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ABSTRACT
We suggest a method to create presence profiles.
These profiles can be used in a simulation, where it
is necessary to know the user’s state, because the user
can only take action or interact with the building’s ap-
pliances if he is present. In contrast to other meth-
ods we use not only states like present or absent but
also the location within a building. This may be nec-
essary for detailed studies of energy systems within
apartments (e. g. airflow studies) or learning algo-
rithms for single room control systems. Furthermore,
the proposed method does not require extensive Time-
use survey data but relatively sparse input for easier
utilization.

INTRODUCTION
To simulate the energy consumption of single build-
ings or whole districts, the interaction of the user with
the building must be modeled accordingly. Key re-
quirement for any interaction (e. g. using electrical ap-
pliances, opening windows, changing set-points) be-
tween user and building is the user’s presence. Simple
patterns that are repeated daily (so called static pro-
files) fail to represent realistic user behavior. Wang
et al. (2005) suggested the usage of two different expo-
nential distributions to model occupancy and vacancy
in an office, Page et al. (2008) suggested using Markov
chains to model occupancy or vacancy for an office
or residential building. Richardson et al. (2008) also
used Markov chains to predict the number of active
users present in a residential building. He used data
from a Time-Use Survey to create the necessary transi-
tion matrices. A similar approach was taken by Widén
et al. (2009). He used a three-state non-homogeneous
Markov chain with the transition probabilities derived
from a Time-Use Survey.
Liao et al. (2012) extended the model suggested by
Page et al. (2008) to a model with an arbitrary num-
ber of zones and occupants. The results were tested
against a commercial building. Especially in conjunc-
tion with several zones the input data are complex and
simplifications yield wrong results.
A drawback to all (except Liao’s) presented methods
is the use of only two or maybe three states (absent,
present, present but inactive). This method may work
well in commercial buildings, where users are usually
assigned to one office, but fails in residential buildings.
Furthermore most of the methods need rather complex

data as input, e. g. data from Time-Use Surveys.
We propose a method that uses generic presence prob-
abilities to create dynamic occupancy profiles for res-
idential buildings down to the resolution of single
rooms. These dynamic profiles share a probability dis-
tribution so they will be similar but not every day the
same, which is a better representation of human behav-
ior than a static profile. A difference between normal
weekdays and the weekend may be necessary and can
be made with two different presence probability distri-
butions.

GOALS OF THE PROPOSED METHOD
The main goal of this method is to create a tool that
allows calculation of occupancy profiles that share
a common general presence distribution but are not
static, repetitive profiles. As suggested by Page et al.
(2008) we aim to utilize Markov Chains for this pur-
pose. Therefore we must create a time-dependent tran-
sition matrix T (t) that contains the transition probabil-
ities from one room to another. For n rooms there are
(n+ 1)2 entries necessary, because the option to leave
the building must be added. Time-Use Surveys do not
yield these transition probabilities and if generic data
should be used it is also easier to define probabilities of
presence for each room and derive the transition prob-
abilities from these data as suggested by Widén et al.
(2009). Once these transition matrices are calculated
we can use Markov Chains to create presence profiles.
These dynamic profiles allow learning algorithms to
detect patterns, but will also confront these algorithms
with deviations from the expected pattern. The reso-
lution on the scale of rooms allows testing of learning
algorithms for room control strategies for heating or
ventilating as suggested e. g. by Adolph et al. (2014).
We suggest creating one profile for each user, different
users may share the same presence probability distri-
bution. For simulation purpose these different users
may be superimposed.
Research that needs presence profiles is often already
complex by itself. In this context a dynamic, realis-
tic and not repetitive profile is rather a tool or neces-
sary input. Thus creating a presence profile should be
straightforward but also ensure the quality of the pro-
file. That said, simple usage of the model is of higher
priority than accuracy compared to real, measured pro-
files. As long as the created profiles sufficiently repre-
sent user behavior in terms of room transitions, times
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of absence and presence distribution, these profiles can
help to develop and improve advanced control mecha-
nisms for buildings and use of appliances or lighting,
especially if they are used instead of simple, static pro-
files.

CREATION OF PROFILES
Although we expect that most users have two different
day types (working days and weekend), we will as-
sume for simplicity that there is only one type of day, a
normal working day1. As input to create a longer pres-
ence profile we use a timetable that specifies the prob-
ability of presence for each room and the probability
of being absent with a resolution of thirty minutes for
twenty four hours. These probabilities may be derived
from Time-Use Surveys or some different data acqui-
sition. For this work we used generic data. Each row
contains a time-stamp and the presence probability for
each room of the residential building and one value for
the probability of being absent. So for n rooms every
row contains n+ 2 columns. An example for the input
is given in table 1 The probabilities of each row must
add up to one, as the user must occupy one room or be
absent:

rooms∑
i=0

pi = 1 (1)

Table 1: Example for generic input data. If the distri-
bution is the same for the next time step, these values
are omitted. The values of one row add up to one, de-
viations due to rounding.

Time Br Ba Ki Li St out

00:00 97.00 1.00 0.50 0.50 0.50 0.50

00:30 98.00 0.50 0.25 0.25 0.50 0.50

02:00 99.00 0.25 0.13 0.13 0.25 0.25

06:00 98.00 0.50 0.25 0.25 0.50 0.50

06:30 97.00 1.00 0.50 0.50 0.50 0.50

07:00 50.00 30.00 10.00 2.00 5.00 3.00

07:30 40.00 20.00 20.00 2.00 9.00 9.00

...
...

...
...

...
...

...

23:00 70.00 13.50 0.50 15.00 0.50 0.50

23:30 90.50 5.00 0.50 3.00 0.50 0.50

An alternative method would be omitting the probabil-
ity of being absent and calculate the probability from
the given probabilities of presence.

pabsent = 1 −
rooms∑
i=1

pi (2)

We prefer usage of Equation 1 as it allows for error
checking if the values of each row do not add up to
one.
From these time-dependent presence probabilities
pi(t) it is possible to create many different daily pro-
files by comparing them to a randomly drawn number,
this is step (S-1) in figure 2. A daily profile consists of
144 states, each of 10 minutes duration, an excerpt of
the created presence profiles is shown in figure 1.
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Figure 1: 40 of the 500 daily schedules created from
the probabilites of presence shown in figure 3

As described by Widén et al. (2009) the transition
probabilities can be derived for every time-step by

ti,j =
ni,j
ni

(3)

where ni,j is the number of transitions from i to j and
ni is the number of all transitions, ni =

∑
j ni,j .

These profiles can be used to derive time-dependent
transition matrices with the entries ti,j , where ti,j de-
scribes the probability to switch from state2 i to state
j, and accordingly ti,i is the probability that the user
stays in the same state (step (S-2)). The values of i
and j are in the range from 1 to the number of possible
states. The transition matrix Tcalculated for time step t
and n possible states is defined by:

Tcalculated(t) =

t1,1 . . . t1,n
...

. . .
...

tn,1 . . . tn,n

 (4)

These calculated transition matrices are then altered
to reflect a minimum probability to stick to the cur-
rent state, the so-called stickiness (step (S-3)). We
introduced this method as we realized that especially
at times where some states were equally probable the
user was “hopping” between different states. This
changes Tcalculated with an stickiness-factor k as fol-

1creation of a weekend day will be identical, to create a whole profile for several weeks the working days and weekends can be created
independently and combined afterwards.

2Possible states are: user occupies Room 1 . . . Room n, or user is absent
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lows:

Tsticky(t) =


k t1,2 · c1 . . . t1,n · c1

t2,1 · c2 k
...

... k tn−1,n · cn−1

tn,1 · cn . . . tn,n−1 · cn k


(5)

where k is a number between 0 and 1 and the re-
normalization-factor ci for each row i is defined by:

ci =
1 − k∑
j 6=i ti,j

(6)

Figure 2: Process how to create the profiles of pres-
ence.

This alteration of the matrix only takes place, if Ti,i <
k, otherwise the matrix stays unaltered. The sticki-
ness factor k is similar to the “parameter of mobility”
µ suggested by Page (2007). The value must be cho-
sen carefully according to the resolution of the output
profile. We set k = 0.5 for an output resolution of
10 minutes and independent of time. Defining k as
room and/or time dependent could improve the quality
of the created occupancy profiles but would also make
the usage of the tool more difficult as more input data
are necessary.
As a second measure to create a more realistic behav-
ior we treat the bedroom as a special room. Assuming
that a person stays in the bedroom to sleep, we modify
the presence profile after creation from the transition
matrices (steps (S-4) and (S-5)): If the user leaves the
bedroom in the morning after a specified time tgetup he
is not allowed to return to the bedroom for the time
tban. Within this time span every time the user en-
ters the bedroom this value is replaced by the previous
state. The same method applies for the evening: If the
user enters the bedroom after the time tbedtime he is not

allowed to leave the room for the time ∆tban. Every
state different from “bedroom” will be replaced with
the state “bedroom”. Figure 2 shows the process of the
profile generation.

EXAMPLE
The results of the single methods are explained by us-
ing an example for a normal working day, the proba-
bilities of presence are defined as shown in figure 3.
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Figure 3: Time-dependent probability of presence for
different rooms

To ensure variability, the maximum probability value
for being present in one room never exceeds 99,9 %;
at every time-step there is a possible alternative room.
As expected for a normal working day, there is a very
high probability to be in the bedroom between 23:00 h
and 06:00 h. Until 07:30 h the probability of being in
the bedroom decreases, the probability to be in the
bathroom, kitchen or study increases. Starting from
08:00 h the probability to leave the building increases
and starts decreasing at 18:00 h.
In the evening it is most likely to be in the living room,
but also kitchen and study are likely. Towards the end
of the day the presence probability for the bathroom
and the bedroom increases.
This profile follows the assumption that a working per-
son gets up in the morning, visits the bathroom, pre-
pares breakfast in the kitchen, leaves for work, pre-
pares dinner or continues to work at home after return,
spends leisure time in the living room and ends the day
with a visit at the bathroom and then goes to sleep in
the bedroom.
Figure 4 shows the transition matrices for bedroom
and kitchen derived from the presence profiles. If the
stickiness-factor gets applied and the transition ma-
trices are re-normalized, the transition matrices differ
from the original probabilities of presence. An exam-
ple for bedroom and kitchen is given in figure 5.
These transition matrices can now be used to create
the final occupancy profiles. For comparison figure 6
shows a occupancy profile created from the original
transition matrices and figure 7 a profile created from
the transition matrices with stickiness factor.
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Figure 4: Transition probabilities derived from presence profiles
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Figure 5: Transition probabilities after applying the stickiness factor

0 10 20 30
Date

00:00
03:00
06:00
09:00
12:00
15:00
18:00
21:00

Ti
m
e

Br
Ba
Ki
Li
St
out

Figure 6: 40 markov-based presence profiles from the
unaltered transition matrices.

Finally, figure 8 shows the result of the altered transi-
tion matrices where the bedroom is treated special to
ensure that the user leaves the bedroom in the morning
and stays in the bedroom in the evening (step (S-5) in
figure 2). For the normal working day we used tgetup =
06:00 h, tbedtime = 22:00 h and ∆tban = 3 h.

DISCUSSION OF THE RESULTS
It is easy to observe, that the transition matrices pre-
sented in figure 4 are not only alike to each other but
also closely resemble the initial probability of pres-
ence shown in figure 3. Thus it may not seem reason-
able to create the transition matrices from the com-
puted profiles of presence, instead using the probabil-

ities directly would be more efficient. But if data from
Time-Use surveys are utilized the work flow would be
the same, as the transition matrices would be calcu-
lated from the presence profiles.
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Figure 7: 40 markov-based presence profiles with a
stickiness-factor of 0.5.

Applying the stickiness-factor to the transition matri-
ces changes them significantly. And the effect also
changes the Markov-based occupancy profiles. In fig-
ure 6 state changes happen more often and a state is
occupied for a shorter time period compared to fig-
ure 7.
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Figure 8: 40 markov-based presence profiles with
a stickiness-factor of 0.5 and applying the bedroom
method.

The effect of the bedroom handling can be observed
by comparing figures 7 and 8.
Table 2 shows the mean number of transitions be-
tween states for the four possible variations: Base-
case, stickiness applied, Base-case with special bed-
room handling and stickiness combined with bedroom
handling. The average number of transitions decreases
from 34 transitions per day for the base-case to 22 tran-
sitions with both methods applied. This is a reduction
by 35 % and the results are not within the range of 1σ,
which means that it is not just an effect due to random-
ization. All shown results are calculated from forty
daily occupancy profiles.
Table 3 shows the average time in minutes a user oc-
cupies one state. The distribution is shown with a box-
plot in figure 9 for the base-case and in figure 10 for
the results with the bedroom and stickiness functions
applied.
The boxplots show that especially for the bedroom the
average duration increases, this is mainly due to the
decreased times the bedroom state is entered.
This can also be seen from the data in table 3, as the re-
sults with the bedroom handling significantly increase
the duration time in the bedroom, the influence of the
stickiness-factor is of minor importance for the bed-
room.
But for the other states the mean of the duration in-
creases and the overall distribution is wider. In this
case the stickiness-factor is of greater importance. The
wider distributions combined with higher average val-
ues seem more likely for human behavior. Even if the
method of applying a stickiness factor to the rooms
suppresses shorter occupancy times, this may be bene-
ficial depending on the intended use of the occupancy
profile. If the user action on heating controls is simu-
lated, it is unlikely that the user will turn on a radiator
in a room he will leave within the next 15 minutes.
Due to the thermal inertia of the room she will not ex-
perience a significant improvement of thermal comfort
in this short time span.

Table 2: Average number of transitions

∅ # transitions Standarddeviation

base 34 4.6
sticky 26 4.3
bed 28 4.4
bed+sticky 22 4.1
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Figure 9: Boxplot of the duration distribution for the
base case
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Figure 10: Boxplot of the duration distribution with
bed + sticky methods applied

Besides the two special states, bedroom and being ab-
sent, the states are very much alike.
Especially for higher values, the stickiness-factor may
get very dominant, partially reducing the transition
matrices to a form, where the transition to each other
room is of the same probability. Then the transition
matrix of size n x n could directly be formulated as:

Tsimplified(t) =


k 1−k

n−1 . . . 1−k
n−1

1−k
n−1

. . .
...

...
. . . 1−k

n−1
1−k
n−1 . . . 1−k

n−1 k

 (7)

without the need to utilize the work-flow described in
figure 2.
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Table 3: Average occupancy time for each room in minutes

base sticky bed bed+sticky

Bedroom 97 ± 25 119 ± 36 217 ± 47 219 ± 47

Bath 12 ± 3 20 ± 9 20 ± 11 30 ± 17

Kitchen 13 ± 3 21 ± 9 14 ± 4 23 ± 10

Living Room 21 ± 8 26 ± 1 24 ± 10 27 ± 14

Study 13 ± 3 20 ± 8 14 ± 4 20 ± 8

absent 86 ± 34 109 ± 44 88 ± 35 113 ± 46

OUTLOOK
For future work validating the created profiles with
available data is planned. If data with a resolution of
rooms is not available it is possible to match cumula-
tive data like present, present but inactive and absent
to the profile. These data are available, as described
for example in Richardson et al. (2008). For valida-
tion, values like total time of presence, mean duration
of staying in one state and daily transitions are good
values to judge the quality of the proposed method.
The room- and time-independent stickiness-factor
could become time- and room-dependent, as it is pos-
sible more likely to stay in a state depending on the
time.
Right now only the bedroom is treated specially by
avoiding to leave or return this state based on current
time, but this could also be done for the state “absent”
or even time-dependent for every state.
The proposed method allows for adjustment of the
input and output data to fit them to validated data.
Nonetheless it must be taken care that the suggested
improvements do not sacrifice the ease of use of the
concept.

CONCLUSION
We have shown a method to create non-repetitive pres-
ence profiles from simple input data, giving probabil-
ities of presence in a 30 minutes resolution for the
rooms in a building. With these generic data it is
possible to calculate transition matrices. These transi-
tion matrices can be used to derive occupancy profiles
based on Markov chains. To create more realistic pres-
ence profiles two methods were implemented to alter
the original transition matrices and the resulting pro-
files. These methods let to an overall increase of the
average time an user spends in one state, combined
with a decreased number of state transitions per day
and less single occurrences of the state “bedroom”.
Although the method is not yet validated we assume
it to be superior to purely static profiles and of compa-
rable ease of use.
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NOMENCLATURE
c Correction factor to re-normalize T
k Stickiness factor
p Probability
T Transition matrix
ti,j Value in the transition matrix T in row i and col-

umn j
(t) Time-dependent value
Ba Bathroom
Br Bedroom
Ki Kitchen
Li Living Room
St Study
out User absent
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