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ABSTRACT

Previous work

One of the key sources of uncertainty in building
simulation relates to the presence and behaviour of
occupants. Fortunately, several academic groups
have been working to address this uncertainty,
particularly in relation to the use of windows and the
corresponding impact on building heat and mass
transfers. But these models tend to be based on
highly restrictive datasets, typically relating to one
building, so that their application to other building
situations may be uncertain. The model of Haldi and
Robinson (2009) is a case in point. It has been
rigorously validated, but only using the original
training dataset. In this paper we evaluate the
applicability of the model to other circumstances.

A range of studies of occupants’ interactions with
window openings has been undertaken in recent
years. These have resulted in proposed models based
on indoor temperature (Yun and Steemers 2008) and
outdoor temperature (Herkel et al. 2008) or both
(Rijal et al. 2007); with some underlining the
determinant influence of occupancy transitions.
These models are generally based on a reasonable
variable selection procedure, but no assessment of
their predictive power is provided. Their calibration
basis is furthermore limited to a single building (Yun
and Steemers 2008; Herkel et al. 2008), to
summertime only (Yun and Steemers 2008) or based
on declared states of windows (Rijal et al. 2007).

We do this is two steps. Firstly we perform a blind
comparison of the model which is calibrated using
data acquired from an office building in Switzerland
to predict the behaviour of occupants of an office
building in Austria. We then use part of the Austrian
dataset to derive new calibration parameters for the
model and perform a second blind comparison with
the remainder of the Austrian dataset. We present the
results from these two blinds comparisons to evaluate
the robustness of applications of stochastic models
beyond their original training datasets.

Long-term high-resolution empirical data on people's
presence and control-oriented actions in six buildings
were used by Mahdavi and Pröglhöf (2009) to
express patterns of occupancy and user control
behaviour as a function of environmental parameters
such as temperature (indoor and outdoor),
illuminance and irradiance. Their study also included
statistical window operation data, but not an explicit
predictive model.

INTRODUCTION
Context
The deterministic features of building simulation
programs are now considered relatively mature. But
their ability to emulate reality is undermined by a
poor representation of non-deterministic variables,
particularly relating to occupants’ presence and their
interactions with environmental controls. One
example is occupants’ actions on windows, whose
associated air flows have an important impact on
indoor hygro-thermal conditions and indoor air
quality (e.g. concentration of pollutants) in naturallyventilated buildings. It is thus of particular relevance
to integrate occupants’ behaviour with respect to
windows use into dynamic building simulation tools
for a more realistic assessment of energy use and
thermal comfort at the design stage.

Meanwhile, Haldi and Robinson (2009) have
developed a detailed model in which the impact of
each variable is isolated, using an extensive dataset,
to support the cross-validation of the model and the
choice of its driving variables; as well as
comprehensive.
Although Haldi and Robinson (2009) showed that
this model soundly reproduces the behaviour of the
occupants of its training dataset, this is no guarantee
that behaviours in other buildings will be well
reproduced.
The need for a blind evaluation
The most conclusive evaluation of a predictive model
can be achieved if two completely different data
samples are used for its derivation and validation. In
the present case, parts of the collected data used for
model evaluation was collected by researchers, who
did not participate in model development. In this
paper, we refer to teams A and B: team A (Ecole
Polytechnique Fédérale de Lausanne) collected
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empirical data in the LESO building, developed the
models and run simulations; Team B (Vienna
University of Technology) collected data in the
Hartberg building and assessed the accuracy of
simulations performed by team A.
Summary
The data collection procedure is first presented,
followed by a short description of the models to be
validated. We go on to describe the validation criteria
and conclude with results, to test the quality of
predictions using external datasets.

THE FIELD SURVEYS
In order to perform a blind evaluation, two field
surveys are used.

measurements are archived by a centralised EIB data
acquisition system. For a period covering 19th
December 2001 to 1st September 2009 (with the
exception of a few short interruptions caused by
maintenance and technical reasons), local indoor
temperature (θin), outdoor temperature (θout) on the
roof and at a nearby weather station, occupancy,
window openings and closings were continuously
measured.
A statistical summary of the dataset is provided in
Table 1 (left).
Table 1
Statistical summary of the datasets: survey
characteristics, global ratio of occupancy and
window use and indoor and outdoor conditions
LESO

Measurements in LESO-PB
Data used for the development of our models were
collected from the Solar Energy and Building
Physics Laboratory (LESO-PB) experimental
building (Figure 1), located in the suburb of
Lausanne, Switzerland (46°31'17''N, 6°34'02''E,
altitude 396 m). In every office, occupants have the
possibility to tilt or open up to any angle each of the
two windows (height 90 cm, width 70 cm).
Furthermore, external lower and upper roller blinds
are controllable from within each office. Six offices
are occupied by two persons, which can both
individually access their own window, while eight
offices accommodate single occupants able to act on
the two windows. It is safe to leave windows open
(e.g. for night ventilation) during periods of absence,
except on the ground floor.

Survey duration
Offices (occupants)
Occupied time
Open ratio (tot)
Open ratio (occ)
Opening actions
Quartiles θout (occ)
Quartiles θin (occ)

HARTBERG

2808 days
14 (23)
15.1%
25.5%
30.6%
2.409 per day
5.7° 12.2° 18.5°

196 days
6 (10)
15.7%
11.4%
35.6%
0.66 per day
-0.6° 4.2° 13.3°

22.2° 23.4° 24.5°

22.6° 23.7° 24.7°

Measurements in Hartberg
Measurement results of a long-term observational
study (Mahdavi et al. 2008) of users’ ventilation
behaviour in an office building in Hartberg
(47°16'56''N, 15°58'23''E, altitude 345m), Austria,
were used for validation (see Table 1). Data were
collected in four double and two single offices on the
1st and 2nd floors of the regional municipality
(“Bezirkshauptmannschaft”). All selected rooms face
northeast and are naturally ventilated via operable
(“tilt and turn”) windows. External, manually
operated Venetian blinds as well as curtains are used
as shading devices (Figure 2). Both VDT-based and
paper-based tasks are performed at the workstations.

Figure 2 General view of the Hartberg building
Figure 1 General view (top) and typical cellular
office (bottom) of the LESO building
All 14 south-facing cellular offices of this building
have been equipped with sensors whose real-time

The following states and events were monitored at
five minute intervals: occupancy and indoor
environmental data parameters such as relative
humidity and air temperature (θin) were monitored
using
distributed
data
loggers.
Outdoor
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environmental parameters such as relative humidity,
air temperature (θout), wind speed and solar radiation
were monitored using a weather station mounted on
the top of the building. Window and blinds status
(degree of opening) were monitored via time-lapse
digital photography. Thereby, pictures of the façade
were taken regularly (every 10 minutes) and
analyzed via specially developed image processing
software to detect opening and closing actions of the
windows and shades. To analyze window operation,
both "tilt" and "turn" actions were taken into account.

DESCRIPTION OF THE MODELS
Based on detailed statistical analyses of eight years’
continuous measurements, three models (Haldi and
Robinson 2009) for the prediction of actions on
windows performed by office occupants were
developed. In each case, explanatory variables have
been carefully selected on the basis of statistical
relevance.

with other variants and with previously published
work.

EVALUATION
Procedure
Four cases of comparisons were conducted between
model predictions and empirical observations. In
order to perform an unbiased validation, separate
calibration parameters are derived for each dataset.
We use alternatively a subset of the data from a
building to predict the remaining part, and then all
data from one building to perform predictions on
another:
1.

50% of LESO data was used to calibrate the
model toward predicting the remaining 50% of
LESO data.

2.

A model calibrated with 100% of LESO data
predicts 100% of Hartberg data (team A was
provided by team B with exact occupancy and
environmental data such as indoor air
temperature, relative humidity, task illuminance,
as well outdoor climatic conditions).

3.

About 25% of Hartberg data was used to
calibrate the model in order to predict the
remaining 75% of Hartberg data (in addition to
the data transferred for case 2, team B provided
team A with detailed data concerning the status
of windows and shade deployment for about
25% of the time).

4.

A model calibrated with 100% of Hartberg data
predicts 100% of LESO data.

Bernoulli process based on a single probability
At each time step, the probability to observe a
window open is independently determined by a
probability formulated as a logistic model:
exp(a + bout θ out + binθ in )
Popen (θ in , θ out ) =
1 + exp(a + bout θ out + binθ in )

Markov chain
At each time step, window openings and closings are
modeled by action probabilities Pij from state i to
state j (i, j = 0, 1) also formulated as logistic models:
p

Pij ( x1 , K , x p ) =

exp(a + ∑ bk x k )
k =1
p

1 + exp(a + ∑ bk x k )
k =1

Action probabilities include different variables xi
depending on the occupancy transition. These are
indoor (θin), outdoor (θout) and daily mean outdoor
(θout,dm) temperature, the occurrence of rain (fR)
occupant presence (Tpres) and expected absence
durations (fabs).
Hybrid model
The above occupancy-dependent Markov chain is
extended to a continuous-time process based on a
Weibull distribution for opening durations. Action
probabilities Pij are modelled as above, but closing
actions are predicted by the density of the probability
distribution of opening durations:
f op (t ) = λα (λt )α −1 exp( −((λt )α )

λ = 1 / exp(a + bθ out )

Based on cross-validation, the predictive accuracy of
this latter model has been compared very favourably

It may thus be argued, that in cases 2 and 3, the
research team responsible for the development of the
model was not responsible for the collection of data
partially used for model evaluation. This
circumstance represents one of the prerequisites of a
double blind approach.
Models
In the four cases above, the models must be
calibrated from the subset of data used, which
determine dataset-specific regression parameters, see
Table 2 for the case of full datasets (used in
validation cases 2 and 4).
There is generally a good agreement on the obtained
regression parameters for the Markov chain between
the two datasets. Most of the transition probabilities
include a smaller number of significant figures in the
Hartberg dataset, associated with higher standard
errors, due to the smaller size of the database.
The most noteworthy difference takes place in the
Bernoulli process based on a single probability of
finding the window open, in agreement with the
hypothesis of Haldi and Robinson (2009) that such
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an approach
conclusions.

may

lead

to

building-specific

There are significant differences in transition
probabilities in the case of departure (P01,dep and
P10,dep), where the behaviour is mostly influenced by
building and context specificities (such as security or
rain protection). Discrepancies appear to a lesser
extent in the closing probability during presence
P10,int, which could be caused by particular window
configurations.
Table 2
Regression parameters of the retained models with
standard errors and Nagelkerke’s R2
MODELS &
VARIABLES
BERNOULLI
a
θout
θin
MARKOV
P01,arr
a
θin
θout
fabs,prev
fR
P10,arr
a
θin
θout
P01,int
a
θin
θout
Tpres
fR
P10,int
a
θin
θout
Tpres
P01,dep
a
θout,dm
fabs,next
fGF
P10,dep
a
θin
θout,dm
fabs,next
fGF
Open. Dur.
a
θout
θin
log(1/α)

LESO
(TOTAL)
R2N = 0.283
0.794 ± 0.030
0.1476 ± 0.0003
-0.1541 ± 0.0013

HARTBERG
(TOTAL)
R2N = 0.188
-3.76 ± 0.17
0.091 ± 0.001
0.111 ± 0.007

R2N = 0.138
-13.88 ± 0.37
0.312 ± 0.016
0.0433 ± 0.0033
1.862 ± 0.044
-0.45 ± 0.11
R2N = 0.080
3.97 ± 0.37
-0.286 ± 0.017
-0.0505 ± 0.0045
R2N = 0.044
-12.23 ± 0.28
0.281 ± 0.013
0.0271 ± 0.0024
(-8.78±0.53)·10-4
-0.336 ± 0.081
R2N = 0.083
-1.64 ± 0.22
-0.0481 ± 0.0098
-0.0779 ± 0.0020
(-1.62±0.06)·10-3
R2N = 0.086
-8.75 ± 0.22
0.1371 ± 0.0075
0.84 ± 0.12
0.83 ± 0.13
R2N = 0.100
-8.54 ± 0.48
0.213 ± 0.022
-0.0911 ± 0.0061
1.614 ± 0.069
-0.923 ± 0.068
R2N = 0.110
2.151 ± 0.066
0.1720 ± 0.0044

R2N = 0.070
-13.2 ± 2.5
0.39 ± 0.11

0.872 ± 0.011

1.08 ± 0.28
R2N = 0.097
4.5 ± 1.4
-0.322 ± 0.062
2

R N = 0.009
-8.04 ± 0.71
0.173 ± 0.030

R2N = 0.171
5.21 ± 0.61
-0.343 ± 0.028
-0.0853 ± 0.0071
(-1.69±0.46)·10-3
R2N = 0.021
-3.64 ± 0.16

-1.28 ± 0.53
R2N = 0.273
5.1 ± 2.0
-0.389 ± 0.090

1.85 ± 0.41
R2N = 0.260
-2.47 ± 0.86
0.1108 ± 0.0073
0.305 ± 0.037
-0.089 ± 0.036

Evaluation criteria
Discrimination criteria are deduced by comparing
observed and simulated outcomes under the aspect of
status or action.
A detailed definition of the considered status related
criteria can be found in Table 3.
Table 3
Overview and definition of status related criteria
CRITERIA

ORO (overall
ratio open)
ORC (overall
ratio closed)
TP (truly
positive)
TN (truly
negative)
FP (falsely
positive)
FN (falsely
negative)
T (true
prediction)
F (false
prediction)

DISCRIPTION

Fraction of instances of open windows
over a specific period of time
Fraction of instances of closed
windows over a specific period of
time (1-ORO)
Fraction of instances, where a window
is correctly predicted to be open
Fraction of instances, where a window
is correctly predicted to be closed
Fraction of instances, where a window
is wrongly predicted to be open
Fraction of instances, where a window
is wrongly predicted to be closed
Fraction where the state of a window
is correctly predicted, T=TP+TN
Fraction where the state of a window
is wrongly predicted, F=FP+FN=1-T

To assess the simulation results related to user
actions, the following evaluation criteria are
considered:
PCC (proportion of correctly predicted opening
actions): fraction of actions with a temporal match
between observed and simulated opening actions
(within a time interval of ±30 min).
PCO (proportion of correctly predicted closing
actions): fraction of actions with a temporal match
between observed and simulated closing actions
(within a time interval of ±30 min).
All these indicators are presented for each model in
Tables 4 to 7.

RESULTS AND DISCUSSION
The values of the evaluation criteria for the three
models are listed in Tables 4 and 7 for LESO data
(Cases 1 and 4) and in Tables 5 and 6 for Hartberg
data (Cases 2 and 3).
In general, the reproduction of the overall ratio open
by simulation amounts to 7% to 53%. Comparing the
models on the basis of the evaluation criteria T (see
Table 3), the hybrid model performs slightly better
than the other two methods, in agreement with the
initial cross-validation of Haldi and Robinson
(2009). Concerning other status related criteria (such
as TP, FP and their intrinsic trade-off), no significant
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Bernoulli
model

0.53
0.17
0.38
0.37
0.09
0.54
0.46
0.08
0.10

0.18
0.06
0.63
0.12
0.20
0.68
0.32
0.08
0.09

0.49
0.16
0.42
0.33
0.09
0.58
0.42
0.54
0.59

Markov
model

Hybrid
model

Bernoulli
model

ORO
TP
TN
FP
FN
T
F
PCO
PCC

Observed
Hartberg
data

Table 5
Evaluation criteria - Case 2 (Calibration set: 100%
of LESO data, validation set: 100% of Hartberg
data)

0.14
0.14
0.86
0
0
1
0
1
1

0.14
0.03
0.75
0.11
0.11
0.78
0.22
0.03
0.03

0.09
0.01
0.79
0.07
0.13
0.80
0.20
0.03
0.02

0.18
0.03
0.71
0.15
0.11
0.74
0.26
0.49
0.47

Table 6

Markov
model

Hybrid
model

Single logit
model

-

0.07
0.04
0.57
0.02
0.37
0.61
0.39
0.33
0.29

Table 7
Evaluation criteria - Case 4 (Calibration set: 100%
of Hartberg data, validation set: 100% of LESO
data)

ORO
TP
TN
FP
FN
T
F
PCO
PCC

Single logit
model

Hybrid
model

0.25
0.25
0.75
0
0
1
0
1
1

0.50
0.24
0.33
0.26
0.17
0.58
0.42
0.16
0.25

Hybrid
model

Markov
model

ORO
TP
TN
FP
FN
T
F
PCO
PCC

Observed
LESO data

Table 4
Evaluation criteria - Case 1 (Calibration set: 50% of
LESO data, validation set: 50% of LESO data)

0.41
0.41
0.59
0
0
1
0
1
1

Markov
model

The results do not show any clear improvement in
the predictive performance of the models as a result
of training (model calibration) with observed data
from a building for which predictions are to be made.
For instance model predictions for Hartberg that are
solely based on models calibrated on LESO data
(case 2) are not worse than those done by models
calibrated with observed Hartberg data (case 3).

ORO
TP
TN
FP
FN
T
F
PCO
PCC

Observed
Hartberg
data

Action related criteria (PCO, PCC) show that the
considered models do no have the ability to precisely
reproduce the timing of observed actions. In this the
Bernoulli model is an exception; however it predicts
a too large number of actions because of its memoryless nature, and thus a large number of false actions,
which is not captured by these criteria.

Evaluation criteria - Case 3 (Calibration set: 25% of
Hartberg data, validation set: 75% of Hartberg data)

Observed
LESO data

difference between the models’ performance can be
discerned.

0.25
0.25
0.75
0
0
1
0
1
1

0.31
0.12
0.56
0.19
0.14
0.67
0.33
0.06
0.09

0.29
0.13
0.59
0.16
0.12
0.72
0.28
0.06
0.09

0.31
0.12
0.55
0.19
0.14
0.67
0.33
0.51
0.53

The results provide furthermore insights regarding
the following questions:
1.

Did the models correctly predict the status of
windows as being open (TP)? The best
performing model with respect to this criteria
(Markov), produced the following true
prediction rates (normalized with respect to the
maximum possible value): 68% (case 1), 21%
(case 2), 58% (case 3), and 48% (case 4).

2.

Did the models correctly predict the status of
windows as being closed (TN)? The
performance of the hybrid models was better in
this regard: true prediction rates (normalized
with respect to the maximum possible value)
were in this case: 84% (case 1), 91% (case 2),
and 78% (case 4).

3.

Was the timing of the window opening actions
correctly predicted (within a tolerance time
interval of ±30 minutes; PCO)? The
performance of the models is rather poor in this
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regard, with the exception of the Bernoulli
model.
4.

in summer. Building and Environment, 43(9):
1471–148.

Was the timing of the window closing actions
correctly predicted (within a tolerance time
interval of ±30 minutes; PCC)? Markov and
hybrid models performance is in the range of 2%
to 25%, whereas Bernoulli's results were in the
range of 29% to 47%.

CONCLUSION
The present contribution provided the result of a first
step toward rigorous evaluation of predictions made
by stochastic window operation models. The results
generally show a similar predictive performance
between validation runs on internal and external data.
However, further research is needed in modelling
and validation, as the present results are limited in
scope (only two buildings, both with office function).
A larger data base of observation data would provide
the possibility to evaluate models in different
contexts – such as residential environments, different
construction types (such as light weight buildings) or
different climates (e.g. hot and wet climate, where
ventilation may be less effective. Finally, validation
of behavioural models with respect to other building
controls (e.g. shading devices, lighting and HVAC
systems) remain to be studied.
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