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ABSTRACT
This paper proposes a systematic approach for con-
necting and self-tuning design Building Performance
Simulation, BPS, models with instrumented buildings
for the intent of creating a diagnostic tool utilized in
manual fault detection and diagnosis. The approach
acknowledges both extrinsic and inherent errors ac-
companying a building simulation model. As such,
this paper addresses these complications by imple-
menting a comprehensive data assimilation procedure
based on real-time, on-line, and off-line tuning. The
proposed method is able to deal with inherent model-
ing errors resulting from structural elements and pa-
rameter uncertainty, as well as extrinsic errors result-
ing from stochastic elements such as occupancy pres-
ence and activity.
The proposed method was tested on the Annex IEA 58
model, and preliminary results are discussed reveal-
ing promising potential for use as a diagnostic tool for
manual fault detection.

INTRODUCTION
In energy sensitive projects, such as performance con-
tracting, passive and net zero housings, a well repre-
sentative model is essential to ensure “as designed”
performance. This has translated into legal require-
ments for energy certification applications such as in
LEED for building commissioning, and has been in-
troduced in ASHRAE guideline 14 as of 2002 (Jeff
et al. (2005); ASHRAE (2002)) in “Standard for En-
ergy (and Demand) Savings Calculation Procedures”.
Aside from the complexity and scale of typical con-
struction projects making the latter a daunting task,
the under-determined nature of the problem at hand
prevents the model calibration and tuning procedure
from following a solid systematic approach. More-
over the high charging rate of a building expert, and
the man-months required to manually tune a complex
building model often designates manual tuning as un-
economical. Hence this paper proposes a systematic
approach for connecting and self-tuning design BPS
models with instrumented buildings.
Data assimilation, DA, techniques have found many
applications in the fields of meteorology and oceanog-
raphy (Bertino et al. (2003)), where the need arises
to incorporate observations into dynamical models for
the purpose of improving forecasts. These techniques
have alternated between variational methods and se-
quential methods. Variational methods are in general
based on optimal control theory, where the initial dy-
namic model is assumed to be complete, and only pa-

rameter uncertainty is addressed (Gadnin (1965); Da-
ley (1995); François-Xavier and Olivier (1986); An-
dersson et al. (1998)). Whereas Sequential data assim-
ilation methods typically involve the application of fil-
tering to joint state and parameter estimation, and of-
ten utilize some variation of Kalman for that purpose
(Bertino et al. (2003)). Recently there has been devel-
opment towards merging the two techniques into what
is referred to as Simultaneous Optimization and Data
Assimilation, SODA, algorithms. These latter algo-
rithms benefit from the global optimization approach
of parameter estimation provided by variational meth-
ods in an outer main loop, whilst simultaneously utiliz-
ing sequential methods of state filters in an inner loop
(Vrugt et al. (2005)). Moreover effort has been placed
on the parallelization of SODA algorithms, which are
often inhibited by high computational costs, rendering
them unfeasible for scaling (Vrugt et al. (2006)).
In the building simulation discipline, variational meth-
ods are dominant, with different optimization algo-
rithms being implemented on either reduced order
models or simulation models over a priori filtered pa-
rameters. Recently an attempt at optimizing 156 se-
lected building parameters, amounting to 10 million
simulations and over 2 million computational hours,
was conducted by Oak Ridge National Laboratory un-
der the project title “Autotune” (Jibonananda et al.
(2014)). This was made feasible with the use of the
current fastest supercomputers, the 1024-core shared
memory Nautilus, 2048-core Frost, and the 299,008-
core Titan which runs at 20 petaflops. The cluster
based optimization exercise aimed at training a ma-
chine learning algorithm capable of running on a local
computer for auto-tuning a simulation model. Whilst
the latter approach to tuning a simulation model is a
tempting one, due to the continuously decreasing cost
of computing power in the current market, the proce-
dure does not take into account knowledge of build-
ings or systems. Thus it assumes the initial model to be
free from structural errors and uncertainties, making
the optimization approach suitable only for advanced
control rather than a coherent diagnostic tool.

METHODOLOGY
In a multi-zone building simulation model, every zone
can be represented by:

f(X, t) = A×X(t) + P (θ|c, t) (1)

f(X, t) , is the zone model at time t
X(t) , is a vector of states at time t
A , is a vector of parameters
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P (θ|c, t) , is a probabilistic function describing
event θ given condition c at time t

Note the transformation mapping between states is
nonlinear, and does not account for input uncertainty:

d/dt X(t) 6= F (t)×X(t) +B(t)× U(t) (2)

F (t) , is a transformational function at time t
B(t) , is a vector of control inputs at time t
U(t) , is a vector of inputs at time t

Building systems can also be represented in a simi-
lar fashion. Thus to perform empirical tuning on the
model described in (1), it is required to define and
adapt the vector of parameters A, adjust the transfor-
mation mapping F̂ (t) of the state function d/dt X̂(t),
and finally update the probabilistic function P̂ (θ|c, t)
depicting occupancy presence and behavior. To that
end, a small subset of influential building parameters
relating to a typical zone and set of HVAC systems
is defined. Acknowleding the fact that these sets of
parameters are case dependent, in that they will vary
according to each building and each HVAC system
selected, sensitivity analysis is deemed unfeasable to
implement for the selection process. Moreover the
dynamic nature of the buidling, reacting non-linearly
to parameter changes in the HVAC systems due to
the different controllers implemented in these systems,
render sensitivity analysis uninformative. Hence the
selection proceedure instead is based on expert knowl-
edge for each system, and the selected parameters
will be referred to here on as Key Parameter Mod-
ifiers, KPM. Furthermore a variation of the Simul-
taneous Optimization and Data Assimilation method
is proposed; where one implements a multimodal ap-
proach incorporating continuous real-time data assim-
ilation, alongside an on-line KPM optimization step
conducted at specific intervals, and an optional off-
line manual tuning initiated whenever major adjust-
ments to the building model are required such as in
a retrofitting case, as shown in Figure 1.
The framework in Figure 1 relies upon establishing
several modes of communication channels between
the deployed sensor network, the Building Manage-
ment System (BMS), and the IDA-ICE simulation
model. The first of which is a real-time mode where
the information collected from the BMS and sensor
network is fed directly to the initial IDA-ICE sim-
ulation model created by the user. The second of
which is an on-line mode where a copy of the col-
lected data is stored in a database to be used for op-
timization. Lastly, the off-line mode is utilized when-
ever manual tunning is required in the case of major
adjustments. Communications between the real-time
and on-line modes are done through model snapshots,
and injected back by hot-starts without causing dis-
ruptions to any of the working modes. Taking a snap-
shot and hot-starting a BPS model involves copying
the last state of the simulation model, modifying the

model parameters as intened, and finally re-starting the
modified simulation model with the previous last state
solution converged. While this hot-start method in-
troduces initial starting point errors, solution conver-
gence is maintained as long as the paramter adjust-
ments are performed in an incrimental manner. At
this stage the real-time state controllers will handle
the incoming sensor signals from the real building,
and tune the states of the initial model accordingly.
Afterwards, when on-line optimization is required to
tune the KPMs, a copy of the sensor data is extracted
and stored along with their equivalent mapped sig-
nals from the simulation model. Finally the optimized
IDA-ICE simulation model is injected back by a hot-
start without interrupting the continuous data assimila-
tion mode. Note that the stochastic model P (θ|c)t+1 is
handled simultaneously with the real-time data assim-
ilation mode via a separate occupancy model scheme
as shown in Figure 2.
Figure 2 depicts the inputs and outputs of each compo-
nent involved at the real-time mode. The environmen-
tal signals collected from weather stations, along with
the set-points and predefined schedules from the cen-
tral control system, are fed to both the controls of the
real building, as well as the initial IDA-ICE simulation
model. Occupancy is shown as a separate component
in the real building module to emphasize and differ-
entiate its role in the tunning algorithm. The output of
the IDA-ICE simulation model is then compared to the
output of the sensor network and BMS system by the
state controller component. Following this, the appro-
priate control adjustment signal is fed back to the IDA-
ICE model to tune the states of the simulation model
to the states of the real building. Note that a load esti-
mator component handles separately logged electricity
meters and plug loads to update the occupancy model.
Moreover, that the state controllers are highlighted as
a separate component outside the internal controller
loops of the BPS model. This is to indicate that the
state adjustment occurs in a separate stage, adjusting
the states only after the local thermal zone controllers
have been evoked.

States and State Controllers
In a typical thermal zone, state variables might in-
clude:

• Heating [W ]

• Cooling [W ]

• Outdoor air ex-

change [ACH]

• Lighting [W ]

• Humidity [%]

For a typical Air Handling Unit, AHU, state variables
can represent:

• Fan pressure rise
[Pa]

• Heating [W ]

• Cooling [W ]

• Outdoor air frac-
tion [%]

• De/Humidification
[W ]

Proceedings of BS2015: 
14th Conference of International Building Performance Simulation Association, Hyderabad, India, Dec. 7-9, 2015.

- 2433 -



 

  

 

 

 

Hot Start 

Optional in case of retrofitting 

Hot Start 

Real Building 

 
Sensor

s 

Gateway 

Control  

Adjustment  

Signals State  

Controller 

Database 

Sensor 

Data 

BPS data 

 

Building 

Performance 

Simulation model 

 User 

GUI 

IDA-ICE  

Model 

Tuned 

IDA-ICE  

Model 

Parameter 

Optimization 

Initial Building 

Performance 

Simulation model 

Real-Time  

Data Assimilation 

On-Line  

KPM optimization 

Off-Line  

Manual Adjustments 

Manual 

Adjustment of 

IDA-ICE model 

Figure 1: Layout of the proposed self-tuning procedure for BPS models

Figure 2: Real-time mode of the proposed self-tuning procedure

The above states are but an example of what might a
typical BPS model aim to solve. The selected states
aim typically to capture the dynamics of a thermal
zone in a simulation model, hence any state controller
should aim to match these states with the respective
inferred sensor signals. Note that most state variables
are highly correlated, in that a change in humidity di-
rectly influences changes in temperature and therefore
heating/cooling demand. Thus it is vital for a state
controller to account for covariance relationships be-
tween the states. Popular approach in sequential data
assimilation is to rely on a variant of Kalman for that
end (Bertino et al. (2003)). However, Kalman filters
are based on the implicit assumption that the model
is accurate, and deals with mostly additive uncertainty
within the process and measurement equations in the
form of an a priori noise distribution, usually a Gaus-
sian (Anderson and Moore (1979)). Hence under ex-

ogenous input signals or poor distribution assumptions
Kalman filters tend to diverge, leading to a poor and
bias control behaviour (Gelb (1974); Sorenson (1985);
Grewal and Andrews (2001)). Therefore, this paper
proposes implementing a regularized robust continu-
ous filter (Ali (2001)). The proposed robust filter can
handle model uncertainties, where the uncertainty in
the measurement equation can be described as:

d

dt
X = (F (t) + δF (t))×X(t) +

(G(t) + δG(t))× U(t)

Y (t) = (H(t) + δH(t))×X(t) + V (t)

(3)

δF (t) , is the perturbation of the transformation
function F (t)

δG(t) , is the perturbation of the control-input
function G(t)
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Y (t) , is a vector of observations at time t
H(t) , is a mapping function at time t
V (t) , is an observed noise function at time t

The solution of which is the Tikhonov regularization
of the least squares:

min
X

[XTQ(t)X + (AX − b)TW (AX − b)] (4)

(AX − b) , is the residual function at time t
Q(t) , is the covariance function at time t
W , is a vector of weights

XTQ(t)X is a regularization term with Q(t) =
QT (t) > 0 and W = WT ≥ 0 is a weighting ma-
trix (Ali (2001)). Moreover, the residual function is
considered to contain perturbations:

R(X, y) , (AX − b+Hy)TW (AX − b+Hy) (5)

R(X, y) , is the residual function
H , is a known part of the perturbation function
y , is the unknown part of the perturbation

function

By having Hy in the residual function, one incorpo-
rates additive perturbations onto the data. While H
provides a degree of freedom of restricting the uncer-
tainty y. y itself is assumed to be bound through its
Euclidean norm ‖y‖ ≤ φ(X), where φ(X) is a non-
negative function. The bounding of the perturbation is
vital to ensure stability, and is dependent on X . This
transforms (4) into:

X̂ = argmin
X

max
‖y‖≤φ(X)

(XTQ(t)X +R(X, y)) (6)

This minmax formulation implies that one would like
to minimize the worst possible case when perturbation
is maximum. Finally one would like to add an adap-
tive element to the Kalman filter in order to accommo-
date system discontinuities. This can be achieved by
inserting a fading factor α < 1 to the posteriori error
covariance function P (Afshin (2012)):

d/dt P (t) = F (t)αP (t) +G(t)Q(t)GT (t) (7)

Whenever the innovation diverges or a discontinuity
is triggered α is set to zero, thus forcing the Kalman
update to forget previous observations (Ali (2001)).

Key Parameter Modifiers and Parameter Opti-
mization
Key Parameter Modifiers were selected for different
building systems as well as typical thermal zones,
based on expert opinion. These represent a list of influ-
ential parameters to be optimized for simulation model
tunning. For a typical zone, KPMs include but are not
limited to:

• Envelope conduc-
tion

• Thermal mass
• Envelope leakage
• Solar aperture
• Moisture storage

• Heating capacity
• Cooling capacity
• Mechanical venti-

lation capacity
• Artificial lighting

capacity

For a typical AHU, KPMs can include:

• Pressure vs. flow
characteristics

• Fan efficiency
• Heating

• Cooling
• Recovery
• Humidification ca-

pacity

Utilizing zone and system level KPMs, acknowledges
the fact that each zone will be influenced by differ-
ent sets of KPMs. This offers a unique alternative to
selecting global key parameters for the building as a
whole, and allows for specific diagnosis and detection
capabilities. Moreover the KPMs are normalized, in
that unity indicates no residual error exists between
observed and simulated data. Hence the KPMs are
not represented by any units, that is to say the KPMs
act as mere multipliers to whatever mapping they are
linked to. For instance the KPM representing Solar
aperture in a typicall thermal zone with multiple glaz-
ings on several wall directions, is a multiplier that can
be mapped to any glazing property. Therefore the So-
lar aperture KPM can be mapped to the geometrical
size of all the windows in a singal room, or to the shad-
ing coefficient of all the glazings in a singal room, or
any other such property. Thus when the KPM value
differs from 1, then all properties mapped to that KPM
will be multiplied by the differed factor.
Aside for the typical challenges facing optimization
in a non-convex, discontinuous, time inhibiting func-
tion evaluation call environment, this approach intro-
duces other obstacles. The first of which is the need
for multi-object optimization algorithms to take into
account simultaneous tunning of all KPMs. Further-
more, since system tuning supersedes zone level tun-
ing, a hierarchal approach in optimizing the cost func-
tions is vital. Finally, thermally coupled zones intro-
duce challenges in terms of finding an optimal config-
uration of KPMs for all zones at any one instance. To
address these issues, a hierarchal multi-objective opti-
mization algorithm based on the heuristic Levenberg-
Marquardt trust region method is proposed. The
trust region method is popular for nonlinear and non-
smooth optimization problems (Sam (1996); Xiang
(2000); Bertsimas et al. (2010)), where solver toler-
ances are tightened to help smooth out numerical dis-
continuities, and the Jacobian and Hessian are lever-
aged in predicting direction and step size. This re-
sults in an economical optimization scheme, requir-
ing a reasonable number of function evaluation calls.
Moreover, one can take advantage of optimizing all
zones simultaneously without any added time penalty,
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since each function evaluation call simulates the whole
building. For the multi-objective scheme, a normal-
ized weighted function based on the magnitude of
residual errors was selected to scale all cost functions.
The coefficient of variation of the Root-mean-square
deviation, CV(RMSD), was adopted as an appropriate

data fitting measure:

√
(
n∑
t=1

(Xt − Yt)2/n)/Ȳ .

Therefore the cost function is formulated as:

min
m∑
j=1

ψj × Cj(X)

Cj(X) =
n∑
i=1

‖Ri(X)/(Yi − 〈Yi〉)‖

Ri(X) = Xi − Yi, i = 1, ..., n
m∑
j=1

ψj = 1, j = 1, ...,m, ψj > 0

(8)

m & n , are the number of cost functions and
observation points with n ≥ m

ψ , is an adaptive scaling function
C(X) , is the cost function
R(X) , is the residual function

The Levenberg-Marquardt method is a modification
on the Gauss-Newton method for solving non-linear
least squares, based on local linearization of the resid-
uals.

Rj(X + δX) ≈ Rj(X) + (∂Rj(X)/∂X)δX

δX = −(JTJ)−1∇C
∇C = JTR

(9)

J , is the Jacobian matrix ∂Rj(X)/∂X

Levenberg-Marquardt suggested damping the JTJ
matrix, which is often ill-conditioned. The proposed
damping factor is based once again on Tikhonov reg-
ularization of the least squares as in (4). This en-
sures that the matrix DTD is always positive-definite,
and thus the least squares formulation to be well
conditioned. The scaling factor λ implies that the
Levenberg-Marquardt is in practice a blend between
the vanilla gradient descent and the Gauss-Newton
method. Updating the scaling factor λ in a trust region
fashion rather than a line search mechanism, translates
to modeling the local search region, ∆, as a quadratic
function approximation, M .

M = C(X) +∇C(X) • p+ (1/2)pTHp (10)

M , is the quadratic model function approximating
local cost function

p , is the step size

Solving for the roots of the quadratic function provides
the location of our next step, Xt+1 = Xt + p

min
||p||≤∆

C(X) +∇C(X) • p+ (1/2)pTHp (11)

The solution to the quadratic function represented in
eq.12 can be solved by Powell’s dogleg method (Pow-
ell (1968)).
Since the function evaluation calls of IDA-ICE will
need to run the full BPS model, requiring extended
simulation time, the need to efficiently evaluate the Ja-
cobian and Hessian matrices is of importance. Whilst
the Hessian is approximated from the Jacobian matrix
without incurring any additional time cost, the Jaco-
bian itself is evaluated through Central Differencing,
and is updated by a a rank-1 matrix update.

Case Study Implimentation and Limitations

For a controlled implementation of the proposed ap-
proach to self-tuning a BPS model, this paper relies on
an IDA-ICE model of the International Energy Agency
Annex 58 (Agency (2015)). The IEA Annex 58, which
started in 2011 and is ongoing, performs instrumented
experiments on two identical, uninhabited, single fam-
ily houses in Holzkirchen, Germany. The Twin houses
are described in detail, and empirical data is provided
in full. The experiment referenced in this paper was
conducted throughout August and September of 2013,
and allows comparisons of absolute performance of
the two buildings, as well as a side-by-side compari-
son. The data collected from the latter include weather
data from a local station, 10 min interval tempera-
ture readings, as well as control input signals for the
heaters and shutters. Lastly, the experiment’s range
included an initialization phase, followed by a con-
stant set temperature period, after which a Randomly
Organized Logarithmic Binary Sequence excitation of
the heater was carried out, followed by a reinitializa-
tion phase, and concluded with a free-floating phase
as shown in Figure 3 and 4. For the test case, a self
tuning PID controller was implemented to mimic the
behaviour of the robust control filter described in the
“States and State Controllers” section. Since only tem-
perature signals are available for the state controller,
a PID is enough to be able to achieve stable perfor-
mance. The PID controller is self tuned via a fuzzy
control scheme (Sukon and Manukid (2006)), and was
implemented in MATLAB and co-simulated with IDA
ICE.
Furthermore, since the only logged signal utilized in
this test case is the temperature measurements, the
implementation does not include any multiple objec-
tive optimization. To accomodate this change the
adaptive scaling function in equation8, ψ, is set to
1. Moreover, since the test case only includes elec-
tric heaters as room units, only envelope related KPMs
were considered in the optimization routine. While
the PID state controller implementation was demon-
strated seperately. The optimization period spanned
a 40 day duration Figure 5, and focused on reducing
the residual error of the mean air temperature of the
rooms. Furthermore, the optimization focused on the
envelope zone level Key Parameter Modifiers only:
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Figure 3: IEA Annex 58 test schedule schematic

Figure 4: IDA-ICE model of the test case in IEA Annex 58

• Envelope conduction → mapped to the Thermal
Bridge losses [W/Km2]

• Thermal mass→mapped to the Air Mass Density
[kg/m3]

• Envelope leakage→mapped to the Outdoor Leak
Area [m2]

• Solar aperture→mapped to the Window Geomet-
ric Height [m]

• Moisture storage → mapped to the Air Absolute
Humidity [kgwater/kgair]

All KPMs linked with controllers, such as the heat-
ing/cooling capacity, or lighting and mechanical ven-
tilation, needed to be treated before attempting an op-
timization run. That is to say the control signals to
these units must be set fixed throughout the optimiza-
tion runs, since changing these KPMs in between op-
timization runs will lead to different control schemes,
and thus output incoherent end results. Finally the ini-
tialization period in Figure 5 was used as a startup cy-
cle for the IDA-ICE simulation spanning from 21.8.13
till 29.8.13.

Results
In the case setup the PID is controlling a virtual heat
source with 20% (200 Watts) the heating capacity of

that of the existing electric heater inside the IEA An-
nex model. It is critical to have a proper estimate of
the percentage attributed to measurement noise and
exogenous events within the reported error. This will
have direct consequence on the results obtained by the
optimization step at a later stage. The latter estimate
reflects the user’s confidence in the empirical data pro-
vided by the sensor network. Figure 5 shows that the
self tuning PID controller is able to reduce the nor-
malized root-mean square state error down to 0.1249.
Following the real-time state controller phase, the on-
line optimization scheme was performed.To demon-
starte the validity of the optimization approach, we
ran the optimization algorithm over the three periods,
30.8.13 till 30.9.13, as indicated by Figure 5. The op-
timization result at the end of a period was inherited
by the optimization run of the next period. Thus if
the set of KPMs remained constant around unity, this
indicated that the initial optimization run converged
to the correct optimal configuration over the 40 day
period. The first optimization run conducted yeilded
the results shown in Figure 6. The first data point
shown in Figure 6 refers to the data period in which
the random heat injection is occuring with window
shutters up. While the second data point refers to the
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Figure 5: Output result of the state controller-from top to bottom, left to right: Residual error in ◦C, Control Signal
issued to the heater between 0 and 1, Set-Point of the heater being adjusted by the control signal, Simulated vs
Measured signal

data period where the shutters are drawn and the re-
initialization is set at a constant 25◦C. Finally, the
thrid data point refers to the data period where the
shutters are up and the building is left to free float.
Figure 6 revealves that the KPMs are changing dra-
matically from period to period. Specificaly the Solar
Aperture KPM in the south facing zones, the living
room and children’s bedroom, follows the shutter cy-
cling. This indicates that the shutters in the IDA-ICE
model were not accounted for or poorly modeled. Af-
ter closer inspection, the blinds in the IDA-ICE model
were adjusted to reflect the data given by the IEA An-
nex 58 documentation, and the optimization run was
performed to yeild the results shown in Figure 7. Fig-
ure 7 clearly demonstartes that fixing the blinds in the
IDA-ICE model achieves the desired output of keep-
ing the KPMs constant at unity. However two zones,
the kitchen and the bedroom, indicated that the ther-
mal mass component is underestimated. Upon further
inspection, it was found that these zones include verti-
cal support columns which were not accounted for in
the IDA-ICE model. These columns blocked solar ra-
diation from the living room into the kitchen. Unfor-
tunately IDA-ICE currently can only account for the
additional thermal mass, but is not able to model the
shadowing affect of columns inside these zones. A
more advanced zone model is being developed which
can accomodate this effect.

Future Work
Ongoing effort is being placed on the implementation
and evaluation of the state controllers, along with their
integration with the optimization algorithms to form
the final proposed framework. Moreover, a full paper
will be devoted to the study and construction of an ap-
propriate occupancy detection and behaviour model to
be included in the proposed framework. The complete
framework will be tested on more complex case stud-
ies, with three candidate buildings already selected,
modeled, and instrumented. The first of which is a
public library in Torino, Italy; the second of which is

a municipality office and data center building in La
Rochelle, France; the last of which is the headquarters
of IBM in Cork, Ireland.

CONCLUSION
This paper has presented a novel framework for self-
tuning a BPS model. Furthermore, several compo-
nents of the latter framework were implemented and
tested, revealing promising results. The optimization
algorithms have been developed, and further improve-
ments have been identified. Moreover, a case study
was conducted on the IEA Annex 58 model, and the
framework revealed potential as an automated diag-
nostic tool for manual fault detection. Further work
was highlighted before an alpha version of the tool
is available, which included developing occupancy
models, and implementing state controllers within the
IDA-ICE environment.
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