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Intelligente Assistenzsysteme?
• Gegeben:

– Präsenzsensor (PIR), Draht, Lampe.

• Installation:
– Sensor anbringen, Strom an Sensor anschließen, Lampe an Schaltausgang
– Fertig ist das „intelligente“ Assistenzsystem

• Die Intelligenz steckt hier im Installateur!
– Definition der Zielfunktion, die Nutzen maximiert

– Wahrscheinlich bedeutet das Sensorsignal die Anwesenheit einer Person
– Wahrscheinlich will eine Person auf der Treppe diese hinuntergehen
– Wahrscheinlich hilft es beim Treppe hinuntergehen, Licht zu haben
– Wahrscheinlich ist der Schaden gering, wenn das Licht angeht, obwohl der Sensor von einer 

streunenden Katze ausgelöst wurde.
– Entwicklung und Programmierung eines Algorithmus, der Zielfunktion implementiert

– Wenn der Sensor ein Signal liefert dann soll das Licht angehen
– Dafür müssen Sensor und Licht verbunden werden

• Können wir einer Maschine beibringen, diese Abwägungen selbständig 
durchzuführen? Sich sozusagen selbst zu programmieren?
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Adaptive House
• U. Bolder, Michael Mozer

– Seit 1992, Erstes „Living Home/Lab“
– 75 Sensoren und Aktoren
– Anwendungsziel: Energiesparen & größerer Komfort
– keine neuen Schnittstellen, keine GUIs  

keine Programmierung
– Selbstlernende Umgebung

– „Reaktive Environment“
– Neuronales Netz

• Sensoren
– Temperatur, Bewegung, Mikrophon, Schalter, Regler

• Aktoren
– Heizung, Lautsprecher, Ventilation, Licht
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Was bringt das?
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Reinforcement learning for optimal control of low exergy buildings
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h i g h l i g h t s

! Implementation of reinforcement learning control for LowEx Building systems.
! Learning allows adaptation to local environment without prior knowledge.
! Presentation of reinforcement learning control for real-life applications.
! Discussion of the applicability for real-life situations.
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a b s t r a c t

Over a third of the anthropogenic greenhouse gas (GHG) emissions stem from cooling and heating build-
ings, due to their fossil fuel based operation. Low exergy building systems are a promising approach to
reduce energy consumption as well as GHG emissions. They consists of renewable energy technologies,
such as PV, PV/T and heat pumps. Since careful tuning of parameters is required, a manual setup may
result in sub-optimal operation. A model predictive control approach is unnecessarily complex due to
the required model identification. Therefore, in this work we present a reinforcement learning control
(RLC) approach. The studied building consists of a PV/T array for solar heat and electricity generation,
as well as geothermal heat pumps. We present RLC for the PV/T array, and the full building model.
Two methods, Tabular Q-learning and Batch Q-learning with Memory Replay, are implemented with real
building settings and actual weather conditions in a Matlab/Simulink framework. The performance is
evaluated against standard rule-based control (RBC). We investigated different neural network structures
and find that some outperformed RBC already during the learning phase. Overall, every RLC strategy for
PV/T outperformed RBC by over 10% after the third year. Likewise, for the full building, RLC outperforms
RBC in terms of meeting the heating demand, maintaining the optimal operation temperature and com-
pensating more effectively for ground heat. This allows to reduce engineering costs associated with the
setup of these systems, as well as decrease the return-of-invest period, both of which are necessary to
create a sustainable, zero-emission building stock.

! 2015 Elsevier Ltd. All rights reserved.

1. Introduction

Residential and commercial buildings account for nearly 40% of
energy consumption and for 36% of greenhouse gas emissions [1].
Particularly, the energy needed for heating, which takes almost
half of the energy used in building systems [2], is commonly sup-
plied as electricity/fossil energy carrier with low efficiency and
high greenhouse gas emissions [3]. Low exergy (LowEx) buildings
are one promising approach to tackle both energy conservation
and CO2 reduction challenges [4]. By LowEx buildings, we under-
stand buildings whose ratio of consumed energy to distributed

energy, such as heat, is small [5]. This can be achieved using heat
pumps with sufficiently high coefficients of performance (COP). It
follows that buildings with low energy consumption e.g., passive
or net-zero-energy buildings, but powered using a burning process
cannot be considered as LowEx buildings. Combining the heat
pump with photovoltaic-thermal (PV/T) modules allows to heat
the building exclusively from renewable energy sources, making
it emission-free.

In this research, we study the LowEx building shown in Fig. 1,
located in a residential area in Zurich, Switzerland, in an oceanic
climate (Köppen Cfb) [5,6]. The window facade ratio is 25%, and
the construction is a Misapor facade with a U-value of
0.24 W/m2/K. The windows have U-values of 1 W/m2/K, g-values
of 0.3, and light transparency of 0.58. The building has a heated

http://dx.doi.org/10.1016/j.apenergy.2015.07.050
0306-2619/! 2015 Elsevier Ltd. All rights reserved.
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surface of approximately 900 m2, and distributes the heat through
floor heating. The roof is never shadowed, whereas the first floor is
partially shadowed from November to February.

The schematic plot of the LowEx building systems is given in
Fig. 2. Its main components are hybrid photovoltaic-thermal
(PV/T) panels (Fig. 2(a)), geothermal boreholes (Fig. 2(c)), and high
COP heat pump (Fig. 2(d)). There are other possible variations with
different combinations of these components [7].

LowEx building systems create more flexibility and generate
new possibilities for the design of high performance buildings
[5]. They maximize the connection to the freely available dispersed
energy in the environment (e.g. solar, geothermal, or waste heat
recycling). The core module is a heat pump with a high coefficient
of performance (COP) [5]

COP ¼ g " COPideal ¼ g " Thot

Thot # Tcold
ð1Þ

where g is the machine characteristic factor, its typical range is from
0.4 to 0.6, and Thot and Tcold are sink and source temperature (in K),
respectively. The difference, Thot # Tcold, is the temperature lift. High
COP is achieved through low temperature lift, i.e., by increasing Tcold

and decreasing Thot. With the arrangement of large heat exchange
surface, like floor/wall/ceiling heating (Fig. 2(b)), Thot can be easily
reduced to 301–305 K (28–32 !C). Natural soil temperature
increases proportionally with increased depth (e.g. 3 &C/100 m in
Switzerland); thus, a deep borehole (Fig. 2(c)) is suitable as heat
pump source [4,5]. PV/T panels (Fig. 2(a)) provide ground heat com-
pensation besides electricity in summer times to maintain the ini-
tial Tcold level at the beginning of next heating period [4].

Generally, the primary goal of controlling the building environ-
ment (HVAC system) is to maintain the comfort level of the occu-
pants, and to achieve good energy efficiency [8–10]. Classic
controllers, such as ON/OFF and PID control, are the most widely
used ones due to their simple structure and low initial cost [8].
Yet, HVAC systems are non-linear, multiple-input, multiple-
output (MIMO) systems with large time delays and high order
dynamics [8]. This substantially limits the performance of the clas-
sical control techniques. Advanced control techniques, such as
model predictive control (MPC) present promising results [11,8],
especially incorporating dynamic weather [12] and occupancy
forecasting [13]. For instance, the MPC approach in [14], uses
weather predictions to control building heating systems and
achieves savings between 15% and 28% depending on the systems
and weather conditions. However, the accuracy of these methods
depends heavily on a good quality model of the building dynamics,
which is difficult to construct given the complexity of HVAC sys-
tems [14,15].

Another potential approach is using intelligent or soft con-
trollers that do not require a model, and are based on human per-
ception of comfort [9]. Given that human sensation is subjective,
intelligent controllers offer a good balance between occupant com-
fort and energy conservation in a dynamic environment. Several
control strategies, e.g., variations of artificial neural networks
(ANN) [16–18], and other methods have been proposed. For
instance, to optimize air conditioning setback scheduling in public
buildings, in [17] two years of weather data is used to train the
neural network. A neural network is also used in [19] as a predic-
tive controller for heating that adapts itself to real conditions (cli-
mate, building and user behavior) by solving the optimal control
problem using dynamic programming. Further studies have
demonstrated promising results using intelligent techniques alone
or combined with other techniques [20], see also [9] for a review of
learning algorithms. The drawbacks of these methods are that they
typically require a large learning set in order to perform optimally.

Apart from the above mentioned techniques, reinforcement
learning control (RLC) has also been considered for HVAC systems.
The advantage of this approach is that the controller continuously
learns from different operating conditions through interaction
with the building, thereby improving its control policy online
[21]. Thus, RLC offers a model-free approach capable of adapting
to the local environment and operation conditions, such that the
resulting controller is robust to time-varying disturbances.

Although numerical analysis and simulation study show that
pure reinforcement learning can direct the controller to a

Fig. 1. The LowEx building studies in this research.

Fig. 2. Schematic of a low exergy building: (a) Hybrid photovoltaic-thermal (PV/T)
panels with heat exchanger, (b) floor heating, (c) dual zone boreholes, (d) high COP
heat pump, and (e) low temperature hot water storage. (blue: supply line, red:
return line) Adapted from [5]. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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For the neural network structure 3–4, the results shows rela-
tively good performance during training period with only 2.09%
less cumulative net power compared to RBC. Nevertheless, after
combining all twelve replay memories Di ði ¼ 1;2; . . . ;12Þ into
one, its performance during testing period, though still better than
RBC, is the worst among all nine RLCs at the first year of operation
phase (2011). One possible explanation is that this is caused by
sample distribution discrepancy between individual replay mem-
ory and the final yearly sum replay memory Dyear. On the other
hand, the algorithm we use can self-adapt towards better policy
by adding new observations into replay memory Dyear during oper-
ation phase. Gradually, newly accumulated samples will help guid-
ing the controller closer to optimal policy. From Table 6, it is clear
that 3–4 RLC, starts as the worst one in operation phase, progres-
sively catches up, and its performance is already as good as the rest
by 2013.

Neural network structures 3–8 and 5–8 perform the worst dur-
ing training period. Their cumulative net powers are respectively
$22.86% and $18.48% compared to RBC. For 3–8, it is caused by
bad action decisions from several months, while for 5–8, it is
caused by one especially bad month. However, since each month
is trained independently, replay memory Di ði ¼ 1;2; . . . ;12Þ col-
lected from adjacent months can compensate for one bad month.
For both 3–8 and 5–8, once all twelve replay memories are com-
bined, their performances during operation phase are all as good
as the rest.

The best performance is obtained with neural network struc-
ture 5–4, which is chosen to be implemented with the
full-building model in the next section.

Table 4
Undiscounted, continuous 1st loop RLC algorithm with Memory Replay Batch Q-
learning.

% Main loop is carried every 30 min (Time-driven Mechanism):
% s: system state at the beginning of the associated time step
% a: constant action decision during the entire associated time step
% r: reward of taking action a in state s
% t: time step count ðt 2 ½1;2; . . . ;1&Þ
% When Tpvt < 0; Mdot 1 ¼ 0

Learning phase, for month i, ði ¼ 1;2; . . . ;12Þ ! ¼ 0:3
1 Initialize replay memory Di to capacity N
2 Initialize Q-value function with random weights
3 Generate and store transition samples hs; a; ri according to Table 2 on

the first day of each month
4 Initialize s
5 Repeat till end of month i:
6 With probability ! select random action a

otherwise select a ¼maxa2AðsÞ
bQ ðs; aÞ

7 Take action a, observe r
8 If r P 0, Store transition hs; a; ri

else, sample random N-transitions as replay memory Di from entire
transitions

Set neural network target outputj = rj ðj ¼ 1;2; . . . ;NÞ
bQ  Back-propagation training (Di)

9 s stþ1; t  t þ 1

Operation phase
1 Combine all replay memories Dyear ¼ fD1;D2; . . . ;D12g

bQ  Back-propagation training (Dyear)
2 Initialize s
3 Repeat forever:
4 Select a ¼maxa2AðsÞ

bQ ðs; aÞ
5 Take action a, observe r
6 If r < 0, Store transition hs; a; ri in Dyear

Set neural network target outputj = rj ðj ¼ 1;2; . . .Þ
bQ  Back-propagation trainingðDyearÞ

7 s stþ1; t  t þ 1

Fig. 8. The 1st loop RLC Simulink! block. Variable naming & numbering are the
same as in Fig. 3.

Table 5
PV/T panels performance evaluation groups. Each group includes 3 tests with hidden
layer neuron numbers 2 {2, 4, 8}. All neural networks have the same output layer
structure with one neuron, bQ .

Group Input layer neurons

1 TA; IS; Mdot
2 TA; IS, time, Mdot
3 TA; IS; DTA; DIS; Mdot

Table 6
PV/T panels RLC performance improvement compared with RBC. ‘A–B’ refers to the
neural network structure with number of neurons in input layer (A) and number of
neurons in hidden layer (B).

Gr. NN Learning Operation

2010 (%) 2011 (%) 2012 (%) 2013 (%)

1 3–2 2.47 6.20 10.12 11.19
3–4 $2.09 1.91 5.60 11.12
3–8 $22.86 6.29 10.34 11.61

2 4–2 $6.27 5.65 9.84 10.94
4–4 $1.02 6.44 10.57 11.86
4–8 $6.20 6.40 10.50 11.86

3 5–2 $0.26 5.97 10.04 10.96
5–4 3.72 6.47 10.62 11.93
5–8 $18.48 6.27 10.40 11.73

Average $5.67 5.73 9.78 11.47

Fig. 9. PV/T per solar panel performance comparison between RLC (3–4, 3–8, 5–8)
and RBC @ 2010–2013.

L. Yang et al. / Applied Energy 156 (2015) 577–586 583
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Problem des Selbstlernens

• Benötigt sehr viele Daten!
• Lösungsansatz 1

– Symbolisches A-priori-Wissen

• Lösungsansatz 2
– „Big Data“
– Statt sequentiell Daten einer Wohnung zu nutzen,
– verwendet man parallel Daten vieler Wohnungen!

9
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Daten sind das neue Öl



Ein einfacher PIR-Sensor …
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Was PIR-Daten sagen …
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A. Acquiring KNX traffic

As we mentioned before we are able to log KNX traffic
at many points within the building. The topology supports
easy sampling of KNX telegrams. For the sake of science, we
disassembled a light switch in a laboratory and connected an
KNX/IP gateway to the KNX wire - see Figure 3. The office
building hosting the institute has four storeys. Each storey is
serviced by a separate KNX area. Each area is built of several
lines. In the 3rd floor, which we investigated, traffic from 8
different lines is visible. Within the area there seem to be no
telegram filters configured to line couplers, hence, the entire
traffic of that area is available for sampling at every point.

Fig. 3. Tapping the KNX bus. The KNX/IP gateway tunnels KNX telegrams
via KNXnet/IP. The same device can also be used as line coupler or area
coupler.

We wrote a small utility that connects to the KNXnet/IP
gateway and stores all KNX telegrams in an SQL database.
We have sampled between 20000 and 80000 KNX telegrams
per day, depending on the day of week.

B. Domain Knowledge

In order to understand the KNX traffic we need to gather
additional information. In the terminology of KNX we need to
find the position and purpose of sensors. We considered four
approaches to collect the needed information:

• Visible inspecting KNX devices and looking for ad-
dresses.

• Triggering KNX sensors or waiting for visible events and
correlate with sensor readings on the bus.

• Using social engineering to get the building’s wiring plan
from the electricians that installed the network.

• Automatically learning from KNX traffic about the mean-
ing of telegrams. Active querying the type of KNX
device (a function implemented in KNX) would deliver
additional information.

Which of these approaches is feasible depends on the
kind of attacker. Someone from inside the organization will
have dedicated access to certain rooms only. Employers, for
instance, who want to observe their employees might have

direct access to the wiring plan. In order to maintain generality
we tried not to use the wiring plan. Inspecting all devices
might cause some sensation. Therefore, we decided to use a
combination of inspecting devices and observing events.

Obvious sensors are light switches and switches to control
shading blinds. We needed to find the room number and KNX
physical address for those sensors. Other sensors subject to
visible inspection are motion detection sensors on the ceiling
within the floors - see Figure 4. Opening devices is a good
idea, especially when it can be done without leaving visible
traces, and without special tools. A reputable electrician will
neatly mark all devices with its physical address. This is
helpful for installing and configuring them and later for fault
detection - see Figure 5.

Fig. 4. Siemens UP258/21 presence
detection sensor in the 3rd floor of
the office building under investiga-
tion. Sensors of this type are installed
approx. every 8 metres in corridors
and in some rooms.

Fig. 5. A reputable electrician neatly
marked the sensor with its physical
address (3.6.12, note the (red) circle
in lower left). The two-wire-bus is
also visible. In this case the sensor is
in the middle of a line with in- and
outgoing cables.

A floor plan of the entire building with room numbers
is digitally available at the institute’s own website or as
evacuation map virtually everywhere inside the building. We
used this map to locate the sensors. A small part of the 3rd
floor with some sensors we already located is shown in Figure
6.

Fig. 6. Floor plan with motion detection sensors (red boxes) and switches
(blue boxes) and their respective KNX physical addresses.

For the second approach we performed some test runs
throughout the public corridors and rooms of the building.

273

Second, we have to identify the person. For this we assume
that employees and office room at the start or end point of a
walking path are strongly correlated.

Third, the specific situation in the washing room needs to
be detected. For this we assume that proper hand washing
including drying takes at least 30 seconds time according to
[8] and [4].

Figure 8 shows a part of a larger model where all sensors
and corridors are .
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Fig. 8. Part of the floor model. Presence detection sensors are marked with
Sx, three digit room numbers represent light switches.

We modeled the entire floor as an attributed graph with
sensors and distances between sensors as attributes to the
vertices. As we are interested in walking paths beginning or
ending in the restroom and we assume that people use shortest
paths we calculated a spanning tree. Node S10 is set as the
root node as the respective sensor observes the far end of the
restroom.

At every fork of the tree we estimated the share of peo-
ple walking in each possible direction. A small part of the
spanning tree with attributes is shown in Figure 9.
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Fig. 9. Attributed graph representing distances and probabilities. Node S10
is the root node in this example. S10 represents a proximity sensor in the
restroom.

B. Particle filters and classifiers
We work with two different approaches, one to identify

people in the corridors and one to classify their wash room
behaviour. For identifying people we use sequential Monte
Carlo methods, also known as particle filters [6]. We generate a
large number or particles each representing a simulated person
and let them start a simulated walk at the far end of the
restroom (the root node of the spanning tree). The beginning
of a simulation is triggered when a presence sensor in the
restroom fires. Each particle is attributed with an individual
walking speed, a washroom behaviour (does wash or does not
properly wash its hands), a destination (a leaf in the spanning
tree) and a weight. Weights are initialized with 1/n where n
is the number of particles in the simulation. Walking speeds
are randomly chosen with a Gaussian distribution around the
average walking speed. Destinations are also randomly chosen
according to estimated path probabilities (a priori knowledge,
could be also equal for all possible exits or rooms when no
domain knowledge is available). In Figure 9 for instance, room
369 is chosen as destination with a probability of 6.3 percent
(assuming that around 6 per cent of restroom visitors walk
towards room 369 or approach the restroom from room 369).
In order to re-use the same algorithm for people approaching
the restroom we played back the sensor events in reverse order.

Whenever a sensor is triggered the weights of all particles in
its range are increased. All other weights are decreased, thus
maintaining normalized weights. The simulation ends when all
particles left the modelled floor. Particles can leave the model
through exits or rooms. The weighted maximum of particles
reaching one leaf of the spanning tree describes the most likely
path a person causing the sensor data followed during its walk
from or to the restroom. Figure 10 illustrates the principle.
The quality of results depends on how much the sensor input
supports one hypothesis about the room or exit a person left
the corridor to. In some cases more than one output seems to
be suitable. In other cases one output is significantly stronger
supported than others.

In cases where the sensor input significantly indicates which
room a person left the corridor to, the washroom behaviour
is examined in more detail. A duration of stay of less than
20 seconds in the washroom is not considered “proper hand
washing” [4].

V. EXPERIMENT

In order to test the model we needed to gather some test data
with predefined “washroom behaviour” and known walking
paths (ground truths). All sensor data and software is available
for download3.

A. Test runs
We asked five colleagues to perform test runs to the re-

stroom 4 and back to offices. Every test person performed four
runs. In the first run testers were asked to pass the washroom

3Software and sensor data are available at our open science repository at
http://opsci.informatik.uni-rostock.de/ (direct link http://bit.ly/knxwash)

4We did not ask for further actions.
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As we mentioned before we are able to log KNX traffic
at many points within the building. The topology supports
easy sampling of KNX telegrams. For the sake of science, we
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via KNXnet/IP. The same device can also be used as line coupler or area
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device (a function implemented in KNX) would deliver
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Which of these approaches is feasible depends on the
kind of attacker. Someone from inside the organization will
have dedicated access to certain rooms only. Employers, for
instance, who want to observe their employees might have

direct access to the wiring plan. In order to maintain generality
we tried not to use the wiring plan. Inspecting all devices
might cause some sensation. Therefore, we decided to use a
combination of inspecting devices and observing events.

Obvious sensors are light switches and switches to control
shading blinds. We needed to find the room number and KNX
physical address for those sensors. Other sensors subject to
visible inspection are motion detection sensors on the ceiling
within the floors - see Figure 4. Opening devices is a good
idea, especially when it can be done without leaving visible
traces, and without special tools. A reputable electrician will
neatly mark all devices with its physical address. This is
helpful for installing and configuring them and later for fault
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detection sensor in the 3rd floor of
the office building under investiga-
tion. Sensors of this type are installed
approx. every 8 metres in corridors
and in some rooms.

Fig. 5. A reputable electrician neatly
marked the sensor with its physical
address (3.6.12, note the (red) circle
in lower left). The two-wire-bus is
also visible. In this case the sensor is
in the middle of a line with in- and
outgoing cables.

A floor plan of the entire building with room numbers
is digitally available at the institute’s own website or as
evacuation map virtually everywhere inside the building. We
used this map to locate the sensors. A small part of the 3rd
floor with some sensors we already located is shown in Figure
6.

Fig. 6. Floor plan with motion detection sensors (red boxes) and switches
(blue boxes) and their respective KNX physical addresses.

For the second approach we performed some test runs
throughout the public corridors and rooms of the building.
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TABLE III
PROBABILITY OF PROPER HAND WASHING PER ROOM.

Room (anonymized) Probability for proper
hand washing (rounded)

Office A 80%
Office B 55%
Office C 85%
Office D 80%
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Fig. 11. Histogram showing the time spent in the washroom.

seconds indicate at least a washing attempt. Missing sensor
data sometimes leads to indicated passing times of more than
60 seconds. Hence, this is considered to be a sensor failure.
Figure 12 shows the share of samples per category.
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Fig. 12. Some additional sociological output. People’s washroom behaviour
was classified into four categories according to the time they spent in the
men’s washroom.

VI. CONCLUSION AND FURTHER IDEAS

It is not surprising that KNX telegrams are available for
collection by removing the faceplates of light switches due to
the fact that KNX does not know any form of authentication.
It was surprisingly easy for us to gather information about the
structure of the KNX installation in a modern office building.
Removing faceplates of one light switch allowed us to connect
to the two-wire KNX bus and in our particular case to learn
about the KNX addressing scheme used in our office building.

We investigated KNX addresses and telegrams to a point where
we were able to fully understand their meaning.

With simple methods such as particle filters we were able
to analyze sensor data to learn about people’s behaviour up to
a very personal level. The main conclusion is that privacy is
a very sensitive issue in modern office buildings with a large
variety of unprotected sensors. We made this obvious. Security
extensions to KNX are available on the conceptional level, but
not implemented into any products yet [7][3].
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[8] Nils-Olaf Hübner. Epidemiologisches Bulletin (Epidemiological Bul-
letin). Robert-Koch-Institut, 2012.

[9] W. Kastner, G. Neugschwandtner, S. Soucek, and HM Newmann. Com-
munication systems for building automation and control. Proceedings
of the IEEE, 93(6):1178–1203, 2005.
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Abstract—Modern buildings are often equipped with universal
bus systems. The purpose of these bus systems is to control the
functions of houses such as lighting, climate control, and heating.
In this paper we present a case study that shows how privacy
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I. INTRODUCTION

The electrical wiring in traditional buildings cannot be
easily re-configured when new functions are needed. For
this reason modern office buildings are often equipped with
installation networks. In order to reduce costs all electrical
installations are connected via a bus system. New functions
can be implemented during the lifetime of the building. The
network typically integrates heating and ventilation devices,
air conditioning, lighting, shading, alarm control systems, and
general monitoring. House functions can be re-configuring
instead installing additional wires. Existing light switches for
instance could be configured to switch additional lights or
entire lighting scenes. Universal bus system, such as KNX1

[17], the global successor of the European Installation Bus
(EIB) took over the role of traditional electrical wiring.

A typical office building shall be used as an example for
the remaining of this paper. Our institute moved into a new
office building in August 2011. The entire building is wired
with KNX and controlled by KNX devices, called sensors and
actors in KNX terminology. Hence, the KNX bus is available
virtually everywhere. The floor lighting and lights in some
rooms without windows are switched on by presence sensors

1Abbreviation not explained by KNX association, sometimes referred to as
Konnex.

for comfort. For this reason infrared motion detection sensors
are installed almost every 8 metres on the floor’s ceiling.
Furthermore, all offices, laboratories, and most other rooms
have at least one light switch. Switches to lower and raise the
sun blinds are also installed in appropriate rooms.

After examining the large variety of sensors within the
building we were considering to use the data to monitor
colleagues and students in an attempt to demonstrate privacy
concerns. We collected a set of obvious research questions,
such as:

• Can we detect the presence of people inside the building?
• Can we detect where the people are?
• Can we tell how many people use certain rooms during

the day?
• Can we determine what the current situation is - for

instance, are there any ongoing lectures?
• How many people are within the building?
• Which particular person is walking across the floor?
• Where is a particular person at any time?
• And finally, in order to emphasise the brisance of the

subject, who refuses to wash his or her hands in the
restrooms?

In this paper we want to show how information available
within the KNX bus can be utilised for our special purposes,
which are not directly intended. The answer to the last research
question requires answering virtually all former questions. In
order to answer these questions we need to gather data, both,
static data about the building structure and dynamic sensor
data. Within the collected data we need to detect motion
paths by finding sensor events caused by the same person.
Thereafter, we need to identify the person that caused the
sensor events in the motion path. And, finally, we would like
to estimate if the person performs a certain activity.

We received explicit permission by colleagues to pro-
cess their data. All data is handled strictly confidential and
anonymized.

The remainder of this paper is organised as follows. Af-
ter this introduction, we shortly illustrate the structure and
protocol of a KNX network, methods of human behaviour
modeling, and sensing technologies in section II. In the
following section III we focus on data acquisition and available
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Abstract—Imagine an office environment equipped with in-
frared presence sensors for light control as modern buildings
offer. Several persons might be moving in this environment
independently from each other. Potential questions arising
here are: “Which rooms are occupied?”, “How many persons
are in room 123?”, or “Where is John?”. In this paper
we present an information fusion approach based on causal
models. Prior knowledge is used to solve the simultaneous
identification and multi target tracking problem. Based
on an experimental setting, we show that the proposed
approach enables tracking up to five persons. Furthermore,
we discuss potential applications in the domain of fire service
or monitoring of elderly people.

I. INTRODUCTION

The location as well as the trajectory of persons in
indoor environments are important information for further
usage such as providing proactive assistance or observing
peoples behavior. Moreover, knowledge about the reason
of a person being at a specific location increases the
certainty about possible further steps. In this work we
present a probabilistic plan recognition approach to track
multiple persons in indoor environments that provides both
the location as well as the chain of causation that led
to this location. A probabilistic model is automatically
synthesized from a description of human behavior that
contains background knowledge about the causal structure
of actions in office environments.

Imagine an office environment, where the corridors are
equipped with passive infrared (PIR) presence sensors for
light control as modern buildings offer. Several persons
might be moving in this environment independently from
each other. PIR presence sensors are anonymous sensors
that do not allow drawing any conclusions about the
identity of persons. Furthermore they do not provide any
information about the number of persons located in the
sensing area. Tracking persons in an environment that is
observed by anonymous sensors is a well known problem
in the literature ([1], [2]). However, typical real world
environments like the office environment introduced above
are not fully but partially observed. Only the corridors
and other public accessible rooms are equipped with PIR
sensors while rooms like offices are unobserved. Clearly,
this increases the complexity of the tracking and identifi-
cation problem. In this work we introduce the problem of

simultaneous tracking and identifying multiple persons in
partially observed environments. We address this problem
by use of probabilistic plan recognition synthesized from
a model of human behavior.

Plan recognition is based on an explicit symbolic rep-
resentation of action sequences. These plans allow to
capture existing prior knowledge of the structure of human
behavior and its environment dependencies. Training data
is required to a lesser extent and it is possible to ab-
stract from scenario specifics. While most plan recognition
approaches require a library of plans to be available, it
has been shown that these libraries can be synthesized
by employing planning technologies [3], [4]. In addition
sensor observations as from PIR sensors are often noisy
and ambiguous, requiring probabilistic plan recognition
that uses inference techniques such as Bayesian filtering.

The main contribution of this paper is the introduction
of the problem of simultaneous tracking and identifying
persons in partially observed environments. We show that
probabilistic plan recognition based on action libraries
can be used to address this problem. Various approaches
exist that address either the plan recognition or the multi
target tracking problem. However, to the best of our
knowledge, there is no combination of these techniques
that allows multi target tracking in partially observed
environments. An experiment was conducted, where up
to five real persons are moving in an office environment
being observed by presence sensors. The action sequence
executed by these persons has been designed in analogy to
a real working day. An evaluation is presented, where we
show how different sensor sets, different parameter sets
and different knowledge bases influence the recognition
rates. Furthermore, we discuss potential applications in the
domain of fire service or monitoring of elderly people.

The remainder of this paper is structured as follows. In
Section II we give an overview of related work on tracking
persons in indoor environments and plan recognition. A
description of the addressed problem is given in Sec-
tion III. Section IV gives an overview of the concepts used,
while Section V describes how background knowledge is
used. The results of an evaluation with real world data are
described and discussed in Section VI. Finally, we discuss
further application scenarios in Section VII and conclude
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multiple persons in indoor environments that provides both
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of actions in office environments.

Imagine an office environment, where the corridors are
equipped with passive infrared (PIR) presence sensors for
light control as modern buildings offer. Several persons
might be moving in this environment independently from
each other. PIR presence sensors are anonymous sensors
that do not allow drawing any conclusions about the
identity of persons. Furthermore they do not provide any
information about the number of persons located in the
sensing area. Tracking persons in an environment that is
observed by anonymous sensors is a well known problem
in the literature ([1], [2]). However, typical real world
environments like the office environment introduced above
are not fully but partially observed. Only the corridors
and other public accessible rooms are equipped with PIR
sensors while rooms like offices are unobserved. Clearly,
this increases the complexity of the tracking and identifi-
cation problem. In this work we introduce the problem of

simultaneous tracking and identifying multiple persons in
partially observed environments. We address this problem
by use of probabilistic plan recognition synthesized from
a model of human behavior.

Plan recognition is based on an explicit symbolic rep-
resentation of action sequences. These plans allow to
capture existing prior knowledge of the structure of human
behavior and its environment dependencies. Training data
is required to a lesser extent and it is possible to ab-
stract from scenario specifics. While most plan recognition
approaches require a library of plans to be available, it
has been shown that these libraries can be synthesized
by employing planning technologies [3], [4]. In addition
sensor observations as from PIR sensors are often noisy
and ambiguous, requiring probabilistic plan recognition
that uses inference techniques such as Bayesian filtering.

The main contribution of this paper is the introduction
of the problem of simultaneous tracking and identifying
persons in partially observed environments. We show that
probabilistic plan recognition based on action libraries
can be used to address this problem. Various approaches
exist that address either the plan recognition or the multi
target tracking problem. However, to the best of our
knowledge, there is no combination of these techniques
that allows multi target tracking in partially observed
environments. An experiment was conducted, where up
to five real persons are moving in an office environment
being observed by presence sensors. The action sequence
executed by these persons has been designed in analogy to
a real working day. An evaluation is presented, where we
show how different sensor sets, different parameter sets
and different knowledge bases influence the recognition
rates. Furthermore, we discuss potential applications in the
domain of fire service or monitoring of elderly people.

The remainder of this paper is structured as follows. In
Section II we give an overview of related work on tracking
persons in indoor environments and plan recognition. A
description of the addressed problem is given in Sec-
tion III. Section IV gives an overview of the concepts used,
while Section V describes how background knowledge is
used. The results of an evaluation with real world data are
described and discussed in Section VI. Finally, we discuss
further application scenarios in Section VII and conclude
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Abstract.
Background: Early detection of behavioral changes in Alzheimer’s disease (AD) would help the design and implementation of
specific interventions.
Objective: The target of our investigation was to establish a correlation between diagnosis and unconstrained motion behavior
in subjects without major clinical behavior impairments.
Method: We studied everyday motion behavior in 23 dyads with one partner suffering from AD dementia and one cognitively
healthy partner in the subjects’ home, employing ankle-mounted three-axes accelerometric sensors. We determined frequency
features obtained from the signal envelopes computed by an envelope detector for the carrier band 0.5 Hz to 5 Hz. Based on these
features, we employed quadratic discriminant analysis for building models discriminating between AD patients and healthy
controls.
Results: After leave-one-out cross-validation, the classification accuracy of motion features reached 91% and was superior
to the classification accuracy based on the Cohen-Mansfield Agitation Inventory (CMAI). Motion features were significantly
correlated with MMSE and CMAI scores.
Conclusion: Our findings suggest that changes of everyday behavior are detectable in accelerometric behavior protocols even
in the absence of major clinical behavioral impairments in AD.

Keywords: Actigraphy, Alzheimer’s disease, chronobiology phenomena, circadian rhythm disorders, Cohen-Mansfield Agitation
Inventory, discriminant analysis, Fourier analysis, linear models, principal component analysis, psychomotor agitation

INTRODUCTION

Alzheimer’s disease (AD) leads to significant
changes in the temporal structure of activities.
Abnormal motion behavior and degeneration of the
sleep-waking cycle are among the most severe behav-
ioral symptoms [1]. An early detection and even a
prediction of these behaviors would allow a timely

∗Correspondence to: Thomas Kirste, Department of Computer
Science, University of Rostock, 18051 Rostock, Germany. Tel.: +49
381 498 7510; Fax: +49 381 498 7412; E-mail: thomas.kirste@uni-
rostock.de.

onset of interventions that aim to delay the manifesta-
tion or exacerbation of symptoms and reduce the need
of institutionalized care [2]. To date, medical history
and behavioral rating scales are the main diagnostic
instruments to detect abnormal motion behavior [3].
Examples are the Neuropsychiatric inventory (NPI) [4]
and the Cohen-Mansfield Agitation Inventory (CMAI)
[5], a widely used instrument for nursing home resi-
dents and community-dwelling subjects with AD [6].
These scales are typically based on semi-structured
caregiver interviews and yield limited reliability and
accuracy [7]. They can be used to detect manifest

ISSN 1387-2877/14/$27.50 © 2014 – IOS Press and the authors. All rights reserved



Hintergrund
• Demenz beeinflusst das Bewegungsverhalten

– Umherwandern (wandering), Abschreiten (pacing) (ungerichtetes Verhalten)
– Nächtliche Unruhe (Auflösung des zirkadianen Rhythmus)

• Etabliert auf klinischer Ebene (CMAI), in Pflegeheimen
• Hypothese dieser Studie:

– Zwischen Personen mit AD-Diagnose und gesunden Kontrollen existieren 
algorithmisch detektierbare Unterschiede in akzelerometrischen Protokollen von 
uneingeschränktem Alltagsverhalten, bereits auf subklinischem Niveau, 
die eine zuverlässige Klassifikation des Individuums erlauben

• Falls Hypothese bestätigt werden kann:
– Unaufdringliche (Früh-)erkennung von Änderungen im kognitiven Zustand
– Verfahren zur Wirkungskontrolle für therapeutische Interventionen
– Grundlage automatisierter Assistenz (z. B. Intervention bei Erkennung von Pacing)
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Ansatz
• Sensor: 3-Achsen Akzelerometer

– 12 Bit Auflösung, 4g Wertebereich, 50 Hz Abtastrate
– Befestigung mit elastischem Band am Sprunggelenk

• n=46, 53h Aufzeichnung pro Vpn
– Gesamter Datenbestand: 2455 Stunden, 18.4 GByte
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also systems for the special needs of persons with demen-
tia. These solutions can be classified into four groups. The
compensation of cognitive skills [10], for example remember
taking the medication[16], the support in the activities of
daily living, for example washing hands [11], the stability
of social contacts [13] and last the feeling of safety/security
[12]. Kasteren [17] studied in his thesis temporal probabilis-
tic models to recognize activities of daily living for eldery
people by using di↵erent sensor types and wireless sensor
network. The approach was verified in three houses and
with Hierarchical Hidden Markov Models he gets the best
classification results to recognize ADL.

Biological markers [5] for dementia are established in part
to be explored in studies. A novel approach is to use meth-
ods from activity recognition as diagnostic marker. Kearns
[7] used Ubisense, an indoor localization system, to record
movement trajectories of people with dementia. In his stud-
ies the cognitive status of subjects correlated with the tor-
tuosity of the movement trajectories.

3. STUDY DESGIN
The DZNE is a research institute studying neurodegenera-
tive diseases. One research topic in the DZNE Rostock is an
early diagnosis of dementia in high risk populations and in
subjects with demand for medical and social care support.
This study has the following three aims:

• The prediction of problem behaviour in the stage of de-
mentia: How strong is the abnormal behavior formed?

• The prediction of dementia in early stages: Is it pos-
sible to detect motion patterns which are typical for
dementia in early stages?

• Review of the e�cacy of therapeutic interventions.

To verify our aims we recruited elderly couples and divided
the subjects into two groups of couples. In group A one part-
ner su↵ers from dementia and the other is healthy, in group
B both partners are cognitively healthy. To determine the
cognitive performance of subjects we are using the CERAD
battery [4].

The a↵ected subjects were examined by a doctor and di-
agnosed with a light or mild dementia. Exclusion criteria
for the study are diseases of Nervous system, neoplastic dis-
eases, Restlesslegs-Syndrome or obstructive sleep apnea syn-
drome. The interesting point is that we can analyze the
caregiver e↵ect too. Are existing strains of healthy partners
in group A measurable?

The record of the movement behavior of subjects is in their
domesticity. Both partners have a motion sensor foot-moun-
ted for round about 50 hours. We use this sensor position be-
cause it is the most comfortable position. As subjects wear
the sensor for three days continuously a position at the hip
for example is not acceptable because it would disturb the
subject while sleeping. The combination with the foot posi-
tion and comfortable bandage has been found to be the best
alternative. Furthermore Atallah et. al. [2] evaluated di↵er-
ent accelerometer positions(ear,chest,arm,wrist,waist,knee,ankle/foot-
mounted) for detecting di↵erent activities of daily living.

Figure 1: The foot-mounted sensor worn by a volun-
teer. The bandage has a velcro closure and a open-
ing for the sensor.

day night day daynight

Figure 2: The illustration shows a frequency analysis
of a subject with the ground truth of day and night.
(Using R and seewave [14] for the illustration.)

For low activities and the ankle position they got good re-
sults.

The shimmer sensor is a 3-axis accelerometer sensor. We
used a 50 Hertz sampling and a range of -4/4G. The sensor
operates autonomous. It requires no infrastructure and the
subjects can follow their usual activities. The data is log on
the sensor flash memory. 1

4. DATAHANDLING
Each subject of the study generated approximately 9 million
data points (timestamp, and the x, y, z acceleration.) – a
total of 900 MByte. Before the data is used it is checked for
its validity. So records are excluded where the sensor has
failed or the subject has not taken the device. Furthermore,
the data is normalized by the raw sensor values in g.

The first step of any signal processing is to analyze the raw
data before further processing steps are made. Figure 2
presents a Fourier transform (windowsize = 256) of a sub-
ject. The record includes 2 nights. Even at the di↵erent
amplitude of the frequency spectrum it can be distinguished
between day and night. Walk sequences are also visible at a
high frequency. One advantage of the selected sensor posi-

1The shimmer sensors have no ability for geo coding. We
record no GPS data or similar data. An important point for
all subjects is that their privacy is always protected.
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sens 0.96
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Table 6. Confusion matrix for selected model and resulting values for accuracy (acc),
sensitivity (sens), and specificity (spec).
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Fig. 19. Left: Adjusted R

2 values achieved for linear models of MMSE (�) resp.p
MMSE (+) using five spectral components as predictor variables, selecting di↵er-

ent data time ranges. Left plot: models for all subjects, right plot: models for subset
with diagnosis dementia. Note varying scale of Y axis. Right: True vs. predicted MMSE
values for model M (“night.day” window and MMSE prediction), (o): AD, (+): HC.
This model is able to explain 70.3% of the variance in MMSE (adjusted R

2 = 0.665,
R

2=0.703, F(5,40)=18.9, p<0.001)

seems to be quite robust with respect to classification mechanism and parame-
terization. Also, in a preliminary analysis using n = 39 subjects (cf. (?, ?)), we
had reported acc = 0.872, sens = 0.85, spec = 0.895, using the same model pa-
rameterization. That we are able to achieve results at a comparable performance
level using a – slightly – larger population can be seen as another indicator that
the approach is indeed valid.

Regression models for MMSE. With respect to predicting the MMSE, we found
Fourier coe�cients to perform better than pc-spectra. Based on the Fourier co-
e�cients as predictor variables, we built linear models using either MMSE orp
MMSE as regression target. The latter target choice had been motivated by

a previous analysis in (?, ?), indicating a nonlinear behavior of higher MMSE
values, in agreement with the non-linear behavior of MMSE scores in large nor-
mative samples (Magni, Binetti, Bianchetti, Rozzini, & Trabucchi, 1996). For
both targets, we built models with respect to di↵erent choices of time window,
population (all subjects resp. only AD subjects) and filter setting (resulting in
96 configurations). Predictor variables for a model were selected by applying the
step function of the statistics system R to an initially empty model. To avoid
overfitting, we restricted the number of predictor variables to at most five. The
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sponding signature in the database that matches 𝑑𝑑�. Second, 
for each 𝑘𝑘�, a nearest neighbor match is performed over all 
potentially matching candidates 𝑑𝑑�  that have been associated 
with 𝑘𝑘�. Finally, the algorithm labels the load profile with the 
corresponding device names.  

V. ALGORITHM EVALUATION AND LIMITATIONS 
In order to analyze the performance of the AppliSense 

algorithm, we installed the whole system in a laboratory en-
vironment. For the evaluation, we used a controlled set of 
appliances which typically occur in a student’s household. 
Table II provides an overview of the appliances, their real 
power consumption stated on the manufacturer label, their 
verified real power range in operation (measured by a sepa-
rate power monitor), the appliance category (O for ohmic, I 
for ohmic-inductive, and C for ohmic-capacitive), and the 
real power that is obtained as part of the power signature 
using our smartphone application. All devices were connect-
ed to the same phase over the whole evaluation. Some of the 
appliances have power consumptions within the same range. 
However, if belonging to different categories, we should still 
be able to differentiate the corresponding events.  

TABLE II. APPLIANCES USED FOR ALGORITHM EVALUATION 

Appliance Labeled 
Power Power Range Category Consump-

tion 
Light bulb 75W 70W O 70W 
Kettle 2200W 1855 – 1933W O 1900W 
Heater 2000W 1619 – 1667W O 1635W 
CD player 13W 9 – 13W I 3W 
Fan 50W 45W I 45W 
Notebook 72W 30 – 35W C 35W
Fluorescent 
lamp 35W 21 – 28W C 25W 

Wii 52W 10 – 45W C 15W 
 
During times when only a single appliance was active, 

the algorithm identified the on/off events of all devices ex-
cept the CD player correctly. Every device was turned on 
and off at least three times. The edges caused by the CD 
player were not recognized neither when being turned on nor 
when being turned off. This can be explained through the 
limitations introduced by the filtering. Using a window size 
of 5 samples in our test scenario leads to a lower boundary of 
10VA for edges that can be recognized. The CD player has a 
relatively high standby consumption of 6W compared to its 
3 – 7W in operation. While the median filter does not influ-
ence the signal, the constant 3W during operation result in a 

step-wise increase of 0.6VA after the application of the mean 
filter. This increase is too small (<<2VA) to be detected as 
an event using the chosen median/mean filter. 

Next, we combined the use of multiple devices in a ran-
dom order. Although the CD player cannot be recognized, 
we operated it and other devices with unknown signatures 
from time to time to vary the base line consumption and to 
have more appliances concurrently running. Over a time 
span of several hours, we documented 80 switching events of 
which 77 were identified correctly.  

Figure 12 shows a sample labeling output of the algo-
rithm (for a simulated office environment). After the note-
book has been turned on, different devices were concurrently 
used and a kettle was operated. However, the red circle high-
lights a moment at which the office lamp is turned on but the 
event is not detected. This is due to the oscillations caused by 
a device that was operating at the same time. A second prob-
lem (not depicted) occurred when operating the notebook. 
Due to the different battery levels, the power consumption 
had varied compared to the one registered in the appliance 
signature database. This led to the correct identification of 
the edge, but no appliance signature could be matched to the 
detected event.  

These two examples outline limitations of the current im-
plementation. Oscillations caused by operating devices can 
mask the consumption, especially of low power drawing ap-
pliances. This could in particular be a problem in larger 
households (e.g., family houses) with lots of appliances and 
activity. In addition, the algorithm cannot detect devices that 
do not have well-defined operation states but have a continu-
ously changing consumption. This is due to the initial as-
sumptions regarding the algorithm design and the tradeoff 
for relying on a single sensor system with a 1Hz sampling 
frequency. In the conducted laboratory study we observed 
that the appliance signatures recorded with the smartphone 
application were very reliable. That is, the delta vectors ob-
tained with the measurement function when turning an appli-
ance on/off are stable and reproducible over time. However, 
this may be different in a more dynamic home environment – 
there the algorithm may need several (slightly different) sig-
natures per device to reliably recognize appliances. 

Overall, the evaluation shows promising results. We gen-
erated 144 device-switching events in our test scenario. 16 of 
these came from devices with a consumption so small that 

Figure 12. Labeled load curve as output of the AppliSense algorithm. 
 

 Figure 11. Device recognition: Comparing a detected power edge to 
a known signature in the Euclidian dQ/dP space. 

 

can be classified according to their characteristic load 
signatures based on the physical quantities (i.e., apparent 
power, reactive power, real power, and distortion power) 
measured by the smart meter. Depending on its characteristic 
electrical and electronic components, an appliance can be of 
resistive, inductive, or capacitive nature. For example, a 
standard light bulb is purely resistive whereas a vacuum 
cleaner is predominantly inductive. In general, incandescent 
appliances (e.g., kettle, light bulb) are mostly resistive 
(ohmic), motors (e.g., fans, heaters) predominantly inductive, 
and devices containing a power supply or electronic 
frequency converters (e.g., laptops) mainly capacitive.  

Figure 2 illustrates exemplary power signatures at a 
sampling frequency of 1Hz for different appliance categories 
over different operation lengths. If the load is purely 
resistive, then the voltage and current are in phase (e.g., the 
iron (Figure 2 (left)). The reactive component Q of the 
apparent power is null, meaning all power is transferred to 
the load. A consumer with reactive components is either of 
type ohmic-inductive with a typical phase shift of 0 < φ < π 
between current and voltage or ohmic-capacitive 
characterized by a negative phase shift 0 > φ > -π (Figure 2 
(middle and right)). In addition, in electrical networks there 
may exist non-sinusoidal currents and voltages (e.g., caused 
by inverters in switching events) that result in harmonics. 
These harmonics cause an additional reactive component, the 
so-called distortion power (Figure 3). In mathematical terms 
this can be expressed as: 

𝑆𝑆 =    𝑃𝑃�   +   𝑄𝑄������ +   𝐷𝐷�, 
where S is the apparent power, P is the real power, Q the 

translative component, and D the distortive component of the 
total reactive power.  

Based on its internal composition and its possible modes 
of operation (e.g., static, multi-level, or variable) an 
appliance imposes a characteristic load profile on the electric 
circuit. This signature depends on the relation of the different 
power components and can be used to discriminate between 
appliances when disaggregating the total consumption. Our 
prototype system measures these parameters either directly 
or indirectly. In addition to these physical quantities, the 
signature length, peak voltage, and current are also important 
in terms of the appliance signature. 

IV. THE APPLISENSE ALGORITHM 
The AppliSense algorithm uses consumption data gath-

ered by the smart electricity meter to automatically break 
down the total consumption to device-level. In the following, 
we first outline the basic idea and concept of our system that 
pays particular respect to usability. We then explain how the 

signature database on which the algorithm crucially depends 
is acquired and discuss some algorithm details. 

A. Basic Concept 
The electricity consumption of a household fluctuates 

over time based on the operation of individual devices used 
by the residents (see Figure 4). For example, switching on a 
light induces the depicted change in the load curve. Having a 
more detailed look on the consumption data, the figure 
shows that there exist intervals where the load remains more 
or less constant on a stable level. A black bar marks two of 
these levels. The difference in real power (dP) between these 
levels indicates the change in electricity consumption due to 
the operation of the light. Our system not only measures the 
total load of the household, but the load characteristics (i.e., 
apparent power, real power, etc.) of each of the three phases 
separately. This phase-level data allows us to split up the 
overall electricity to get an even more detailed view.  

These considerations lead to the following key concept of 
AppliSense, which can recognize device-switching events in 
the load curve based on an appliance signature database. 

First, identify time points where significant changes be-
tween two levels of power consumption in the load curve 
occur. Second, once such an edge is detected, compute the 
differences of the different physical quantities between these 
consecutive levels and classify the change as a potential ap-
pliance-switching event. And third, compare each of these 
differences with a known set of differences from an appli-
ance signature database and map the edge to an individual 
device according to its load characteristics. 

Figure 5 illustrates these steps. It shows the electricity 
consumption (red) at a certain time interval in which five 
load levels (black bars) were identified. For simplicity, only 
the real power is visualized in this example. From this we 

Figure 3. Relation between the different power quantities that can be 
derived with our prototype. 

Figure 2. Power signatures of three different residential devices from different appliance categories and for different operation periods.  
 
 

 

Hart G. Nonintrusive Appliance Load 
Monitoring, Proc of the IEEE 80(12):
1870–1891, 1992
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which water is currently being used as well as an estimate 
of the amount of water being used. HydroSense is the first 
practical approach to enabling applications that require 
both. Our sensing of pressure is also less susceptible to 
ambient noise, as has been encountered in previous 
microphone-based infrastructure-mediated systems. 

Third, we evaluate HydroSense in ten very diverse homes, 
thus providing a more robust evaluation than any previous 
work on water-related home activity sensing. We 
demonstrate reliable segmentation of valve pressure events 
from the surrounding sensor stream, show reliable 
classification of valve open and valve close events, show 
the successful identification of individual fixtures with 
97.9% aggregate accuracy, and show that an appropriately 
located and calibrated system can estimate water usage with 
error rates comparable to empirical studies of traditional 
utility-supplied water meters. In addition, we present initial 
forward-looking analyses of compound event detection, a 
comparison of sensing at different locations, and a first look 
at the temporal stability of pressure event signatures. Our 
evaluation both validates the feasibility of our approach and 
provides a basis for future analyses and improvements. 

Figure 1 illustrates a typical plumbing arrangement in a 
two-bathroom home (discussed in greater detail in a later 
section). Figure 2 shows an actual annotated signal captured 
by our sensor. The signal is a kitchen faucet fixture being 
turned on, captured by our sensor at an exterior water bib. 
The remainder of this paper first discusses the theory 
behind our approach, presents our sensor implementation, 
and summarizes our in-home data collections. We then 
present our analyses of individual fixture identification and 

water flow estimation, follow by a discussion of some 
important directions for future work. 

RELATED WORK 
Prior work has demonstrated at least three approaches to the 
fundamental challenge of sensing human activity in the 
physical world: mobile and wearable sensing, distributed 
direct environmental sensing, and infrastructure-mediated 
environmental sensing. Promising mobile and wearable 
activity sensing methods include accelerometer-based 
activity recognition [2, 10] and the detection of interaction 
with tagged objects via a wearable RFID reader [18]. There 
are many compelling applications of mobile and wearable 
methods, but they share a common need for a person to be 
willing to wear or carry the necessary device.  

Environmental sensing systems take a complementary 
perspective, instrumenting an environment to detect activity 
within it. In the home, distributed direct sensing can be 

 
Figure 1: An illustrative schematic of a basic plumbing layout in a two-bathroom home. HydroSense can be easily installed at 
any accessible location in a home’s water infrastructure, with typical installations at an exterior hose bib (shown above), a 
utility sink spigot, or a water heater drain valve. By continuously sensing water pressure at this single installation point, 
HydroSense can both identify individual fixtures at which water is being used as well as estimate the amount of water being used. 

 
Figure 2: An actual event generated when a kitchen faucet 
is turned on, detected by our sensor at an exterior water 
bib. Our fixture identification is based in segmenting the 
event (indicated by the highlight) and then classifying it 
according to its shape (see also Figure 3 and Figure 6).  

 

 

ANALYSIS OF FIXTURE EVENT IDENTIFICATION 
Given our collected data, we now pursue a three-step 
approach to examine the feasibility of identifying individual 
fixture events according to the unique transient pressure 
waves that propagate to our sensor. Recall that each valve 
event corresponds to water hammer when a valve is either 
opened or closed. We first segment each individual valve 
event from the stream, identifying its beginning and end to 
enable further analysis. We then classify each valve event 
as either a valve open or a valve close event. Finally, we 
classify the valve event according to the individual fixture 
that generated it. This section explicitly considers only 
events that occur in isolation, deferring our discussion and 
analysis of compound events until a later section. 

Valve Event Segmentation 
Before analyzing the characteristics of a valve event, we 
first segment it (i.e., isolate it) from the surrounding sensor 
stream. Segmentation must be effective for many different 
types of events, and so it is important to consider only 
features that are likely to be most typical of all valve events. 
Our approach is illustrated in Figure 6 (and in Figure 2 and 
Figure 3). The raw signal is smoothed using a low-pass 
linear phase finite impulse response filter. The smoothed 
signal and its derivative are then analyzed in a sliding 
window of 1000 samples (one second of sensed pressure). 

The beginning of a valve event corresponds to one of two 
conditions. The most common is when the derivative of the 
smoothed signal exceeds a specified threshold relative to 
static pressure, indicating a rapid change (approximately 2 
psi/sec for a home with 45 psi static pressure, scaled by the 
home’s actual static pressure). The less common second 
condition is when the difference between the maximum and 
minimum values in the sliding window exceeds a threshold 
relative to static pressure, indicating a slow but substantial 
change (approximately 1 psi for a home with 45 psi static 

pressure, scaled by the actual static pressure). After the 
beginning of a valve event is detected via either method, the 
next change in the sign of the derivative represents the 
extreme of this valve event relative to the preceding static 
pressure (which may be a maximum or a minimum). 

The end of a segmented valve event is typically detected as 
the first point at which an extreme of a fluctuation (a 
change in the sign of the derivative, dP/dt) is less than 5% 
of the magnitude of the first extreme following the 
beginning of the event. It is also possible for an event to be 
ended by a rapid increase in the magnitude of fluctuation. 
This corresponds to the occurrence of a compound event, as 
we will discuss in greater detail in a later section. 

Applying this method to our collected in-home data yielded 
appropriate segmentations of 100% of our valve events 
from their surrounding sensor stream. 

Classifying Valve Open and Valve Close Events 
After segmenting each valve event, we classify it as either a 
valve open or a valve close event. We apply a hierarchical 
classifier that first considers the difference in the smoothed 
pressure at the beginning and the end of the segmented 
event. If the magnitude of this difference exceeds a 
threshold (approximately 2 psi for a home with 45 psi static 
pressure, scaled by the actual static pressure), the event can 
be immediately classified (a pressure decrease corresponds 
to a valve open and a pressure increase to a valve close). 
Otherwise, the event is classified according to the average 
value of the derivative between its beginning and its first 
extreme. A valve open creates an initial pressure decrease (a 
positive average derivative), while valve close events create 
an initial pressure increase (a negative average derivative). 

Applying this method to the segmented valve events from 
our collected in-home data yields 100% correct 
classification of valve open and valve close events. 

 
Figure 6: Several actual sensor streams from our in-home data collections. Each stream corresponds to a water valve being 
opened, remaining open for some amount of time, and then closed. We separately segment the valve open and valve close events 
from the sensor stream, as indicated by the highlighted regions of the streams. We estimate water flow to the valve based on the 
stabilized pressure drop while the valve remains open (the difference in pressure before the valve open versus after it). 

 

 

model to create a linear regression (Q = Rf * ΔP + b). This 
regression was used to calculate flow estimates for the 
remaining trials in the test set. This process was repeated 
until all trials had been sampled. To avoid a particularly 
fortunate or unfortunate random sampling, we repeated this 
process five times for each home and averaged the results. 
Figure 10 presents the results (note we exclude the cold 
water valves from H7, consistent with our prior analysis). 

After sampling five trials, the average error dropped 74% to 
0.27 GPM across the four homes and within 0.11 GPM of 
the more comprehensive Rf data from the previous analysis. 
This initial result indicates considerable potential for 
learning to generalize calibrations across valves in a home. 

DISCUSSION 
The initial results presented in this paper show significant 
promise for single-point sensing of whole-home water 
activity via continuous monitoring of water pressure. We 
have presented a reliable method for segmenting valve 
pressure events from their surrounding sensor stream and 
for determining whether a segmented event corresponds to 
a valve being opened or closed. Using data collected in ten 
homes, we have shown 97.9% aggregate accuracy for 
identifying the individual fixture associated with a valve 
event. Analyzing flow data collected in four of those 
homes, we have shown that an appropriately located and 
calibrated system can estimate water usage with error rates 
comparable to empirical studies of traditional utility-
supplied water meters. Our ability to identify activity at 
individual fixtures using a single sensor is itself an 
important advance, and we are not aware of prior work 
even attempting single-sensor estimation of the amount of 
water being used at fixtures throughout a home. 

Although our analysis focused on identifying fixture events 
occurring in isolation, it is clearly important to consider the 
case where multiple events overlap (see Figure 11). In 
Fogarty et al.’s prior work with microphone-based sensing, 
they note an inability to even detect this situation [7]. As an 
initial investigation, we collected six compound events in 
H1 (two each of shower/sink, toilet/sink, and 
shower/toilet/sink overlaps). Our event segmentation 
algorithm correctly segments these overlapping events 

(ending the ongoing event when it detects a rapid increase 
in the magnitude of fluctuation corresponding to the 
beginning of another event). Preliminary experiments 
suggest the magnitude and shape of the events is indeed 
altered by the overlap. Some aspects of the frequency 
domain signature remain constant (i.e., high energy 
harmonics) but we do not have enough of these events to 
convincingly evaluate the effectiveness of a classification 
procedure. Furthermore, events that occur at the exact same 
instant cannot be distinguished as separate events with our 
current segmentation algorithm. In any case, classification 
of compound events is a highly important direction for 
building upon our current results. Bathroom activity, for 
example, is dominated by the usage of multiple fixtures. 

An additional limitation relates to how closely our 
controlled experiments represent naturalistic usage of 
fixtures (e.g., how often do people partially open valves vs. 
open them full stop, how is the signal affected by the speed 
of valve opening or closure). These concerns primarily 
involve fixtures with manually controlled valves (e.g., 
bathtubs/showers/faucets vs. dishwashers/toilets/laundry 
machines). For partially opened valve events, the primary 
effect is a change in magnitude of the transient, not the 
underlying shape. We have begun longitudinal deployments 
in multiple households collecting labeled, naturalistic water 
usage data to investigate these issues further.  

We have found that reliable estimation of flow is sensitive 
to calibration, and we have noted that our segmentation and 
identification algorithms include threshold parameters that 
worked well in the homes we studied but are not necessarily 
ideal. We are interested in developing techniques for 
automatically calibrating our methods over the course of 
extended usage. For example, flow estimation could 
potentially be automatically calibrated through occasional 
knowledge of whole-home aggregate water usage. 
Continuing deployments of wireless utility meters make 
this an increasingly viable approach. We also have initial 
evidence that system behavior is stable over time, based on 
a second dataset collected in H1 five weeks after our 
original collection. We applied our fixture classification 
methods to this dataset using templates from the opposite 

 
Figure 10: Because valves share a fair amount of spatial 
overlap in the length and overall layout of their piping, it is 
possible to learn to generalize calibrations across valves.  

 
Figure 11: Our existing event segmentation correctly 
identifies and segments overlapping events (shown here for 
overlapping shower, toilet, and faucet valve open events), 
and classification of such compound events is an important 
direction for future work. Prior work was unable to even 
identify the occurrence of compound events.  

Froehlich et al., HydroSense: 
Infrastructure-Mediated Single-Point 
Sensing of Whole-Home Water Activity, 
UbiComp 2009
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DAS SMART-METER-GATEWAY |  SYSTEMARCHITEKTUR

2 Systemarchitektur

Das intelligente Messsystem besteht im Kern aus einer Kom-
munikationseinheit, dem Smart-Meter-Gateway, welches die 
elektronischen Messeinrichtungen im Lokalen Metrologischen 
Netz (LMN) mit den verschiedenen Marktteilnehmern (bspw. 
Smart-Meter-Gateway-Administrator im Auftrag des Messstel-
lenbetreibers, Verteilnetzbetreiber oder Energielieferant) im 
Weitverkehrsnetz (WAN) und dem lokalen Heimnetz (HAN) 
verbindet.

Das hat in diesem Gefüge dafür Sorge zu tragen, dass alle Kom-
munikationsverbindungen verschlüsselt werden und dass nur 
bekannten Teilnehmern und Geräten vertraut wird.

2.1 Das Lokale Metrologische Netz – LMN

Über das Lokale Metrologische Netz werden die Messeinrich-
tungen des Letztverbrauchers mit dem Smart-Meter-Gateway 
verbunden. Diese senden die erhobenen Verbrauchs- und 
Einspeisewerte sowie Netzzustandsdaten (z. B. Spannung, Pha-
senwinkel, Frequenz) an das Gateway, wo sie gespeichert und 
weiterverarbeitet werden.
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Die Datenschutzfrage
• Siehe Empfehlungen und Richtlinien des 

BSI zum Smart-Meter-Gateway
• Grundsätzliche Feststellung

– Daten, die eine Wohnung über Ihre Bewohner 
sammelt, um diese im Alltag zu unterstützen, 
müssen die Wohnung nicht verlassen!

• Für wohnungsübergreifende 
Datenanalyse
– Hält die Informatik-Forschung vielfältige Lösungen 

bereit:
– Verschlüsselung
– Aggregierung
– Anonymisierung
– Pseudonymisierung

– Diese müssen natürlich auch 
verantwortungsbewußt eingesetzt werden!
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Assistenz



Handlungserkennung: Spielarten
• Aktivitätserkennung

– Was tut eine Person? Welche Aktion führt sie gerade aus?

• Intentionserkennung
– Warum tut diese Person das?
– Welches Ziel versucht sie zu erreichen?

• Planerkennung
– Wie versucht sie es zu erreichen?

• Assistenzniveaus
– Aktivitätserkennung ermöglicht Unterstützung einer spezifischen Aktion
– Intentionserkennung ermöglicht Unterstützung des Ziels (Automatisierung)
– Planerkennung erlaubt die Detektion von Aktionen, die nicht zielführend sind
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Planerkennung
• Unterstützung beim Händewaschen (Mihalidis et al. 07)
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Planerkennung: Machbarkeit

• Machbarkeitsanalyse für Planerkennung in realistischen Alltagssituationen
– Stand der Technik: überschaubare Szenarien (10.000 bis 100.000 Zustände), fehlerfreie Sensoren
– siehe unter anderem: Hiatt, Harrison & Trafton IJCAI 2012; Ramírez & Geffner, IJCAI 2011; 

Hoey et al., Pervasive & Mobile Computing 2011; Krüger, Yordanova, Burghardt & Kirste, JAISE 4(3), 2012

• Fallstudie: Haushaltsaktivität „Mittagessen“
– Zubereitung einer Mahlzeit, Decken des Tisches, Verzehr der Mahlzeit, Abspülen und Aufräumen
– Instrumentelle Lebensaktivität (Instrumental Activity of Daily Living)

• Sensordaten: Akzelerometrische Instrumentierung von Armen, Beinen, Oberkörper
– Abtastrate 120 Hz, 30 Signaldimensionen (5 Sensoren, 6 Signale je Sensor)
– Ergebnis: 1.46 ⨉ 108 mögliche Zustände; bis 95% Erkennungsgenauigkeit: Ansatz in realen Szenarien nutzbar.
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Computational State Space Models for Activity and
Intention Recognition. A Feasibility Study
Frank Krüger*, Martin Nyolt, Kristina Yordanova, Albert Hein, Thomas Kirste

Computer Science Institute, University of Rostock, Rostock, Germany

Abstract

Background: Computational state space models (CSSMs) enable the knowledge-based construction of Bayesian filters for
recognizing intentions and reconstructing activities of human protagonists in application domains such as smart
environments, assisted living, or security. Computational, i. e., algorithmic, representations allow the construction of
increasingly complex human behaviour models. However, the symbolic models used in CSSMs potentially suffer from
combinatorial explosion, rendering inference intractable outside of the limited experimental settings investigated in present
research. The objective of this study was to obtain data on the feasibility of CSSM-based inference in domains of realistic
complexity.

Methods: A typical instrumental activity of daily living was used as a trial scenario. As primary sensor modality, wearable
inertial measurement units were employed. The results achievable by CSSM methods were evaluated by comparison with
those obtained from established training-based methods (hidden Markov models, HMMs) using Wilcoxon signed rank tests.
The influence of modeling factors on CSSM performance was analyzed via repeated measures analysis of variance.

Results: The symbolic domain model was found to have more than 108 states, exceeding the complexity of models
considered in previous research by at least three orders of magnitude. Nevertheless, if factors and procedures governing the
inference process were suitably chosen, CSSMs outperformed HMMs. Specifically, inference methods used in previous
studies (particle filters) were found to perform substantially inferior in comparison to a marginal filtering procedure.

Conclusions: Our results suggest that the combinatorial explosion caused by rich CSSM models does not inevitably lead to
intractable inference or inferior performance. This means that the potential benefits of CSSM models (knowledge-based
model construction, model reusability, reduced need for training data) are available without performance penalty. However,
our results also show that research on CSSMs needs to consider sufficiently complex domains in order to understand the
effects of design decisions such as choice of heuristics or inference procedure on performance.
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Introduction

1.1 Motivation
Recently, a number of different approaches to representing the

transition models of probabilistic state space models (SSMs) by
computational means have been proposed as method for building
intention recognition systems, from somewhat different research
perspectives and conceptual backgrounds [1–5]. Computational
state space models (CSSMs) are probabilistic models where the
transition model of the underlying dynamic system can be
described by any computable function using compact algorithmic
representations. Objective of the study reported in this paper is to
evaluate the applicability of CSSMs for the purpose of sequential
state estimation in dynamic systems with very large state spaces
and dense transition models. Such domains are difficult to handle
with conventional methods relying on the explicit enumeration of

states or paths, such as hidden Markov models (HMMs) and their
various extensions [6], probabilistic context-free grammars [7], or
(libraries of) (partially ordered) plans [8]. We specifically consider
CSSMs for the objective of recognizing activities, goals, plans, and
intentions of autonomous non-deterministic agents, such as human
protagonists. These recognition tasks frequently arise in applica-
tion domains like smart environments [9,10], security and
surveillance [11], man-machine-collaboration [2], and assistive
systems [12,13].

Researchers have chosen computational state space models for
applications in activity and intention recognition for a range of
different reasons. CSSMs have been considered because they allow
to

N substitute training data by symbolic prior knowledge [3],
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Was können wir gemeinsam in  
Mecklenburg-Vorpommern tun?



Was passiert in MV? – Ein Vorschlag:
• Pilotprojekt „Affordable Smart Homes“

– Gemeinsames Projekt von Wohnungswirtschaft und Forschung in MV
– Projektziel: durch intelligente Sensordatenanalyse den Anwendernutzen von 

„Smart Homes“ betriebswirtschaftlich optimal realisieren

• Sensorisch angereicherte „Musterwohnungen“
– Wie erhält eine Wohnung mit einem Minimum an Hardware ein Maximum an 

Information über Zustand, Aktivitäten und Bedürfnisse ihrer Bewohner?
– Was sind die Sensoren und die Datenanalyseverfahren?
– Welche Einsatzfelder lassen sich zu welchen Kosten abdecken?

– Sicherheit? Komfort? Energie? Gesundheit?
– Wie sieht die Kosten / Nutzenrechnung aus?
– Welche Strategien sind am besten geeignet um Datenschutz und Privatsphäre 

des Mieters wahren?
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