and eﬀective way to assess performance, especially for retroﬁt projects (Lam et al. 2014). In
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this frame, a simulation model is perceived as 'calibrated' when it can eﬀectively provide predictions
that match closely with the observed energy use.
Despite the importance of BEM calibration during retroﬁt projects, no consensus has been reached
on a common guideline or calibration methodology
(Raftery et al. 2011). Such a lack of common ground
can be mainly attributed to the diversity of the case
studies and the diﬀerent levels of uncertainty regarding the input data. Systematic studies during the last
years have identiﬁed the prevailing methodologies
and techniques in this direction, providing diﬀerent
approaches aimed to improve the reliability of the
calibration methods (Reddy et al., 2007, Shika et al.
2013). Main focus of these studies is the need of precision and uncertainty control, with signiﬁcant results
in both cases.
Some of the most eﬃcient techniques involve
hundreds of simulation runs used to identify the
most relevant variables, while in the majority of the
cases an exhaustive analysis of the operating conditions is proposed in order to secure high resolution measured data (Coakley et al. 2011). In 2006
ASHRAE initiated the project RP-1051 aiming to develop a calibration methodology based on a literature review of existent practices. Upon completion of
the study, Reddy proposed a methodology based on
best-guess estimates which are assigned to a heuristically deﬁned set of inﬂuential parameters (Reddy
2007). The solution space of the selected parameters is speciﬁed through a Monte Carlo simulation,
involving thousands of iterations. The methodology
aims to combine existing practices in a detailed calibration pattern. The Monte Carlo method is thereby
proposed as the most eﬃcient in order to limit the
large number of variables and decrease the simulations that are ﬁnally tuned in some hundreds of
runs. The main criticism of the methodology proposed by Reddy is related to the lack of detailed HVAC
input and the consequent lack of building simulation information at sub-utilities level (Raftery et al.
2011). In 2009, Raftery et al. proposed an exhaustive methodology, aiming to improve reliability of
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the calibrated model. The aim was to limit the use
of vaguely deﬁned variables. Continuous monitoring
and data recording of the building parameters constitute the basis of an evidence-based methodology,
which further requires regular audits in order to accurately determine occupancy and equipment load
schedules. The installation of sensors and the classiﬁcation of data precision characterize this study, which
is explicitly limited to non-commercial use (Raftery et
al. 2011). In 2013 Shika et al. summarized some of
the major issues concerning BEM calibration. They
focus on the lack of detailed information on utilities,
absence of hourly measurements and inadequate description of process steps in current methodologies
that make the calibration strategy diﬃcult to be reproduced in future projects.
As it can be observed in the previous studies,
time-related issues are not given priority; the main focus of the eﬀorts is precision and detailed data acquisition. The lack of a concrete methodology that incorporates time constrains has a negative impact on current design practice, which has to be confronted with
the lack of applicable methodologies that remain
compatible with interdisciplinary and collaborative
design. BEM calibration remains a work-intensive
task (Lam et al. 2014). As a result, the potential
of BEM calibration for building performance assessment is excluded from the concept design phase,
while retroﬁt projects have to resolve the lack of timeliness regarding building simulation for the support
of architectural or engineering decisions.
A real-time BEM calibration incorporating speed,
but also timeliness and adaptation during the tasks'
execution becomes the more relevant issue in lowenergy retroﬁt projects. In this direction, Building
Energy Models (BEM) oﬀer a powerful tool towards
real-time reasoning. Real-time capability means that
a system is capable of assuring an end-result within
hard time constrains. In such a case, the system
should be able to adjust to time requirements in order to meet deadlines successfully.
The blackboard pattern has been proven to be
a useful problem-solving methodology, especially in

cases with a large solution space when data management and hierarchical arrangement of knowledge
are necessary. The method is based on the concept of a blackboard database which functions as a
repository of knowledge sources. Each of the knowledge sources can be seen as a sub-ﬁeld of the global
application and acts as a data-storage component
which can dynamically facilitate a solution. Blackboard models have already been used for various applications, including the integrated design of structural building elements (Adeli 1996). The hierarchical
data manipulation and dynamic knowledge isolation
are basic elements of such an approach. The aim is to
set a problem-solving model that separates domain
knowledge into modules. In this way, the resources
that contribute to the solution of the problem are
separated into knowledge groups which can be manipulated independently. The combined data of the
knowledge sources result into a solution or output.
In line with the main principle of blackboard artiﬁcial intelligence knowledge processing (Lalanda
1992) this paper describes a framework for a timeeﬃcient calibration of an EnergyPlus Building Energy
Model. The calibrated model was used as an information source for sequential data mining for the energy assessment during the renovation of a commercial building.

METHOD
A blackboard knowledge processing approach based
on a three-step pattern was used in order to achieve
timely BEM calibration (Figure 1). The measurement
of time in the following study is given as number
of runs per step. Absolute time measurements can
be also linked to each run, even though this ﬁgure
is dependent on computer processing power, and
therefore due to change in relation to memory availability and processor type. The processor that was
hereby used is Intel Xeon, cache 10M, CPU E5-1620
(3.60GHz). Simulation runs of four to six time steps
per hour were executed for whole year simulations, in
order to provide output of daily consumption. Each
of the simulations lasted approximately four minutes
for the models of step B, and six minutes for step C.

The simulations of step B were based on template
data input for the utilities and precise input for the
rest of the parameters. In step C detailed input is encoded for the whole model.
The results of each calibration are used as input
data for the following iteration. Step A and B can
be seen as a baseline that already provides a model
which can be used for decisions related to the thermal envelope. Step C aims to encode utilities' input
in detail, in order to assure that the end-model can
be eﬀectively used as a reference for the evaluation of
diﬀerent solutions regarding the heating and cooling
installation. In this sense, the process in total is linear,
but remains iterative within each one of the steps.
The number of iterations is related to the degree of
uncertainty and the range of the variables that can
be attributed to each parameter.
Due to the very large number of parameters (information on materials and the building envelope,
characteristics of the installations, occupant schedules, equipment information, sensors or building
management system data) the combinations of input
that can lead to similar simulation output increase exponentially with the increase of the parameters involved. At the same time, many of these combinations do not represent an acceptable solution space,
since they may overweight some parameters or underestimate others. A concrete methodology should
be able to provide a testing process capable of excluding misleading results.
The aim of the proposed methodology is to provide a control scheme that facilitates the acquisition
of an accurate set of solutions. The result is a deterministic model that represents only one of the various acceptable models that belong to the same solution space. Numerous solutions are possible, with
the restriction that they fall within the limits of model
deviation, as set by the latest guidelines (ASHRAE
Guideline 14-2002). Any combination of parameters
that leads to similar simulation results is potentially
acceptable without undermining the validity of other
solutions that satisfy the same acceptable range of
results. All these solutions are operational calibrated
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Figure 1
Operative
breakdown
structure

models of the building and can be used as information sources regarding building energy performance.
The applied calibration pattern can be summarized
as follows:
Step A. Five input sub-ﬁelds are speciﬁed, in order to represent the performance parameters (Pi).
Those are labeled as Solid Data (SD), Vague Data (VD)
and Unknown Data (UD), expressing the level of uncertainty in each ﬁeld. Solid data represent input that
can be regarded as accurate since the beginning of
the study, and are not subject to change during the
calibration process. It is acknowledged that there is
always a degree of uncertainty in data acquisition.
The following pattern as presented by Coakley et al.
is used in order to create the ﬁrst data hierarchy: BM-
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S/sensors data, Spot measured data/Physical veriﬁcation, As-built drawings/Commissioning documentation, Design Drawings, Guides and standards, Default
values.
For the needs of this study the labeled dataﬁelds were set as follows: 1. Building envelope and
materials, 2. Weather, 3. Occupancy, 4. Lighting, 5. Equipment and HVAC installation data. The
ﬁelds are further related to the output that they inﬂuence, namely the annual heating or cooling demand.
A walk-through audit, along with the collection of
drawings, technical speciﬁcations, installation manuals, monthly electricity and gas measurements and
weather data constitute the background information
for the ﬁrst setting of the energy model. Sensors'

data, meters' measurements, occupancy schedules
and operation hours of the equipment are the input
data which are most diﬃcult to acquire, are highly
dependent on the precision of on-site measurements
and should be related to a high level of risk, or uncertainty. The level of uncertainty (SD-VD-UD) is speciﬁed and labeled accordingly for each input parameter.
Step B. A core model is prepared, and the ﬁrst
calibration (C1) is executed aiming to achieve a numeric range for the (UD) input. The resulting output
should present a maximum deviation of 15% from
the actual measured consumption. In order to cope
with the large number of parameters' combinations,
a solution range is speciﬁed for (VD) variables, and
a heuristic template is selected from this solution
space. The deﬁnition of an interim absolute value
for all (VD) parameters allows for (UD) to be explored
within a smaller solution space. Such an approach
has a signiﬁcant impact in the number of necessary
runs. For example, the solution space of 10 parameters p (two for each of the ﬁve data-groups) over ten
discrete solutions, would demand 100 diﬀerent runs.
On the contrary, C1 assumes that only speciﬁc datagroups are undeﬁned, and explores discrete variables
within an approximated solution space. C1 is further used for the second calibration (C2); during C2
all the input data can be considered as (SD) or (VD),
leaving no more (UD) variables. The aim of C2 is to
reﬁne the (VD) input by targeting the variable parameters that inﬂuence more the energy consumption. At this point, template input is chosen for the
building systems. On the contrary, the blackboard information on the building envelope and occupancy
rates are examined in detail. All related knowledge
is codiﬁed under knowledge modules, which are further used to deﬁne a range of solutions for each of
the parameters. A set of discrete values is speciﬁed
for every simulation run. Simulation runs with use
of numerically continuous values are avoided and is
ensured that the discrete test values are capable of
triggering a change in the calculation output. At
each step, the output is compared to performance

data and monthly consumption measurements. The
calibrated model C2 is already an assessment tool
for the energy performance of the building envelope
(ASHRAE 14-2002).
A maximum Mean Bias Error (MBE) of 10% is acceptable when hourly calibration data are used, and
a maximum MBE of 5% when the calibration is based
on monthly measurement data. MBE is deﬁned by
equation (1).
∑N s
i=1 (yi − ys)
(1)
M BE =
∑N s
i=1 (yi)
Where: yi = measured data, ys = simulated data and
Ns = the sample size.
Step C. C2 is used as a base model for further reﬁnement of the HVAC input. A detailed model of the
systems can be setup once basic information is acquired regarding the utilities and their related consumption. Installed power, working schedules and
eﬃciencies are necessary input at this stage. Technical descriptions, installation diagrams, design documents and schemes, along with the results of a walk
through audit and the sensors' measurements are
stored in the knowledge modules. The template input of the ﬁrst steps is gradually replaced by actual
data. In line with the two-phase approach as described above (step A and B), the variables are divided
in sub-ﬁelds: 1. Cooling loop, 2. Heating loop, 3. Ventilation, 4. Auxiliary and pumps. A degree of uncertainty is applied on each group according to the accuracy of the obtained information. With the same
iterative process as described in Step B, the model
is calibrated to the actual consumption. The resulting model (C3) can be used to draw conclusions on
the impact of changes at the level of utilities. Each
of the sub-ﬁelds is tested against the actual monthly
consumption of electricity and gas, and a deviation is
calculated for the four groups, along with the global
MBE of the model. The above methodology was applied for the calibration of the Building Energy Model
prepared for assessment and optimization during the
retroﬁt works of a commercial building. The three
diﬀerent levels of data processing allowed for a signiﬁcant decrease in the number of combinations of
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the input values, resulting in fewer simulation runs.
The calibration with two stages (building envelope
at the ﬁrst stage and utilities at the second) served
the timely response of the engineering group to the
needs of the retroﬁt works. The deviation from actual
performance was monitored at each step.

CASE STUDY
The three-step calibration methodology was applied
for the real-time calibration of the energy model of
a commercial building in Liège, Belgium. The study
was prepared for the common space shared by the
stores of a 37000 m2 shopping mall, which is in use
since 1995. The stores are organized on a single ﬂoor,
along the central space, which is adequately ventilated and conditioned, with an average height of 5
meters and a surface of approximately 5300 m2. A
row of skylights along the entire length provides natural light for this common zone (Figure 2). The entire building is elevated from the ground in order to
provide a covered parking space at the ground level.
Both the ﬂoor and the roof are therefore exposed
to external conditions. At the same time, the aging
building envelope and utilities are responsible for a
signiﬁcant energy demand both for the heating and
cooling of the building.

The aim of the assignment was to propose a number
of solutions with a measurable impact on the energy
consumption of the central space. The study was executed with the support of an energy model, and the
ﬁrst calibrated BEM C1 was prepared parallel to the
execution of the renovation works. The timely calibration of the model proved to be a useful tool for
the support of concurrent engineering solutions. The
software that was chosen for the study was Design
Builder v.4.2.0.054 and Energy Plus v.8.1. The calibration pattern can be summarized in the following
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three steps:
Step A. The data collection and documentation
started with a walk-through audit that allowed for
a ﬁrst control of the installed systems and the condition of the building envelope. The monitoring of
the building was not possible due to the absence of
a Building Management System (BMS). The available
data were monthly measurements of the electricity
and gas consumption for lighting, heating, cooling
and working of the ventilation fans over an entire
year. The total energy consumption was also available. As-built drawings, technical descriptions of the
installations and information on the insulation and
structural elements were also available. Such a situation represents a typical case for building audits.
Due to the particular interest in the common circulation space, no oﬃce equipment, computer monitors
or additional devices had to be taken into account.
Further, the simulation input data was grouped and
labeled according to the degree of uncertainty.
Step B. A Building Energy Model was prepared
and a ﬁrst calibration C1 was initiated (Figure 3). C1
focused on the speciﬁcation of the occupancy rate
and a ﬁrst estimation of material properties. The solution space for occupancy (UD) for a time schedule
9:00 -20:00, resulted in a sample of 138 values. The
observation that continuous values had only a small
impact on the simulation results narrowed down the
solution space to 23 discrete variables. The acceptable distance between continuous values was speciﬁed through test simulations. Such a sensitivity analysis was performed for the main parameters of step B
(material properties and building envelope), in order
to acquire knowledge on their inﬂuence on the output. The aim was to identify one single acceptable solution C2. Such a deterministic model facilitated the
timely execution of the audit, even though a number
of possible solutions can be optimally generated.
Step C. The same breakdown principle of Step
B was applied for the speciﬁcation of the input variables for the utilities. During the third step, the template (fan-coil unit) was replaced by detailed input
for the installations; two boilers for hot water pro-

Figure 2
Left: Exterior view
(source: google
maps street view).
Right: view of the
common space
(study object).

Figure 3
Building Energy
Model, Design
Builder v.4.2.0.054

duction, two cooling towers, reversible rooftops for
the provision of warm and cold air and pumps for
water circulation. The variables in this case are the
eﬃciency rates of the machines, which constitute
vague data (VD) either due to the lack of precise
technical speciﬁcations (pumps) or due to the variation of machine operation and eﬃciency under different weather conditions and periods of use. Key
element of this step is the distinction between utilities that are related to gas (heating) or electricity
(cooling) consumption and specify the elements that
are in constant use, in this case ventilation fans and
pumps. Table 1 summarizes the input ranges at every
step. The end model was a calibrated building energy model with small deviations at sub-utility level
between measured and simulated data.

RESULTS
Real-time performative assessment
Calibration C1 was achieved with 23 simulation runs
in place of the initial set of 138 possible solutions. For the second model calibration (C2), 46
variables replaced the initial sample of 73 variables
(10/10/15/11 discrete values for the heat-transfer
coeﬃcients of the roof/ﬂoor/glazing/inﬁltration in
place of 29/29/15/11 values respectively). This total
of 46 values for the four diﬀerent parameters corresponds to a solution space of C2B= 16500 input combinations that replaced the initial sample of 138765
combinations (C2A= 29 x29 x15 x11). Further reﬁnement of the solution space (sensitivity analysis) re-

sulted to 231 combinations, or else to a 15.5 hour iterative calculation. Calibration C3 at sub-utility level,
speciﬁed 15 variables for the chilled water loop efﬁciency, 13 values for the cooling coil eﬃciency, 28
discrete values for the pumps and 11 values for compressor eﬃciency. Such an analysis resulted in a total of 60060 (15x13x28x11) combinations in order to
determine the annual electricity consumption (cooling demand). The sensitivity analysis narrowed the
sample to 720 combinations (5x3x16x3) or else to
72 hours of iterative calibrations. The resulting optimal input values were assumed as solid data (SD)
for a second phase calibration of gas consumption
(heating demand). The heating demand calibration
was achieved through testing of 12 data combinations (4x3 for heating coil and boiler eﬃciency respectively) and was completed within 1.25 hours of
iterative simulation runs.

Accuracy
The above described data processing framework resulted in a calibrated model C2 which was deviating from the in-situ measured data by 0.51% during
heating demand calculations and by 7.63% during
cooling demand calculations. The calibrated model
at utility level (C3) showed a deviation of 0.63% and
0.32% in the estimation of the heating and cooling
annual demand respectively. The annual deviations
regarding gas and electricity consumption are shown
in Figure 4. At utility level the measured deviations
range between 0.89% and 1.52% (Table 2).
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Concurrent and collaborative engineering
The calibrated models informed critical decisions:
The heat losses through glazing were initially
linked to the heating demand. C2 proved that the
losses due to the roof and the ventilation were more

critical, and that changes of the glass could be postponed with respect to budget restrictions.
C3 was used to calculate energy savings due to
improvements at utility level; the calibrated model
provided results regarding the annual energy conTable 1
Basic Input data C1,
C2, C3.
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Table 2
Deviation (%) of
simulated data from
in-situ
measurements,
monthly results

Figure 4
Monthly electricity
and gas
consumption;
in-situ
measurements vs.
building simulation
results.

Figure 5
Comparison
between current
consumption and
future improved
scenarios

sumption with the use of heat recovery, night cooling, free cooling and demand-controlled ventilation
(Figure 5). The architectural group was provided with
real-time results in order to evaluate the above design decisions.

DISCUSSION
The above described BEM calibration pattern followed the blackboard concept of computer aided design and knowledge representation. The blackboard

structure supported the asynchronous processing
and acquisition of knowledge and permitted updates
of the database without interfering with the execution of simulation runs. The application of heuristics
during the ﬁrst steps (calibration C1, C2) and the acceptance of one single solution as operative aided a
timely calibration and narrowed down the combinations of input values. The proposed framework can
be applied for any BEM calibration irrespectively of
the chosen simulation software.
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The main diﬃculty during the application of
the framework was the speciﬁcation of acceptable
heuristic values for the (VD) input. An inexperienced
user is expected to test a lot more combinations of
input variables until the Mean Bias Error (MBE) of the
calibrated model assumes an acceptable value.
This study focused on the lack of computer based
real-time reasoning with regard to the calibration
process. The problem was resolved through: 1) The
design of a framework with discrete, iterative steps,
2) Parameter labeling based on the Coakley scheme,
3) Application of heuristics and iterative improvement of the model, 4) A blackboard database that
supported information updates and elaboration on
the variables parallel to the simulation runs. If the
above four points were integrated within the simulation capability, even shorter working times would
have been achieved. Currently there is no simulation
package with the above characteristics. The user has
to elaborate the described schemes and calculations
in a diﬀerent computational environment.

CONCLUSION
This study highlights that the lack of precise input
during BEM calibration can be handled constructively, without compromise in the usability of the
model for building performance evaluation. Due to
the large amount of data that respond to diverse engineering ﬁelds, the development of a pattern that
supports data processing parallel to the simulation
runs is crucial for a real-time approach. The blackboard principle provided a repository of information that allowed for parameters' codiﬁcation under
discrete knowledge sources. Input classiﬁcation according to the level of uncertainty along with active heuristics in the speciﬁcation of key variables resulted in a time-eﬃcient operational framework. This
pattern is applicable to all BEM calibration processes,
irrespectively of the selected simulation software. At
the same time, the proposed framework provides a
guideline for future improvement of relevant simulation packages that will eﬀectively integrate the possibility of data management within the simulation ca-
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pability.
Future work will automate real-time reasoning.
Such a capability will eﬀectively allow for a fully automated computer aided analysis of the parameters
within the knowledge sources, so that new simulation runs are triggered without manual intervention
when a signiﬁcant change occurs within the knowledge groups.
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