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Abstract
Connected ambient assistance systems support elderly people  - or people in need of care  - for a self-determined, 
healthy and safe living in their familiar home until very old age. The systems typically communicate with nursing 
relatives or remote professional caregiving providers. The basic functions of stationary assistance systems inclu-
de the detection of a) falls and b) deviant behavior indicating a health hazard. These kernel tasks of assistance 
have been amended in the course of time by a plenitude of more general assistant functions. Wearable devices, 
like programmable smartwatches, extend the reach of stationary assistance beyond the spatial boundaries of 
the familiar home. They extend the scope of wellbeing monitoring by analyzing the wearer’s heart rate in rela-
tion to the current physical activity and can also verify sufficient liquid ingestion, drinking, thus compensating 
the diminishing natural sensation of thirst at increasing age. Home robots also extend the scope of wellbeing 
monitoring within the home and relieve from the necessity of a comprehensive sensoric instrumentation of the 
home. So far, ambient assistant systems can primarily provide assistance only in the physiological dimension. 
Cognitive ambient assistance, which allows the participation in the social communication on an equal footing, 
today is beyond their abilities. The advances in artificial intelligence are about to change the picture. From an 
economic point of view, the dissemination and success of assistance systems has been slowed down within the 
last decade by lacking wide-spread interaction standards as well as the shortage of necessary multivalent utility 
of such systems. In contrast, the smart home concept offering increased comfort and sustainability has gained 
a lot of attractivity in the same time. Therefore, commercially successful assistance systems must provide their 
utility in all three dimensions: assistance, but also simultaneously in comfort/safety and sustainability.

Keywords: active assisted living (AAL), comfort and safety of living, connected ambient assistance for the 
elderly, machine learning, robotics, smartwatch/wearables, stationary assistance, sustainability. 
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1 Motivation and the Need for Assistance
Connected ambient assistant systems are IT-systems 
aiming to support a healthy, safe and self-determi-
ned living of elderly persons or persons in need of 
care in their familiar home until very old age. The 
purpose of such assistant systems is threefold. First 
of all, they must support the elderly persons or per-
son in need of care itself. These persons are the (im-
mediate) users of the assistance system. In order 
to effectively support its user, the assistance has to 
react to the events in the environment of the user. 
Therefore, it is referred to as ambient assistance sys-
tem and is equipped with a number of sensors to 
achieve the task. Additionally, the system is required 
to deliver support and services to further stakehol-
ders. It shall support caregiving relatives in their de-
manding task in order to assure a minimum private 
life independent from the caregiving task. At the end 
of 2017, about 52% of 3,41 million persons in need 
of care in Germany have been exclusively nursed by 
family members (DESTATIS,  2019). Finally, the assis-
tance system shall deliver qualified data about the 
user to a remote professional care center, typically 
a home emergency call center (HECC), in order to 
allow customized interventions. These services for 
non-user stakeholders can be only provided, if the 
ambient assistant system is connected to them via 
a speech and/or data link. Traditionally, the link has 
been the plain old telephone system (POTS), but 
more ambitious services (e.g., transfer of user vi-
tal data, the user’s location) require the Internet of 
things (IOT), wired or wireless via the 4G, 5G mobile 
phone/radio network. Such connected ambient as-
sistance systems are at the center of this chapter. For 
brevity, we will denominate them simply as “assis-
tance systems” in the following. Such assistant sys-
tems are a focal area of the ambient assistant living 
(AAL) field of research. This AAL field has attracted 
researchers around the world for about a decade, 
in order to look for innovative applications of smart 

home technology, artificial intelligence and teleme-
dicine especially for the elderly.

The need of support for this user group is given by 
the following problems associated with aging: 
• One third of all people aged 65 and more are 

suffering from a fall once a year. The cost of such 
falls for the health system, and the risk of an ir-
reversible deterioration of the personal health, 
is strong proportional with the time span until 
a medical intervention takes place in the case of 
an occurred health hazard. 

• The natural feeling of thirst is diminishing at hig-
her age. Insufficient drinking causes an unnoti-
ceable, progressing mental/spatial disorder and 
poor performance with an increasing risk of ac-
cidents. 

• The prevalence of Alzheimer’s disease (AD), the 
most common form of dementia for elderly per-
sons, in Europe is 8,6% in the average (increasing 
from 1,3% in the age group 65-69 to 40,9% for 
elderly persons 90 years of age and more (Bi-
ckel, 2020). Mild cognitive impairment (MCI), a 
cognitive disorder excessing typical aged-based 
forgetfulness due to brain aging, is a frequent 
predecessor of AD. Approximately 12-18% of 
people aged 60 or older are suffering from MCI 
(USA Alzheimer’s Association, 2021). 

In section 2 of this paper, we will briefly describe 
the requirements for connected ambient assistan-
ce systems. In section 3, we summarize important 
concepts of the assistance technology and explain 
the sensors used for those systems. In section 4, 
we review the achievements in the area of statio-
nary assistance systems, which have established 
the first generation of connected ambient assis-
tant systems. Section 5 is dedicated to home ro-
bots and section 6 to wearable assistance systems, 
which are at the forefront of assistance technology 
today. In section 7, we outline the status and fu-
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ture of cognitive assistant systems, where we do 
expect the next technological breakthrough in the 
future.     

2 Requirements for Connected Ambient 
Assistance Systems 
The requirements that have to be fulfilled for a 
deployment of assistance systems can be differ-
entiated in i) acceptance, ii) usability aspects, iii) 
everyday suitability, and iv) legal resp. regulatory 
boundary conditions. The necessity of a convin-
cing value proposition which will finally trigger a 
buying decision of a user – or their relatives: typi-
cally, children – will be discussed lastly. 

2.1 Acceptance
Users do want non-stigmatizing, unobtrusive assis-
tant devices. This requirement results in dedicated 
devices of no / low visibility or multipurpose de-
vices like smartphones, smartwatches, for which it 
cannot be concluded on the need of assistance for 
the wearer. 

Users want to be in control of the assistance sys-
tem at any time, especially, which behavior resp. 
person-related data are provided to other parties.  
This claim is valid as long as the user is conscious 
and can deliberately react to the assistance sys-
tem’s output. If this condition does not hold, the 
system is expected to take over and start automa-
tic remote alerting in case of a hazardous situa-
tion. This implies that before any remote alerting 
or data transmission takes place, the user shall be 
given the chance of terminating the process by a 
suitable prealert. Ultimately, this can result in an 
ethical conflict between the ranking of self-endan-
germent and self-determination. Determining the 
situational context, when the user is willing to be 
disturbed by a prealert of the assistance system, is 
a challenging task (see subsection 6.4 below).    

Users want no or only minimal breakup work at 
home for the installation of the assistance system. 
Furthermore, they request no or only minimal re-
gular maintenance work on the system. The sum of 
these requirements can be fulfilled at most for new 
homes. For already existing homes, the installation 
of wired assistance systems typically needs brea-
kup work and wireless systems need regular main-
tenance for battery charging and replacement. An 
especially critical point is the necessary automa-
tic shutdown and later powering up of dangerous 
devices in the household (e.g., electric stoves) for 
periods of absence of the inhabitants. Installation 
of remotely controlled contactors for electric sto-
ves typically supplied by 3-phase current requires 
breakup work and certified electricians. 

2.2 Usability Aspects
With respect to the designated target group, no 
regular actions by the user shall be required to 
keep the assistance system functional. If regular 
charging of a wireless assistance system will be 
necessary, the charging process shall not require 
fine motor skills of the user. Contactless, inductive 
charging by placing the device to be charged ne-
arby the charging source meets this requirement. 
If regular charging is required for the functionality 
of the assistance system, the continuous utilization 
period before recharging must be at least a full 18-
hour day. The longer, the better.

If there is a shortage of energy for the functionality 
of the assistance system, a stepwise retraction on 
essential functionalities (“graceful degradation”) 
shall take place. The critical communication functi-
on for remote alerting and/or a conversation with 
a remote HECC or family members must be kept 
functional until last.      

Pets in the household shall be tolerated by the as-
sistance systems and must not be mixed up with  
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the user. The assistance system should also sup-
port multi-person households, where the person 
in need of care lives together with spouses, com-
panions or relatives in no need of care (see also 
Lutze, 2014). 

The reach of the assistance system shall be adjus-
ted to the mobility of its user. If the user regularly 
leaves the familiar home, the assistance system 
shall accompany him and stay functional during 
the trip.     

2.3 Everyday Suitability
The everyday suitability of wired assistance sys-
tems supplied by the power grid must also fore-
see a continued functionality in case of a blackout 
by a suitable battery backup. Such a blackout may 
be also caused internally. A typical application sce-
nario is the triggering of a residual-current circuit 
breaker caused by a defective coffee machine. For 
battery operated assistance devices, it is a good 
practice to call the user via POTS or the cellular 
network (on a different device) with a clear notice 
to recharge the assistant device in due time, befo-
re it ceases its services. Automatically remembe-
ring a user about an overdue attachment of his/
her wearable assistant device, e.g., a smartwatch, 
in the morning, is also an effective practice, if it will 
be performed in an appropriate manner. 

2.4 Legal / Regulatory Boundary Conditions
Ambient assistance systems will typically process 
person related data or even health data of the 
user.  The EU GDPR regulation (GDPR, 2016) requi-
res in article 4, (11) a voluntary, informed consent 
of a user of the assistance system – or the legal 
representative of the user – prior to using the as-
sistance system. This consent must be persistently 
documented and compliant to the formalities in 
article 7 and article 12, 1 (“concise, transparent, 
intelligible and easily accessible form, using clear 

and plain language”) especially for the purpose of 
profiling in the definition of article 4, (4) GDPR. A 
movement profile is a frequent constituent of an 
assistance system. Processing of health data in an 
assistance system is only permitted by the explicit 
exemptions stated in article 9, 2 (c) of the EU GDPR 
in order “to protect the vital interests of the data 
subject […]”. Article 35, 1 of the EU GDPR man-
dates the producer to perform a data protection 
impact assessment, if new technologies (e.g., ar-
tificial intelligence) are used for the assistant sys-
tem or “processing on a large scale” of health data 
takes place therein. If the designated purpose of 
the assistance system includes prevention, diagno-
sis, prognosis, monitoring, therapy or alleviation 
of diseases, injuries or disabilities, the assistance 
system has to be classified as a regulated medical 
product and the EU medical device regulation (EU 
MDR, 2017) will apply (Lutze, 2018 for details and 
consequences).   

2.5 Value Proposition Triggering a Buying Deci-
sion
So far, connected ambient assistant systems have 
not gained a noticeable market share – neither in 
Europe nor elsewhere in the world. The reasons 
are manifold. Definitely, still lacking wide-spread 
interaction standards and protocols have slowed 
down their dissemination (see section 4). Our cen-
tral hypothesis is that commercial successful assis-
tance systems need to bear a multivalent utility for 
the user, which includes more than assistance tech-
nology (Lutze, 2011). The increasing attractivity of 
smart home systems in the last decade indicates 
that stationary assistance systems must also fea-
ture comfort/safety aspects (e.g., by remote con-
trol of the home, simulation of virtual inhabitants 
in case of absence) and sustainability by increased 
energy efficiency (e.g., only usage-based heating/
cooling). Upfront smartwatches from Apple, Sam-
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sung today also include assistance functions (fall 
detection and automatic alerting, heart rate moni-
toring). They are even a regulated medical product 
with respect to their 1-channel electrocardiogram 
capable to detect atrial fibrillation. Nevertheless, 
they are typically bought as stylish gadgets for fit-
ness tracking, autonomous music replay and wire-
less communication.   

3 Definitions and Concepts
In this section, we define and elucidate the cen-
tral components and concepts used by connected 
ambient assistant systems. Two essential concepts 
have been developed of recognizing health signifi-
cant deviant behavior of the user: 1) the inactivity 
analysis of Litz (Floeck & Litz, 2008, Rodner & Litz, 
2014) described in subsection 3.1, and 2) the re-
cognition of the events and activities of daily living 
for calculating the wellbeing of users (Suryadevara 
& Mukhopadhyay, 2014), (Lutze & Waldhör, 2017a) 
described in subsection 3.2. These concepts stem 
both on sensors, which will be reviewed in subsec-
tion 3.3.  

3.1 Inactivity Analysis
The strength of the inactivity analysis is the fact, 
that only cost efficient, standard smart home sen-
sors (e.g., passive infrared radiation (PIR) resp. ca-
pacitive HF movement or presence sensors, see 
section 3.3.1) will be needed. The analysis moni-
tors the individual maximum admissible inactivity 
of the user during specific periods of the day and 
night. The individual maximum values for a specific 
period of time – at day or nighttime - indicating a 
usual behavior of the user have to be acquired in a 
prior training phase of the assistance system. The 
original analysis has been improved by finite state 
machines (Lutze, 2014) modelling the topological 
structure of the home, in order to cut down false 
positive and false negative alerts, taking into ac-

count the non-perfect sensor signals. 

The initial vulnerability of the inactivity analysis 
by false negative or false positive alerts caused 
by imperfect presence sensors resp. lost sensor 
signals has been solved (Danacher & Lesage & 
Litz, 2012, Lutze, 2014) by improving the inacti-
vity analysis by a finite state machine modelling 
the topological structure of a home. The states 
of the machine model the occupancy of the diffe-
rent rooms with persons (plus a separate state for 
the “outside world”), the state transitions model 
the movement of persons between the rooms of 
the home resp. the entrance into the home/exit 
from the home). For a one-person household the 
states correspond directly to the specific rooms 
(plus the “outside world”). The observed presen-
ce of persons within a room will be persistently 
recorded by the current state of the automaton; 
movements of persons between rooms will cause 
a corresponding admissible state transition. In this 
way, no present inhabitant of a flat can be lost by 
the assistance system, even in case of an imperfect 
resp. lost sensor signal. As an intended site effect, 
the current state of the automaton also discloses 
the (indoor) location of the inhabitants within the 
home. This will help to direct external intervention 
teams arriving at the home immediately to the 
locality. The finite state machine approach only 
works correctly when starting with a verified occu-
pancy of the home, which can be typically assured 
at later nighttime when all lights, TV, etc. are shut 
off and the inhabitants are in the bedroom.

The inherent limitation of the inactivity analysis 
is the limited informative value about the actual 
health of the inhabitants in the home. Furthermo-
re, the analysis is not tolerant to pets moving free-
ly in home, e.g., dogs or cats, if the used sensors 
cannot securely filter out/exclude such pets (see 
subsection 3.3.1).   
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3.2 Wellbeing Calculation via ADLs, EDLs
If an assistance system shall continuously monitor 
the wellbeing of its users, a precise, individual de-
finition of wellbeing will be mandatory. The defini-
tion is based on the individual performance of the 
activities of daily living (ADLs), as defined by S. Katz 
(Katz, 1983) in the scope of care management. L. 
Juchli has introduced and refined the systematics 
for care giving in Germany (Juchli, 1991). For the 
purpose of assistance system, the original Katz 
ADLs have been restricted on a subset of computa-
tionally discernible ADLs like nightly sleep, eating, 
drinking, etc . The wellbeing measurement is then 
based on the duration and distribution, presen-
ce, of these ADL during the course of the day, as 
proposed by Suryadevara & Mukhopadhyay. In 
(Lutze & Waldhör, 2017a), ADLs have been further 
decomposed in events of daily living (EDLs). EDLs 
indicate either the starting and ending points of 
ADLs in time (e.g., retiring to bed and rising-up in 
morning enclosing the ADL nightly sleep) or are in-
dependent events like falls. The wellbeing calcula-
tion is based on the amount of deviation from the 
individual, usual performance of those ADLs, mea-
sured by nominal values. A decisive nominal value 
is the usual duration of the ADL. The original well-
being calculation of Suryadevara & Mukhopadhyay 
was based on the two factors: 1) (excess) duration 
of ADLs and 2) temporal distance between ADLs. 
We have amended the formula by a third factor 
of agility (movement of the user), further conditio-
ned by the absence of falls (see Lutze & Waldhör, 
2017a for the details of the complex wellbeing cal-
culation). Whenever the calculated wellbeing va-
lue falls below a certain threshold, a health hazard 
will be concluded by the assistance systems and 
further steps will be initiated.    

The nominal values of the usual ADL performance 
have to be acquired in a prior training phase of the 
assistance systems. These nominal values need to 

be regularly adapted to the different seasons of the 
year and typically also depend on different days of 
the week. Additionally, the differentiation between 
work days and national holidays needs to be con-
sidered. With the integration of agility as a third 
factor of wellbeing, a more fine-grained model for 
calculating the applicable nominal values gains im-
portance, taking into account also the local weat-
her conditions. As a rule of thumb, at least a two-
week training period will be necessary for learning 
the individual nominal ADLs from the user, before 
the assistance system can deliver meaningful con-
clusions (Suryadevara & Mukhopadhyay, 2014 for 
the duration of the training phase).

The strength of the wellbeing calculation based on 
EDLs, ADLs are the far-reaching conclusions which 
can be derived from it, its weakness is the pleni-
tude of sensors and complexity of calculations in 
order to recognize EDLs and ADLs. 

3.3 Sensors 
We will review the most common sensors for sta-
tionary assistant systems first. A complete over-
view of all sensors utilized for stationary assistance 
system can be found in (Sanchez & Pfeiffer & Skeie, 
2017). Afterwards, we continue with the typically 
completely different sensors for wearable assis-
tant systems.

3.3.1 Stationary Sensors

A central purpose of stationary sensors is to ver-
ify the presence of the user of an assistant system 
and – if possible – his/her current body posture 
in order to exclude a potential fall. A weakness of 
practically all stationary sensors – apart from video 
cameras – is their principal inability to differentiate 
between the user of the assistant system and an-
other person. The usage of images, which would 
allow the identification of the user via recognition, 
is widely not accepted to due privacy concerns. 
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Low-cost movement sensors react on significant 
movement of a person and thus lose contact of a 
person standing for a while, sitting or being recum-
bent in bed or on the floor – they are not really 
suited for the purpose of the ambient assistance 
task. More expensive presence sensors register 
the abdominal respiratory movements and thus 
can detect a living species in any position. Upf-
ront presence sensors additionally verify the re-
spiratory frequency and can differentiate between 
a human and a pet, e.g., Steinel True Presence® 
Sensor (Steinel, 2021). Another advantage of pre-
sence sensors is that they are often available as a 
two-channel variant. One channel is used by the 
assistance system and the other channel direct-
ly switches on the lighting in the corresponding 
room. Sufficient light cannot be underestimated 
in its importance for the prevention of accidents 
(Klein, 2020, section 2.3). Klein 2020 reports – for 
example – that persons aged 60 have a four times 
as high light requirement than persons at the age 
of twenty.

Whereas presence sensors are mounted at the 
ceiling of a room, capacitive floor sensors for de-
tecting the presence of a person are mounted 
exhaustively beyond the floor. They require consi-
deration already in the planning phase of a new 
home. Otherwise, massive breakup work for re-
novation and a completely new floor construction 
will be necessary. The decisive advantage of floor 
sensors against ceiling mounted presence sensors 
is that they can detect fallen persons lying on the 
floor directly. Furthermore, they can trace the 
movement of different persons through the home 
simultaneously and can typically differentiate bet-
ween human and pets, e.g., SensFloor® (FutureS-
hape 2021). The disadvantage of the technology 
is the high price (> 100€ / m2) proportional to the 
size of the home.

With respect to the otherwise necessary plenitude 
of sensors distributed in the home, the concept of 
only a very few central smart (power, water) me-
ters for monitoring the electric power and water 
consumption within a home has attracted a lot 
of attention. One perceivable advantage of the 
approach is the differentiation between human 
beings and pets, which typically cannot cause a 
corresponding consumption by their own. The 
challenge of the approach is the potential simulta-
neity of appliances causing current drains and the 
necessary differentiation, what is caused delibera-
tely by an inhabitant of the home (e.g., brewing 
a coffee) and what is caused automatically by al-
gorithmic resp. time control (e.g., movement of a 
shutter). In regards to the water consumption the 
task is not as hard as for the electric consumption, 
but also in this case manual toilet use and kitchen 
operations have to be differentiated from time-
controlled dishwashers, washing machines or gar-
den watering. If the identification of specific ma-
nually operated appliances by their energy profile 
has been successfully learned by the assistances 
system, even the identification of single ADLs will 
be possible (Clement & Ploennings & Kabitzsch, 
2014). The limitation of the approach is the in-
ability to assign recognized ADLs to an individual 
person in case of a multi-person household. And 
of course, the installation of such central smart 
meters with require certified technicians and may 
include non-trivial space requirements for already 
existing homes.        

So far, any kind of camera technology, which is very 
well suited not only to identify the user of the as-
sistance system, but also a fallen person by ana-
lysis of the body posture, has massively failed due 
to acceptance caveats and privacy concerns. Obvi-
ously, no one wants a video camera capturing ana-
tomical details or intimate action in the bathroom 
or bedroom, which unfortunately statistically are  
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prominent locations of falls. Even the use of depth 
camera, which only capture the time of flight 
(TOF), or a strict local image processing in the cor-
responding room, which only send alerts, but no 
images outside, has reduced these reservations of 
potential users.      

3.3.2 Wearable sensors

Wearable non-invasively sensors which collect va-
rious data from devices worn by the user are key 
components for the identification and classifica-
tion of ADLs and EDLs and the usage of smartwat-
ches as a support device for persons in need of 
care. Those sensors have to be distinguished from 
implantable sensors which measure – for example 
- blood sugar and related medical measures which 
are not in the focus of this chapter. Smartwatches 
and wearables may contain several different sen-
sors like:

IInertial sensors are nowadays part of many mo-
bile devices, such as smartphones, tablets, and 
wearables and similar devices. Those sensors 
detect changes in the motion and orientation of 
the wearer of the device. Using those sensors for 
motion detection has several advantages for the 
user, amongst them are: portability of the end 
device, usage regardless of location and context, 
non-obstructiveness and they can even be worn 
without being recognized. The sensor hardware of 
a typical smartwatch is based on microelectrome-
chanical systems (MEMS). These sensors are cha-
racterized by their small size which make them an 
ideal object to integrate sensors in mobile devices. 
They are built on tiny silicon plates which convert 
dynamic pressure changes into electrical signals. 
The first three sensors accelerometer, gyrometer 
and magnetometer in that order represent the key 

Sensor Type Function and usage

Accelerometer Acceleration relative to earth; fall detection

Gyrometer Rotation measure; fall detection

Magnetometer North-South measure; fall detection

(Air) Pressure sensors Pressure at location; fall detection

GPS 
although not really a classical sensor it plays an important role
for localizing users; location detection

Pulse sensors Indicator for stress, arousal, physical exertion

Temperature sensors Indicator for illness

Skin resistance sensors Indicator for stress, arousal

ECG sensors Indicator for stress, heart attack

Blood pressure sensors Indicator for stress, arousal, hypertonicity, …

Table 1: Overview of sensors and their usage: From those the first six are the most important ones and can found in nearly every wea-
rable device. The remaining sensors exist only in prototype versions and therefore not further mentioned here, although they may 

play a key role in further applications. (Waldhör) 
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sensors for determining ADLS and EDLs. They are 
very precise and react fast on movements. Com-
bing the measurements of these three sensors 
using a sensor fusion algorithm allows to determi-
ne the absolute position of a device in space and 
thus the dynamics of a movement over time.

Figure 1: Orientation of the sensor axes of a typical EMS 
device: (Baldauf 2015, p. 19)

Accelerometer: Acceleration is measured in m/s2, 
in most cases in fractions of the earth acceleration 
of 9.91 m/s2. For a three-dimensional acquisition 
of the acceleration, three acceleration sensors are 
mounted 90° relative to each other. They are ba-
sed on so-called spring-mass systems where both 
springs and the test mass are made from silicon. In 
case of an acceleration the test mass moves and 
those changes are detected by electric capacity 
changes of a fixed electrode. The advantage of 
these approach is its fast reaction time, in typical 
smart watches up to 1000 measures per second 
are possible. The core of the sensors are so-call 
measurement cells. Each of these cells consists of 
two capacitors connected in series, with a total of 
three capacitor plates connected by spiral springs. 
The middle capacitor plate is movable due to its 
suspension on the springs and shifts in the direc-

tion of one of the two outer capacitor plates when 
an ex-ternal acceleration force is applied. Based on 
the resulting capacitance change in the capacitors, 
the acceleration of the sensor can be measured 
vertically to the capacitor plates of the sensing ele-
ments (Baldauf, 2015).

Gyrometer: Gyroscopes measure the rotation 
speed of a mass resp. the angular velocity. Unit is 
in most cas-es is °/s. Gyroscope measures are ba-
sed on Coriolis vibratory gyroscopes. The core uses 
a vibratory test element that vibrates at a specific 
frequency. Rotations of the test element within a 
plane result in a measurable change of the vibra-
tion, caused by the Coriolis force and converted 
with a piezoelectric sensor into voltage values. To 
perform a three-dimensional measurement of the 
rotation of the sensor, the vibration of the test ele-
ment is determined using three different piezoe-
lectric sensors. The sensors are arranged in three 
axes at an angle of 90° to each other (Fig 1). The 
gyroscope measures three angular velocity values, 
one for each of the X, Y and Z axes. The angular 
velocity indicates the speed of rotation of the sen-
sor as a function of time. In many cases accelero-
meters and gyrometer sensors are packaged into a 
single device.

Magnetometer: MEMS based magnetometer de-
tect magnetic fields. Unit of measure is Tesla kg/
(A s2). The measurement method is based on the 
magnetic flux density and operates relative to the 
magnetic poles of the earth. The measurement 
method is similar to those of a MEMS accelerome-
ter. It uses a current-carrying conductor which is 
deflected by the Lorentz force. The position chan-
ges lead to a change in capacitance between the 
two outer capacitor plates. The strength of this 
capacitance change allows conclusions about the 
strength of the magnetic flux density. If the values 
of three magnetometers offset by 90° are bund- 
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led, three measured values describe the spatial 
distribution of magnetic fields.

Pressure sensor: MEMS based pressure sensors 
use the effect that pressure results in charge se-
paration in crystals which in turn is converted into 
voltage using charge amplifiers. A membrane is 
used to transform air pressure into force which can 
be recognized by Piezo-resistive elements. Typical-
ly, air pressure is measured by this type of sensor. 
Although a pressure sensor makes much sense for 
detecting falls, they are of limited help. Rapid mo-
vement changes, e.g. in falls are hard to detect due 
to the inertia of the sensor. On the other hand, or 
detecting small height differences are also mostly 
beyond the accuracy of the sensor, e.g., when drin-
king a glass of water, one needs to detect changes 
of 10-20 cm with one second.

Temperature sensor: The basis of such a sensor is 
the temperature dependency of a silicone diode 
where the output voltage produced depends on 
the temperature. Temperature sensors so far do 
not play an important role in wearable devices alt-
hough this may change when used as an indicator 
for changes in health, e.g., in case of an infection 
when body temperature rises.

Skin resistance sensor: This sensor measures the 
resistance resp. the conductance of the human 
skin. Although not really used in smartwatches 
specialized devices which measure stress may of-
ten use them.

GPS: The Global Positioning system (GPS) is a sa-
tellite-based navigation system. Satellites provide 
their exact position in coded radio signals. The re-
ceiver uses the signal delays of several satel-lites 
to determine its own position (latitude, altitude, 
height above sea level) and speed.  Thus, the posi-
tion of a user wearing a GPS enabled smartwatch 
can be identified up to 1 m depending on the sys-
tem used. Although GPS does not really play an 

important role for the detection of ADLs/EDLS this 
module is used to submit the position of a user in 
case of an urgency. Disadvantages of GPS is that 
it consumes a lot of current and it has a heavy in-
fluence on the wearing and usage time of the de-
vices. Another disadvantage is its inability to mea-
sure the position within buildings.

Pulse sensor: Heart frequency is measured by sen-
ding out green light form diodes into the skin tissue 
and measuring the reflected light (photoplethys-
mogram). Blood absorbs this green light and the 
intensity of the reflected light changes. From this 
the heart frequency can be determined. In case of 
a fall detection the pulse sensor can be used as an 
additional indicator if a fall has occurred.

ECG Sensor: ECG (electrocardiogram) is normally 
measured with 6 or 12 simultaneous recordings 
using electrodes which are positioned on various 
parts of the body, e.g., chest leads. Smartwatches 
can only record a 1-channel ECG with a bipolar lead 
according to Einthoven in position I (both upper 
extremities). This lead is done between the con-
ductive backside of the smartwatch at the wrist of 
one arm and the finger tip of the hand of the op-
posite arm, where the smartwatch is not worn. To 
perform the recording, a corresponding finger is 
pressed against a conductive button of the smart-
watch for a period of about 30 seconds. In case of 
the Apple Watch, this button is inside the “crown”. 
The recording may identify abnormalities in the si-
nus rhythm of the heart and can detect especially 
atrial fibrillation.

4 Stationary Ambient Assistance
One of the first stationary ambient assistance sys-
tems was the KNX based PAUL system developed 
by L. Litz and his team at the TU Kaiserlautern, 
the Personal Assisted Unit for Living (Floeck & Litz, 
2008, 2009). Due to the substantial (and expensi-
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ve) breakup work for the KNX bus cabling, typically 
rejected by the inhabitants/users, for existing flats 
the system has been extended for wireless com-
munication via EnOcean or ZigBee sensors (Floeck 
& Litz, 2010). Paul is based on inactivity analysis 
and operated by a touchscreen tablet (see. fig. 1). 
In order to minimize false positive alerts, for each 
recognized hazardous situation within a home, the 
system issues an automatic call to the inhabitants 
via POTS. When answering this prealert call, the 
inhabitant is asked either to cancel the prealert 
on the PAUL tablet or informed that otherwise an 
alert forwarding to a HECC will take place short-
ly thereafter. The latter takes place too, if the call 
is not answered at all. In any case, before sending 
out an intervention team, the HECC also places a 
second call to the inhabitant via POTS in order to 
clarify the situation on the spot. 

The PAUL system is based on a central server per 
flat or building. The functionality also includes a 
number of audio and/or video-based communi-

cation features, for example a front door video 
communication system. The system has been en-
hanced over the course of the years (e.g., Rodner 
& Litz, 2014) and is now commercially available 
(meinPAUL™ by CIBEK). 

The reasons why connected stationary ambient as-
sistant systems like PAUL have not gained a broa-
der market share are manifold. One aspect are 
the sensors. The KNX bus system is expensive and 
typically planned and installed only for new apart-
ment houses, not single-family homes. An efficient 
positioning of the motion/presence sensors de-
pends on the later furnishing and is therefore very 
difficult to foresee in the planning phase of the 
building (Rodner & Litz, 2014). On the other hand, 
wireless motion/presence sensors, which can be 
easily attached at the best position, require regular 
battery maintenance resp. replacement. An EnO-
cean style energy harvesting is typically not possib-
le for such sensors. The sensor signal transmission 
via Wifi also is susceptible to temporal disturban- 

Figure 2: PAUL Tablet GUI, (Technische Universität Kaiserslautern, https://www.eit.uni-kl.de/db-litz/assisted_living/website/
paul.html)
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ces, which might result in false negative alerts. An-
other aspect of the missing market success may 
stem from the inherent limitations of the inactivity 
analysis used. It is dedicated to one-person house-
holds without (freely moving) pets. More import-
ant, inactivity analysis cannot directly sense falls, 
but only the deviant behavior as a consequence of 
falls. Monitoring of vital parameters, e.g., pulse, or 
health relevant behavior like sufficient drinking, is 
completely beyond the capabilities of the inactivi-
ty analysis approach.             

Another critical aspect of connected assistance sys-
tems – for stationary as well as mobile, wearable 
systems - are the interface standards and protocols 
for external communication with a HECC in case of 
a health hazard/alert. Ideally, a lot of situational in-
formation about the home and relevant vital data 
of the inhabitant in need of care shall be given to 
the HECC. This provides the necessary background 
information for the agent on duty in the HECC to 
decide on the next steps. Only very slowly, closed 
shop provider based proprietary communication 
protocols are replaced – or at least amended - by 
open, standard protocols like the social care alarm 
internet protocol (SCAIP, 2014), supporting also 
IoT. SCAIP does only support a two-point commu-
nication between assistance systems and HECC. 
A message bus based, producer - subscriber ba-
sed multipoint communication would be a supe-
rior alternative. With the universAAL open-source 
platform (universAAL, 2018), a rapid development 
middleware for IoT solutions is on the table, but 
up-to-date remains in the academic environment.    

With the new German law for improvement of di-
gital patient care (DVPMG 21), the possibilities for 
legally integrating videoconference consultations 
with physicians have been improved. Patients will 
get a digital identity to authenticate themselves 
against their physicians. Physicians will be allowed 
to charge up to 30% of all their patients via video 

consultations. Psychotherapeutic acute services 
will be included in the scope of accountable video 
consultations. In the future, easy-to-use integra-
tion of such video consultations (e.g., meinPaul) 
may boost the attractivity of connected stationary 
assistance systems by increasing their multivalent 
utility. 

One of the most important acceptance barriers 
for stationary assistance systems is the necessary 
custom planning, installation, and integration ef-
fort. At least for the control problem, the openHAB 
consortium (openHAB 2021) proposes a techno-
logy agnostic open standard, which is meanwhile 
supported is supported by more than 2.000 home 
appliances and the major voice-controlled home 
assistants (Google Assistant, Amazon Alexa, Apple 
Homekit).e.g. smart meters, electric contactors 
for algorithmically switching off resp. powering 
up electric stoves with 3-phase current, the ardu-
ous and costly utilization of specialized engineers 
for planning of the assistance systems as well as 
trained, certified technicians for installing the sys-
tem is – and will be - indispensable. A standardized 
transfer of the available usage patterns for the dif-
ferent rooms of the home - learned by the assistan-
ce system - to a different heating/cooling control 
system for this home in order to reduce energy 
costs typically is – and will be - next to impossib-
le. As long as this acceptance barrier will not be 
teared down, connected stationary ambient assis-
tance systems will not gain a lot of attractivity to 
potential customers in the prospering home auto-
mation market.  

5 Ambient Assistance Robots 
In the following chapter, AAL related robotic sys-
tems are defined and classified. Examples of ro-
bots are then given and the associated challenges 
for promising solutions are identified. The chapter 
concludes with summary and an outlook.
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5.1 Definition and Classification of AAL Robots
Service robots can be subdivided in many ways 
(see fig. 3) (Bauer et al, 2020). Furthermore, ro-
bots can be categorized according to their target 
area, such as emotion, logistics, communication or 
handling robots. For this chapter the care domain 
is the most relevant one, but the others are tou-
ched as well. 

For the domain of AAL, various stakeholders need 
to be considered. On the one hand, residents must 
be empowered to remain in their own homes as 
long as possible. Here, the most wide-spread con-
cerns that lead to a move out of their home en-
vironment must be addressed, such as not being 
found in an emergency situation or asking for too 
much help to master day-to-day life. AAL systems 
in general can provide helpful support in this re-
gard, as already described above, and robots in 
particular serve as an ideal addition to existing AAL 
solutions due to their ability to move around and 

Figure 3: Order of relevant terms of the robotic and service robotic domain (Bauer)

act as an interface for several third-party systems 
(Bauer et al., 2018). Furthermore, the various sta-
keholders are interconnected and this needs to be 
considered as well to create sustainable solutions 
and business models, i.e. the systems need to be 
integrated flawlessly in surrounding processes. 

There are several different possibilities to create a 
landscape of existing service robots, e.g., for the 
care domain you can focus on the level of automa-
tion and the collaboration. The degree of automa-
tion ranges from remotely controlled by a person 
to autonomous operations capable of self-lear-
ning. Regarding the collaboration, the range spans 
from systems that are working isolated from other 
people to systems that are very close to the peo-
ples’ body, such as a lifting system that is in direct 
contact with the resident. Likewise, a distinction 
must be made between systems that are primarily 
used only in research versus systems that are avai-
lable as products. 
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Robots Name Category and Targeted Domain

Paro Emotional

Softbank Pepper Communication, Therapy

Sanbot Elf Communication, Market Place

temi Communication, Market Place

Care-o-Bot Communication, Grippers, Research

MLR Casero Logistics

Roger Therapy, Gait-Analysis

Boston Dynmics Spot Platform, advanced moving and interaction skills (opens doors)

Double 3 Communication

OpenBot Satellite Approach

Table 2: Overview of some of current robots which are common in the care domain. (Bauer)

5.2 Example of AAL Robots
There is hardly a domain in which technological 
progress is more evident than in the field of robo-
tics. The first promising robotic systems are now 
on the market or are being used in research pro-
jects (see table 2). 

In the upcoming paragraphs some of these sys-
tems will be described in more detail. Paro is an 
emotional robot and helps elderly which suffer un-
der dementia. The robot looks like a baby seal and 
reacts to touches made by the user (see fig. 4).

Figure 4: Paro robot reacts to touches from people and is 
helpful for elderly with dementia. (Franke 2019, p.410)

Figure 5: Pepper of Softbank robotics as a robot platform 
which look was highly accepted by people, especially younger 

people. (Institute FAPS)
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In recent years more and more communication 
robots entered the market, like Pepper, Sanbot, 
Temi and Double 3 (see fig. 5 to fig. 8). These ro-
bots contain several sensors (see table 3), i.e. the 
Sanbot Elf offers around 10 sensor elements (see 
fig. 9). 

Figure 6: Sanbot Elf robot helps people to interact and 
communicate with others, there is even a beamer system 

installed on this robot. (Sanbot)  

Figure 7: Temi robot offers a market place with several 
health-related apps and contains a variety of sensors to 

adress different tasks. (Medisana) 

Figure 8: The Double 3 Hero robot, a remote-controlled 
mobile tablet approach. (Institute FAPS) 
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Sanbot	Elf Pepper Temi

Dimensions[mm]	
[H,W,D)

902	x	421	x	331 1200	x	485	x	425 1000	x	350	x	450	

Weight[kg] 19 28 12

Costs	[€] ca.	5000€ ca.	20.000€ ca.	5000€

Speed[m/s] 0,8 1,39 1

Uptime	[h] 10 12 8

Touchscreen Breast-height Breast-height head

2	Tiefen-Kameras
1	RGB	Kamera

3D 3D	Sensor 3D	Kamera 360°	LIDAR

Mikrofon 7 4 4

Touchsensoren/	taktile	
Sensoren

12 5

6	Lasers
2	Sonar

Gyroskop x x

IMU	Sensor
6	time	Flight	Sensoren

Abstandssensoren 15	Infrared 5	Distance-based

Sonstiges Elektrischer	Kompass

Camera 2	RGB 2	HD-Kameras

Table 3: Overview of attributes of three different communication-based robots, here the Temi, Sanbot and Pepper. (Bauer)
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Figure 9: Sanbot Elf sensors overview . (Bauer et al., 2018)

Figure 10: MLR Casero robot, which handles containers in 
professional caretaking surroundings and hospitals (Franke 

2019, p.417). 

In addition to the communication focused robots 
there are special robots for specific tasks like the 
MLR Casero for logistic support (see fig. 10). There 

are several other task-specific systems like lifting 
systems and smart medical carts. 

The most challenging systems are these which con-
tain some grippers and interact with people. Such 
high end examples and even platform approaches 
are the care-o-bot (see fig. 11) and spot (see fig. 
12). Both systems offer grippers and highly advan-
ced use cases related to difficult environments or 
human-machine interaction.
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Figure 11: Care-O-bot from Fraunhofer IPA, a research-
centric platform approach from Germany. (Franke 2019, 

p.416) 

Figure 12: Boston Dynamics Spot robot platform approach 
which can operate in flat and complex environments.

                   (Boston Dynamics) 

The section shows that robotic-specific approa-
ches evolve continuously and more and more AAL 
systems are entering the market. In particular, it 
can be stated positively that robots such as the 
temi, with a targeted market price of around EUR 

5,000, are approaching price regions that slowly 
allow embedding the system in a use case-based 
business model. 

5.3 Challenges
In the previous section we described the current 
state of the art of AAL systems and showed some 
examples. Various main challenges can be identi-
fied to achieve a promising approach that will be 
accepted by a broad audience. Usually, the first 
question when creating a new concept for a robot 
is whether a specific platform needs to be built and 
tailored, or an already existing, case specific sys-
tem can be used? The main aspects, which need 
to be considered are an adequate price for the sys-
tem, a proper system robustness, an appropriate 
integration into existing systems and processes, as 
well as legal and market-specific conditions. 

Robotics systems are becoming less and less ex-
pensive. In the field of communication robots, ta-
blet-centric mobile communication robots, e.g., 
Pepper (USD 15,000), Sanbot (EUR 8,000), Temi 
(EUR 5000), Double3 (EUR 5000), Pepper was the 
first of these in the market, Temi entered the mar-
ket around 2 years ago. Likewise, such trends are 
visible in other robot categories as well like vacuum 
cleaning robots, for example when Xiaomi entered 
the market in 2016 with a product that achieves si-
milar results compared to 1000 EUR robots with a 
price of 300 EUR. The AAL service robot platforms 
are just entering the market, but are still too ex-
pensive for sustainable business models. The Care-
O-bot research platform quickly reaches prices of 
150.000 EUR, depending on the chosen system 
modules. The Spot platform from Boston Dyna-
mics starts at around 70.000 USD. The main cost 
drivers are in particular the gripper units, which 
often cost more than 50.000 EUR. In this field, the 
product from Franka Emika, called Panda (see fig. 
13) offered a price of around 12.000 EUR. There 
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are currently no combined systems consisting of a 
mobile unit in combination with a low-cost gripper 
targeting a target price of less than 20.000 EUR for 
a platform. In addition to the initial costs for the 
platform you need to consider that these days the 
robots are not working to full capacity, so adding 
multi-client capabilities and leasing models seem 
to make sense.  

Figure 13: Franka Emika Panda robot, a promising 7-degree-
of-freedom gripper system which reduced overall platform  

costs.  (Institute FAPS) 

The robots often consist of numerous sensors and 
at least one computer unit, often in combination 
with an external tablet and a connection to the 
system provider's cloud service. In around ten ye-
ars of everyday practice in the research lab, we can 
assess that the robots are usually offering their 
services and functions reliably in a laboratory en-
vironment. Anyway, in real world scenarios these 
systems often still have problems due to the large 
number of components and crashing subsystems 
on runtime: Pepper has a built-in camera and if 
this camera stops working the whole system will 
be halted. Another challenge is related to the sub-
systems’ update procedures. Sanbot is offering an 
Android operating system for its built-in tablet. To 
connect to the robot’s core unit there is a vendor 

specific Android library. Unfortunately, it is not 
possible to update the tablet automatically and 
the supported Android API version to develop own 
modules will become outdated only after a short 
amount of time. Moreover, the support is not ca-
pable of fast reactions. For professional caretakers 
it is necessary to agree for appropriate service le-
vel agreements regarding response time and up-
date intervals. This is especially critical as more 
and more facilities start to implement information 
security management systems and related risk 
analysis methods will not accept a fully integrated 
insecure device on the local network. Summing 
up, it is good to offer such products for a smaller 
price, but system providers should offer extending 
service packages as well.

Interoperability problems exist in many domains, 
often reference architecture models (Industrie 
4.0, AAL, Smart Living) are helpful to identify in-
teroperability issues (Bauer et al, 2020a). Such a 
model for AAL robotics has not been defined, yet. 
Regardless, the interoperability issue is extremely 
challenging for AAL robotics systems because the 
systems internally consist of many subsystems 
and often need to interact across domains. Con-
sequently, it is not yet resolved today that robots 
can substitute each other, i.e., when communica-
ting to third-party systems in different domains 
(hospitals, care sector, and private residential en-
vironments). As domain-wide advanced semantic 
system interaction slowly evolves, the subject of 
research in the AAL robotics field, which needs a 
combination of these efforts cannot be expected 
in less than 5 years.

Human-robot collaboration poses numerous chal-
lenges. There are promising concepts to address 
these challenges. For example, in research projects 
with the Care-o-Bot system the robot grippers are 
only exercised after turning away from the inter- 
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action partner to reduce the risk to a minimum. 
Furthermore, resistance-based gripper strategies 
minimize the risks for the humans as well.  Howe-
ver, it remains an open question how robots need 
to be designed so that liability issues arising from 
any accidents can be assessed and so that relevant 
safety zones can be designed and considered into 
related business models as well.  Fortunately, the 
German funding landscape has recognized these 
open questions and is providing appropriate calls 
so that these issues can be investigated further.

5.4 Conclusions and Outlook
Despite the challenges described before, service 
robotics is one of, if not the most important tool 
facing the demands of demographic change (Klein 
et al., 2020). The advancing digitalization and the 
availability of third-party interfaces, at best with 
semantic information, will make mobile robots 
equipped with sensor technology the next mega-
trend. Of course, the aim here is not to replace 
human-based interaction, but to improve peoples’ 
comfort and fulfill tasks they want to avoid in the 
background, so that they have more resources 
available for the preferred human to human inter-
action. German government is also slowly imple-
menting the first opportunities, such as digital 
health applications and digital care applications, 
that it will be less challenging for digital assistance 
systems that they can become part of the health 
and care sector.   

From a purely technological perspective, service 
robotics will benefit from existing cross-domain 
data sovereignty concepts. Numerous challenges 
will be adequately addressed if the data creators 
(patients, residents, caregivers, etc.) can confiden-
tially manage their own data securely and grant 
access for third parties for their data. In this way, 
many open challenges to cloud-based storage and 
acceptance problems among data creators will be 

solved, especially if the creator of the data will be 
able to watch relevant data storage accesses by 
receiving related reports. The first promising ap-
proaches are currently emerging, for example the 
European GAIA-X initiative.  

Currently, robotics manufacturers are focusing ei-
ther on their own platform or on precisely one use 
cases or a small group of use cases. It remains to 
be seen whether a common platform will prevail. 
In addition to the mobile robot approaches alrea-
dy available today, alternative ideas also play a role 
here, which in turn could possibly have a disrupti-
ve effect, but which themselves still have to over-
come unsolved challenges. At this point, drones 
should be mentioned, which can overcome stairs 
without any efforts. Another approach is to equip 
small mobile vehicles with tiny computers, I.e. 
Raspberry Pis and / or cell phones. Such systems 
operate at low cost and usually there is one vehicle 
per floor. The OpenBot concept (see fig. 14) can be 
further developed in this direction of a satellite-ro-
bot network with a smart home gateway or a Temi 
robot as a main robot.
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Figure 14: OpenBot Concept Vehicle with the main frame (1), cell phone (2), optical speed sensors (3), battery (4), drives (5), LED 
(6), PCB (7), Arduino Nano (8), OLED Display (9) and distance-based sensors (10). (Bauer) 

6 Wearable Ambient Assistance
Wearable ambient assistant systems have three 
decisive advantages over stationary assistant sys-
tems: i) their reach is not restricted to the spa-
tial borders of the home, ii) they can differentia-
te between the user of the assistant system, the 
person in need of care, and other persons in the 
household, and, iii) they can directly recognize the 
ADLs and EDLs of daily living, and, in doing so they 
monitor important vital data of the user. The limit-
ations of wearables are: a) they must be actually 
worn in order to work, and, b) as battery operated 
devices, the must be regularly charged. It turned 
out in our field test (Klein et al., 2016) with smart-
watches in rural and urban areas of the state of 
Hessia, Germany, that these limitations were typi-
cally observed, if the users had become acquain-
ted with the culture of mobile phones during their 
prior (working) life. We will focus in this section on 
smartwatches programmable via apps as the cur-
rently most relevant wearables. The supremacy of 
smartwatch-based ADL recognition against mobile 
devices has been also confirmed by (Weiss & Tim-
ko & Gallagher, 2016). For example, Smartwatches 
gain their strength in fall detection in that they are 
reliable worn at the wrist and will be on duty du-
ring the whole course of a day. In contrast, smart-

phones are typically put aside from time to time, 
especially during accident susceptible activities 
like showering.

In subsection 6.1, we summarize the important 
steps in the development of the general-purpose 
smartwatch product segment. In subsection 6.2 
we describe the recognition of ADLs and EDLs and 
the acquisition of data for this task. In subsection 
6.3, we continue with the conclusion of present 
health hazards based the prior recognized ADLs, 
EDLs. Finally, in section 6.4 the graceful interaction 
between the user and his/her smartwatch will be 
described, in order to communicate the findings of 
the smartwatch assistance app to the user and – if 
necessary – to corresponding remote sites.
 
6.1 Connected Smartwatch Products
In November 2014, Samsung launched the first 
connected, programmable smartwatch with Blue-
tooth, WiFi, GPS and a 3G cellular radio, the Gear 
S™, featuring a curved 2’’ AMOLED display (see fig. 
19 for our assistance app for this device). From the 
beginning, Samsung fostered their own ecosystem 
around the Tizen™ operating system. The strength 
of this watch was its unique curved design with the 
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rather large display and its autonomous communi-
cation capability via 3G, including phone calls, data 
exchange, SMS. For the application domain under 
consideration, the weaknesses of the design inclu-
ded the recharging of the watch via a wired male 
connector, whose positioning required fine-moto-
ric capabilities typically available no longer within 
the target group. Also, the compartment housing 
the mini SIM card, located on the backside of the 
smartwatch, was rather vulnerable to sweat/steam 
evaporating from the human skin. This regularly 
caused malfunction of the cellular radio, entailing 
a complete software reinstallation. 

The principal solution to this problem has been the 
usage of tightly soldered eSIMs. These eSIMs – and 
the necessary infrastructure of the Telcos offering 
such eSIM tariffs – were introduced in Europe only 
in the autumn of 2017 with their first 3G watch, 
the Apple Watch 3. A year later, 2018, Samsung 
followed with the Galaxy Watch™. The Samsung 
smartwatches Gear S2™ and S3, which introduced 
this innovative eSIM feature in 2015 resp. 2016, 
were only offered only regionally in Asia and US 
due to this lacking global Telco infrastructure at 
that time.  The future-oriented contactless (induc-
tive) charging was introduced from the very begin-
ning for the Apple Watch 1 released in April 2015. 
It was taken over later in that year by Samsung for 
their Galaxy S2™ watch and in the following years 
- in form of the standardized Qi charging - for their 
Galaxy Watch™ series. In 2015, the manufacturer 
LG introduced its connected Urbane™ smartwatch, 
which was on an equal footing with the Samsung 
and Apple product offering of that time. The LG Ur-

bane™ utilized Google’s dedicated Wear™ operati-
on system for smartwatches and the Google Play™  
ecosystem. But, the LG watch technology was not 
further elaborated towards eSIMs and contactless 
charging; consequently LG left the smartwatch 
market in 2016. In contrast, the Chinese manufac-

turer Huawei carefully noticed the features desi-
red by the market for connected smartwatches. 
The manufacturer elaborated its original “Huawei 
Watch” model from 2015 in spring 2017 by a 3G 
cellular radio, equipped with a nano SIM card, the 
“Huawei Watch 2”. In 2018, the nano SIM card was 
replaced with an eSIM. The latest model “Huawei 
Watch 3” of 2021 now also features contactless, 
inductive charging. Due to geopolitical trends, it 
is the first Chinese smartwatch with an own ope-
rating system, Harmony OS, and a corresponding 
eco-system: Huawei App Gallery™.

In fall 2018, with the Apple Watch 4, the first con-
nected smartwatch with a 1-channel-ECG was in-
troduced, cleared by the regulatory bodies around 
the world as a regulated medical product for de-
tecting atrial fibrillation. The Apple smartwatch 
also featured an automatic fall detection with 
automatic alerting via 3G/LTE, a feature, which we 
had already introduced in our initial assistance app 
for the Gear S™ in 2015. Samsung followed this ap-
proach in 2019 with the Galaxy Watch Active 2™. 
In the course of the CoVID-19 pandemic, many 
leading smartwatches including those from Apple, 
Huawei, Polar, Samsung and Withings introduced 
in 2020 a – non-medical grade  – measurement of 
the blood oxygen saturation (SpO2) at the wrist. 
Unfortunately, such measurements still presup-
pose a rest behavior the corresponding arm, to 
which the smartwatch is attached, which makes 
this measurement rather impractical for typical 
smart-watch use on the move. 

For their latest smartwatch models, including the 
Galaxy Watch 3™, end of 2020 Samsung got clea-
rance for cuffless blood pressure measurement at 
the wrist. In principle, this feature will be of very 
high importance, because all three basic vital pa-
rameters: pulse rate, blood oxygen saturation and 
blood pressure then would be available for a emer-
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gency analysis by an assistance system. The road 
capability of blood pressure measurement at the 
wrist has to be judged by a calibration free perfor-
mance of this measurement. With regard to this 
aspect, Samsung still cannot really convince. Their 
smartwatch measurement presupposes a regular 
monthly calibration process with a standard cali-
brated cuff device. This process must be exclusive-
ly performed with the Samsung Health Monitor™ 
app running on a Samsung smartphone. Moreo-
ver, trustworthy measurements additionally requi-
re a prior rest period of 5 minutes taken in a sitting 
body position.  

6.2 Smartwatches, Sensors and Acquisition of 
Training Data
Developing data mining (DM) and machine lear-
ning (ML) applications usually follows a structu-
red approach. A classical model often used is the 
CRISP-DM model. It is an iterative, recursive pro-
cess-based approach which has been successfully 

used in many data science projects. It consists of 
five phases which can be rerun several times till 
the intended application model works as expected.

The CRISP-DM model is quite elaborated and 
its main focus is on applying ML to existing data 
sources. This is similar to the KDD process ap-
proach (knowledge discovery in databases). Devel-
oping an ADL/EDL recognition application requires 
esp. understanding the source of the data which 
are needed to run such an application successfully. 
In the CRISP DM model this is part of the phases 
business understanding and data understanding. 

Based on the requirements of this application pro-
ject the CRISP DM model was therefore modi-fied 
into a model which focusses more on the data as 
such. Developing sophisticated business models 
and use cases does not stand in the focus of this 
development. Figure 16 shows the phases 1 to 5 
specifically applied to ADL/EDL recognition.

Figure 15: Comparison CRISP-DM process model (left) vs. the data-oriented process model (right) used in the article (Waldhör)
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Figure 16: Data oriented process model applied to ADL/EDL recognition (Waldhör)

The first phase mainly deals with analyzing the 
data sources. In this case the sensors are investi-
gated which are needed to fulfill the requirements 
of being able to recognize movement-based ac-
tions. The output of this phase is a description a) 
which sensors, b) which hardware/software requi-
rements with regard to real time analysis and c) 
the data features produced by the sensors inclu-
ding tolerances and limitations are needed.

The second phase is the data acquisition and pre-
paration phase. It is based on the results of the 
first phase. This ML model agnostic phase acqui-
res the data from various sources for the model 
development phase, runs acquisition experiments 
with a set of different users and devices. In parallel 
it applies data exploration, visualization and pre-

paration and creates the fundamental databases 
used for developing models.

The ML models are developed and trained and tes-
ted in the third phase. This includes checking va-
rious ML models from logistic regression towards 
sophisticated neural nets like LSTM NNs. Finally, 
this phase selects the models which will be ported 
and deployed to the smartwatch.

The fourth phase applies the model to real time 
data. Models are installed on wearable devices 
and rolled out to public usage. There is a subpha-
se which actually not shown in the model before 
which deals with implementing a hardware/soft-
ware architecture and infrastructure. Part of this 
subphase is developing an appropriate software 
architecture, testing and rolling out. More infor-
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mation on software architectures for Smartwat-
ches can be found in (Waldhör & Guttenberger, 
2017) or (Lutze & Waldhör, 2017c). This subphase 
may in real world projects be executed in parallel 
with phases 2 and 3.

The fifth phase improves the trained models by 
analyzing the data from phase three, esp. by loo-
king at those cases where ADLs/EDLs could not be 
detected or have been wrongly classified. This in-
cludes on the one hand the improving individual 
user specific model parameters and on the other 
hand tuning the overall model.

In the following only phases 2 and 3 are outlined in 
more detail in subsections 6.1.1 and 6.1.2.

6.2.1 Data Acquisition and Preparation

In a first step of phase 2 a sensor data gathering 
app was developed. The wearers of smartwatches 
with this app installed performed ADLs and EDLs 
like tumbling, drinking, brushing, combing, sha-
ving, washing etc. In the start we collected about 
1000 different instances of those activities (Table 
1). This initial data collection was extended during 
the project to about 3000 instances. In order to 
simulate the behavior of elderly a special suite was 
used (Full 2019). The app reads the sensor data for 
about 10 seconds and stores them locally in a CSV 
file. The local data are then transferred to work-
station PCs where the training of the ML models 
(phase 3) is performed. The data were collected 
using Tizen based smartwatches (Samsung Gear 
S), partially also with a Sony watch and a Samsung 
Gear Live both using an Android Wear OS. Data 
gathering experiments were run with different set 
of users of various ages.

The collected sensor data were prepared and adap-
ted, standardized using the following approach:
a) All sensor data were standardized and inter-

polated into a fixed time interval (20 milli-se-
conds). In addition, some filters were applied, 
e.g., a high/low pass filter or the data transfor-
med using FFT. The details of this procedure 
depended on the ML model applied.

b) Missing values due to read errors from the 
smartwatch were removed or optionally reco-
ded.

c) A core set of 39 statistical attributes (mean, 
standard deviation, minimum, maximum, in-
ter quartile, zero passage) were computed for 
each ADL. In most cases the sensors produced 
three different values, one for the x, y and z 
axes. Dependent variable was ADL type (Acti-
vity), independent variables the 39 statistical 
attributes.

d) In order to keep the data balanced with regard 
to the number of different ADLs/EDLs noising 
techniques were used to extend the original 
data (Full, 2019). This was an optional step.

e) If a time series model was used the raw data 
were used from step a) (Freise et al., 2020)

f). For each ADL/EDL collected a data record was 
written into a new CSV summary file together 
with the information which type of ADL/EDL 
was performed and the user who was wearing 
the watch. This resulted in several ADL sum-
mary files depending on the hypothesis to be 
proven. This type of data modelling is referred 
further as characteristic feature model (CFM) 

as it does not directly create ML models on the 
raw data. In later steps, e.g., for testing diffe-
rent ML models ADLs/EDLs were further divi-
ded in groups like tumble/non-tumbles depen-
ding on the intention of the analysis.
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Table 4: Distribution of frequencies of collected ADLs/EDLs. For 
the tumbling analysis ADLs all non-tumbling ADLs/EDLs (drink-
ing, brushing, combing, washing, shaving, walking…) were map-

ped into Other ADLs. Adapted from (Lutze & Waldhör, 2016)

6.2.2 Data Modelling and Evaluation

In this phase 3 several different data mining and 
machine learning techniques were applied. Sys-
tems used are Rapid Miner® analytics, Tensorflow 
and Python. In the following we present the mo-
dels and results derived from the different experi-
ments and tests run.

Experiment 1: ADL drinking detection

The following is based on Baldauf (2015) and 
Waldhör & Baldauf (2015). The goal was to explo-
re if drinking can be recognized with a smartwatch. 
Dehydration because of insufficient fluid in-take 
of elderly people is a common problem which is 
mainly caused by the diminishing sensation of 
thirst at higher age. This can evoke subtle lethargy, 
weakness, irritability, phantasmagorias and lack of 
concentration enhancing domestic accidents, e.g., 
tumbles.

For this experiment three different smartwatches 
were used: Samsung Gear Live, Samsung Gear S 
and a Sony Smartwatch 3. The sensor data were 
modelled using the characteristic feature model 

(CFM) approach explained. Two ML models were 
tested: A logistic regression model and a neural 
net model. Both models were implemented in Ra-
pid Miner. It turned out that both models operate 
nearly at the same level, with a slight advantage 
for the neural net (Baldauf, 2015).

A real time recognition was implemented and eva-
luated based on the logistic regression model. The 
logistic model was chosen as it was less resource 
intensive compared to the neural net model. The 
user was wearing the smart watch and during this 
time he or she performed some drinking ADLs 
and other ADLs. The overall performance in real 
live was quite impressive. About 16% of the non-
drinking ADLs were classified as drinking ADLs. Alt-
hough this might look as a relative high percentage 
one has to keep in mind that the intention of this 
ADL detection was to motivate elderly to ingest 
water. Taking this into account this level of wrong 
classification was acceptable.

As a summary of this first set of experiments it 
could be shown that based on the characteristic 
feature model (CFM) the approach showed great 
potential and that it can be extended to further 
ADLs and EDLs. The recognition rates achieved a 
performance which would allow the models to be 
applied to the real world.

Experiment 2: Extending the model to tumble re-

cognition

Based on the experiences of the first experiment 
“drinking recognition” the experiments were ex-
tended into further directions:

a) Additional ADLs/EDLs were added, esp. the de-
tection of tumbles came into the focus of re-
search. Also, hygienic activities like tooth brus-
hing and hand washing were recorded as there 
are some indications that dementia goes along 
with reduced hygienic activities.

ADL/EDL No. Cases
Other ADLs 
(non-
tumble)

Comb 39
Drink 105
Eat 13
Other 205
Shave 132
Tooth 378
Tumble 66
Wash 63
Sum 1001 935
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b) The number of ML models from logistic regres-
sion and neural networks should be increased 
in order to find the best models. This is quite 
important. When applying the model to the 
real world one has only limited resources avai-
lable on a smartwatch (memory, battery, etc.). 
While running ML models on a PC (or even a 
mobile phone) could be successful the same 
model may fail due to memory and battery re-
sources on a smartwatch.

c) A key question is if the trained ML models are 
independent from a specific user or not. This 
has massive consequences on the training of 
the data. If the models depend on user this re-
quires running training models for each user. 
This brings in some overhead, problems with 
collecting sufficient ADLs/EDLs per user and 
requires additional time for model training for 
each user. More serious this requires training 
tumbles with elderly which obviously is inhe-
rently dangerous and was not feasible.

The following results are taken from (Lutze & 
Waldhör, 2016). Answering b) was done with train-
ing nine different well-established data mining mo-
dels: a) neural network with one layer, b) logistic 
regression, c) linear discriminant analysis, cluste-
ring, d) k-NN Means, e) support vector machine, f) 
Naïve Bayes, g) decision tree, h) random forest and 
i) rule induction. The ML models used the data of 
the characteristic feature model (CFM). All expe-
riments were run using cross validation. The data 
were split up into two sets, a training set consisting 
of 66% of all cases, the test set containing the re-
maining 33% cases. The resulting ML models were 
divided into three different groups. The ML groups 
were created based on their recall and precision 
values. The first – best - group contains neural nets, 
logistic regression and linear discriminant analysis 
(LDA). All three best models yielded very similar 
recall and precision results, differences between 

them are only minor. This result is in line with ot-
her analysis found before for other ADLs and EDLs 
analysis (Lutze & Waldhör, 2017b). More details 
for all models can be found in (Lutze & Waldhör, 
2016).

The necessity of user specific ML model was ana-
lyzed in (Lutze & Waldhör, 2017b). In a modified 
experiment a neural net with four different ADLs/
EDLs (drinking, tumbling, tooth brushing and all 
other ADls/EDLs) was trained with 2375 different 
data records It could be shown that the recogniti-
on rates are significantly higher if the specific user 
data are part of the training set. Anyway, tumbles 
were detected perfectly both for totally unknown 
and know users. A core model trained with all exis-
ting data sets enhanced with individual training 
data and retrained models seems to be optimal. 
This may not require to retrain the core model 
every time, here incremental model training tech-
niques could be used.

Experiment 3: Balancing data, artificial data en-

hancements and feature reduction 

In (Dobrenziki et al., 2017) tumble models whe-
re trained by simulating different types of falls in 
climbing halls in order to minimize risks of severe 
injuries. The disadvantage was, that all involved 
person were relatively young, thus the generaliza-
tion for elderly may be doubtful. The data set was 
also enhanced by adding long term activities which 
did not contain tumbles. False/positives were used 
to retrain the neural net models. Recognition rates 
above 96% could be achieved with the best mo-
dels.

In (Full & Dobrenziki, 2018) the recorded data sets 
were enhanced by applying specific techniques of 
long-term recordings up to 105.000 records and 
adding additional ADLs/EDLs. They also identified 
false/positives and reused the misclassified cases 
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in additional training rounds. In addition, further 
data preparation and cleaning steps were applied 
as well as further models have been checked for 
suitability. Both training and test set showed simi-
lar prediction rates above 90%. In their case 164 
features were used compared to 39 features in the 
previous experiments. In a further step an analy-
sis was made which of the 164 features could be 
removed to increase performance without a loss 
in recognition rates. The features focused here are 
FFT transforms of the time series-based sensor 
data. The analysis resulted in a subset of about 100 
features. This leads to a slightly better recognition 
rates as well resulted in a faster training time. As 
tumbles were underrepresented in the dataset, 
they applied artificial data enhancement techni-
ques. They could show improvements on the re-
cognition rates for tumbles by using random noi-
se and jitter data enhancement methods without 
running into overfitting issues.

Tumbles could be identified at a very good rate. 
The main problems are still false/positives (F/P) on 
all other activities. Even an F/P rate of 1 per 1000 
can result in unacceptable false alarm rate. This 
depends how the ADLs/EDL recognition is perfor-
med. If a smart watch check runs every second and 
uses a F/P rate of 1/1000 it would result in about 
3 false alarms per hour. Clearly this is not accepta-
ble. While this does not really is a problem for fal-
se alarms in the drinking case it is a problem with 
tumbles. For a further discussion on this topic see 
(Lutze & Waldhör, 2016a).

Based on these previous results, Full (2019) over-
came the problem, that elderly may tumble in dif-
ferent ways than younger people do, by simulating 
falls with a special suite to imitate elderly move-
ments. This suit allows the simulation of degenera-
tion and the behavior of elderly by using weights, 
special shoes, special glasses and other impair-

ments. Various activities and falls have been recor-
ded with different test persons of various mid ages 
wearing the suite. In order to scale up the num-
ber of activities to gain a more even distribution, 
a noising approach was used to equal the number 
of data records of tumbles and none-tumbles. He 
could achieve very good recognition rates both for 
drinking and tumbling in the area of 99,9 %.

Experiment 4: LMST Neural networks – time se-

ries-based recognition of ADLs/EDLs

The models so far work with the characteristic fea-
ture model (CFM). This requires that a pipe line 
of data transformations is run for each data set. A 
problem was that the original time series data sets 
did not contain equidistant time samples, but the 
time differed for each measure.

In Freise et al. (2020) LSTM (Long Short-Term Me-
mory neural networks (Hochreiter & Schmidhuber 
1997) were used to model the ADLs/EDLs directly 
on the time series data. In a first check several in-
terpolations were applied to the data transforming 
the data into 20ms, 50ms etc. frames. Interestingly 
it could be shown that this has no influence on the 
recognition quality, thus the original values could 
be used form ML modelling. LSTM seem to be very 
tolerant with regard to unequal time intervals. 
Windowing was applied with different window si-
zes and overlapping.

Based on this different LSTM models were tested: 
Standard LSTM, CNN-LSTM and Conv-LSTM. CNN-
LSTM came up with the best results. The model 
itself was applied to the test users in the data sets. 
Recognition rates varied between users, but CNN-
LSTM was always above 97 %. Using an inception 
time model (Huber, 2020) a slight improvement of 
the recognition rates to 99 % could be achieved. It 
also could be shown that window sizes have minor 
influence on the quality of the models.
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Overall, this experiment showed that using LSTM 
based models are attractive alternative to the mo-
dels used in the three other experiments. Which 
one to use in a final implementation depends on 
the available resources. Here further test has to be 
done.

Summary of the four experimental series

Overall, it could be demonstrated that ML models 
can be successfully used to detect ADLs/EDLs. Re-
cognition rates are well above 95 %, depending on 
the model above 99 %. For some results see table 
5. A key success factor is the data gathering pro-
cess. Also, it could be demonstrated that the mo-
dels are user ignorant, this must be proven by fur-
ther experiments with more users and additional 
ADLs/EDLs. One problem remains is that nowadays 
smartwatches are limited mainly through their 
battery capacities. Running ML models for recog-
nition is a computing intensive process which con-
sumes a lot of energy. Maybe this problem could 
be mitigated once special AI chips are integrated 
into smartwatches. Till that the best architectu-
ral approach seems to be mixing data gathering 
on the smartwatch and running the recognition 
either on a smartphone or a cloud-based system. 
An example architecture is described in Waldhör, 
K., & Guttenberger, M. (2017). Further one could 
distinguish between live relevant evens (tumbling) 
and other events (drinking, tooth brushing). Live 
relevant events are detected on the smart watch, 
others on accompanying devices.

6.3 Health Hazard Management
As soon as ADLs, EDLs have been recognized with 
the technologies described above in subsection 
6.1, these ADLs, EDLs need to be interpreted in 
the scope of potential health hazards for the user 
of the assistance system. Even if specific ADLs do 
not occur, e.g., liquid ingestion/drinking, this has 

to be accounted too. As soon as a health hazard 
has been concluded by the assistance app running 
on the smartwatch, a handling procedure should 
be started for this health hazard. The handling 
procedure typically includes a structured dialogue 
with the user of the smartwatch, in order to verify 
the actual presence of the health hazard first, and 
then will initiate the appropriate actions, see sub-
section 6.4. Unfortunately, the assistance system 
has to monitor a number of health hazards simul-
taneously. These hazards include falls, insufficient 
drinking, abnormal vital data with respect to the 
current physical activities, runaway situations, 
insufficient sleep, etc.. Obviously, these hazards 
require different prioritization in their handling 
(see Lutze & Waldhör, 2017c, Table 1, for details). 
Health hazards with higher severity, e.g., a fall, 
require a more urgent handling than others with 
lower severity, e.g., insufficient drinking. If several 
health hazards are monitored simultaneously, the 
assistance system has to cope with the following 
potential situations: i) two health hazards of the 
same severity are concluded at the same time, ii) 
during the handling of a health hazard with lower 
severity a health hazard with higher severity is con-
cluded, which in principle would require privileged 
handling for the later one. We have solved such 
situations by strictly separating the conclusion of 
health hazards on one hand from a priority-based  

Table 5: Results of the ML models from experiments 1 and 3 for 
ADLs/EDLs drinking ad tumbling (Waldhör)

Drinking Recognition Measure Value
Sensitivity 0,982
Specificity 0,923
Accuracy 0,970

Sensitivity 0,975
Specificity 0,949
Accuracy 0,970

Sensitivity 0,968
Specificity 0,838
Accuracy 0,876

Tumble Recognition  
Sensitivity 0,960
Specificity 0,999
Accuracy 0,998

Logistic Regression 
Waldhör, Baldauf (2015)

Neural net  
Waldhör, Baldauf (2015)

Logistic Regression with real time recogni-    
tion 

Baldauf (2015)

Neural Net 
Dobrenziki A, Full F, Schwesig M (2017) 
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scheduling, selection and execution of structured 
handlings dialogues on the other hand (Lutze & 
Waldhör, 2017c, section 4.3). The execution of a 
structured handling dialogue with the user is per-
formed in an uninterruptable, always complete 
way as a critical dialogue section (CDS) (see Lutze 
& Waldhör, 2017c for a motivation and the details 
of this concept). This stringent approach is feasible 
because an individual handling dialogue takes at 
most only a very few minutes. And, of course, the 
user has always the possibility to cancel a situatio-
nally unwanted, ongoing dialogue initiated by the 
assistance system by performing a “shut up” gestu-
re or voice command (see following subsection).  

The health hazard conclusion process stems on 
volatile, empiric knowledge and thus should be re-
presented in a declarative form for cost effective 
maintenance of this knowledge. We use UML fi-
nite state machines for modelling this conclusion 
process, one state machine per health hazard (Lut-
ze & Waldhör, 2015). On one hand, this allows to 
model each health hazard conclusion separately, 

which from our perspective is the decisive argu-
ment for doing so. On the other hand, it burdens 
the load of a simultaneous execution of all state 
machines to the smartwatch app.

Within such an UML state machine, selected states 
represent stereotypes of health hazards (e.g., the 
state “insufficient_drinking” in fig. 17). These 
states have an attached priority, indicating the se-
verity of the concluded health hazard. When the 
machine reaches such a selected state as its cur-
rent state, the health hazard is concluded and the 
handling dialogue described in subsection 6.4 is 
initiated. The state transitions of the machine are 
performed, if either i) a real time period, for which 
the state machine has been in its current state, has 
expired (e.g., the “thirst-tmr” in fig. 17), or ii) an 
ADL, EDL has been recognized (e.g., the ADL “drin-
king” in fig. 17). After the execution of the handling 
dialogue, the state machine typically returns to its 
ini-tial state (e.g., state “normal_health” in fig. 17). 
Note: figure 17 depicts a simplified model only for 
explanatory purposes, which does not consider 

Figure 17: UML state machine for concluding the health hazard „insufficient drinking“ (Lutze)
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the varying liquid consumption of the smartwatch 
wearer due to different ambient temperatures and 
the amount of physical activity.

6.4 Smartwatch Based Dialogue Management
The execution of dialogues between an ambient 
assistance system running at a smartwatch app 
and the user wearing the smartwatch is governed 
by the following requirements: 

• The dialogue has to take into account also the 
situation that the user may not respond to the 
questions posed by the assistance system. For 
severe concluded health hazards, e.g., a fall, 
the necessary health hazard handling process 
must be completed especially in such a situati-
on. The fallen user might not be conscious and 
capable to react anymore. We have developed 
the CDS behavioral pattern for a model-based 
dialogue, ensuring always a complete dialogue 
design (fig. 3, see Lutze & Waldhör, 2017c, sec-
tion 4.4, for the details of the concept).

• The situational setting of the dialogue initiated 
by the assistance system has to be appropriate 
from the user’s perspective. “Appropriateness” 
clearly is an individual estimation of the user. 
For acquiring this information and determining 
the situational setting, we have decided to use 
machine learning, specifically reinforcement 
learning (Sutton & Barto, 2018). This learning 
will result in an individual adaption of the app 
behavior when entering dialogues with the 
smartwatch wearer will be most likely accep-
ted. (Lutze & Waldhör, 2020). 

The CDS behavioral pattern (fig. 18 for a depiction 
as a UML activity diagram) is composed of the fol-
lowing six consecutive steps:

1. [Inform] informing the user about the conclu-
ded acute hazard (“pre-alerting”) and explain-
ing, why the assistance app has concluded 

(and is assuming) the presence of the hazar-
dous situation,

2. [Propose Decision] asking the user for a (unila-
teral or bilateral) decision: if the HECC shall be 
called (alerted) or if everything is OK (and no 
data transmission and speech connection shall 
take place),

3. [Wait] waiting for a reaction from the user. 
Within this period (about 30 seconds) the user 
needs to perceive the information presented 
to him and to make up his mind about the ap-
propriate reaction in the current situation,

4. [Confirm] confirming the immediate conse-
quences of a decision taken the user resp. in-
di-cating the immediate consequences of an 
omitted decision, if not obvious,    

5. [Transmit] transmitting relevant location and 
health data to a HECC, if this is situationally ap-
propriate and the user has indicated his con-
sent with this step or does not respond at all in 
the assumed hazardous situation. 

6. [Clarify] placing a clarification call via the cellu-
lar phone integrated in the smartwatch, if this 
is situationally appropriate and the user has in-
dicated his consent with this step or does not 
respond at all in the assumed hazardous situ-
ation. The prior transmitted data will be typi-
cally presented to the responding agent in the 
HECC and will help to understand the user’s 
momentary situation on the spot. 
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Figure 18: CDS behavioral pattern for a systematic dialog 
with the smartwatch user (UML activity diagram), (Lutze)  

In implementing the reinforcement learning ap-
proach, first of all a new unobtrusive (“shut up”) 
gesture had to be added to the smartwatch reper-
toire of recognized gestures: slapping the opposite 
hand on the wrist where the smartwatch is worn 
in order to stop a situationally unwanted app-ini-
tiated dialogue. Alternatively, a spoken command 
could be implemented (“not now”). Clearly, the 
execution of this shut up gesture resp. command 
indicates a negative reward to the learning algo-
rithm. The immediate interrupt of an initiated CDS 
is the maximum negative reward. The complete 
execution of such a CDS (and cooperative partici-
pation of the smartwatch wearer) is the maximum 
positive reward to the algorithm. The learning al-
gorithm initially has to learn from examples (Rus-
sell & Norwig, 2016, chapter 18), when a health 
hazard handling dialogue has been allowed by the 
wearer in the past, and when not. To do so, poten-
tial situational parameters within the smartwatch’s 
sensorial horizon must be collected, which were 
present at the moment of allowance, interruption 
or denial of the dialogue. These situational para-
meters include the current geographic location of 
the smartwatch wearer, his/her movement speed, 
the time and day of the week. The sum of these pa-

Figure 19: Connected Ambient Assistance App for Samsung Gear S™ (Lutze)
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rameter values, the situational setting, is supposed 
to determine the acceptance of the dialogue in a 
specific situation. Although, the event of allowing, 
interrupting or denying a health hazard handling 
dialogue will typically occur only infrequentlyin 
everyday life of the smartwatch user. A second es-
sential requirement for the learning algorithm the-
refore is to generalize the experienced event and 
to transfer and apply it to comparable situations, 
when the same behavior of the algorithm will be 
probably expected from the user’s point of view. 
The details and limitations of the learning algo-
rithm are present-ed in (Lutze & Waldhör, 2020, 
sections 3.2 to 3.4).

7 The Future of Ambient Assistance
Today, connected ambient assistance systems can 
provide assistance primarily on the physiological 
level. They can recognize and react on falls, insuffi-
cient drinking, abnormal sleeps, insufficient or ex-
cessive movement, or significantly deviating heart 
rates with respect to the current physical activities. 
But, the ambient assistance for cognitive activities 
still is at an embryonic state. Providing static ad-
vices to a user is the current best-of-breed. This 
includes, for example, remembrances of birthdays 
for relatives, hints for the daily schedule or an up-
coming medication intake faded into the mirror of 
the bathroom when getting ready in the morning. 
But these aids are not really context-sensitive in 
that they deliver specific cognitive support in re-
action to the current happenings in the environ-
ment. (The only exception are mobile phones and 
smartwatches providing spatial orientation during 
trips based on the current location of the user de-
termined by GPS.)   

7.1 Cognitive Assistance 
The requirements for cognitive assistance are very 
clear: to alleviate the effects of age-related forget-

fulness and mix-ups. Compensating forgetfulness 
is even hard to solve algorithmically. Detecting, 
preventing or correcting unintentional mix-ups is 
even more difficult to be tackled in an algorithmic 
way, because it requires to understand the origi-
nal intention of the user. So, we focus on forgetful-
ness. A characteristic example of age-related for-
getfulness is the situation when seeing or meeting 
a known person, but the name of the person is not 
present at the moment. The saying claims that the 
corresponding name is on the “tip of the tongue”, 
but it not as present to be spoken.

Figure 20: AR Glasses User – Symbolic Image (Lutze)

Apart from spatial orientation, the precondition 
for an effective ambient cognitive assistant will be 
an image sensor, so that the assistance system can 
visually analyze the current surrounding at eye’s 
level. The best position for such a sensor would be 
glasses, eventually also a necklace.
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7.1.1 The Google Glass Lesson

Google Glass (see fig. 20 and fig. 21) was a break-
through prototypical optical head-mounted, light-
weight (36 gr) display designed in the shape of a 
pair of glasses and marketed from 2013 to 2015. 
It was equipped with a 5 MP camera capable also 
to record 720p HD video, a microphone for audio 
input and a bone conduction transducer for acous-
tic output. The prism projector had a resolution 
of 640 x 360 pixels and was also compatible with 
prescribed focal lens. (This visually appears in the 
right glass as a 25-inch display seen in a distance 
of 2.5 m.) The programable device, operating with 
the Glass™ OS, featured a dual core ARM proces-
sor running at 733 MHz with 2GB dynamic and 
16 GB static storage. All typical wearable sensors 
were on board, the connectivity was with Wifi 
and Bluetooth. The device was stuffed with a 570 

mAh lithium-ion rechargeable battery. The inter-
action with the device was done via an integrated 
touchpad, but also via gestures and spoken natu-
ral language command. Ac remarkable cognitive 
assistant, Gabriel, has been built for Google glass 
by (Ha & Chen & Hu, 2014). Originally started as a 
ubiquitous computing device, Google has started 
reselling a moderately improved “Google Glass En-
terprise Edition 2” device from 2020 and primarily 
dedicated for applications in Logistics and other 
industrial or medical branches.

The experiments with the Google prototype have 
shown three major outcomes: 

1. The computational power of present weara-
bles is not sufficient at all, in order to achieve 
the maximum latency expected by the user for 
image analysis results of about 500 msec. Only 
by utilizing an edge computing infrastructure, 

Figure 21: Google Glass schematics (Lutze)
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this upper latency boundary can be met. Edge 
computing is defined by (Shi & Cao & Zang, 
2016) as “technologies allowing computations 
at the edge of the network, on downstream 
data on behalf of cloud services and on upstre-
am data on behalf of IOT services”. The basis 
of edge computing is a three-tier computing 
model (Shi & Pallis & Xu, 2019). IoT devices, 
wearables, span the first tier, servers with rich 
computational resources and located in the 
network neighborhood of the first-tier devi-
ces span the second tier (denominated edge 
or cloudlets), and central cloud services with 
practically unlimited computational power and 
resources, e.g., Amazon AWS, span the third 
tier. The Gabriel experiment has demonstra-
ted in detail that only by offloading the image 
analysis and speech understanding tasks from 
the glass device to the edge tier, the admissible 
maximal latency can be met. The edge compu-
ting servers typically utilize deep neuronal net-
works (DNNs) for their analysis resp. recogni-
tion task. In (Chen & Ran, 2019), the different 
application areas, types and results of DNNs 
for edge computing are reviewed. Their scope 
includes image analysis for face, object recog-
nition, action inference, and natural language 
understanding as well as training of the DNNs.

2. The battery runtime of the Google Glass device 
with less than 2 hours (Ha & Chen & Hu, 2014) 
was far away from practical requirements de-
manding at least a full work day usage.

3. Glass devices constitute not only a very diffi-
cult technical challenge, but also with respect 
to societal acceptance and privacy. Closer ana-
lysis of the Google Glass failure (Kim, 2018) 
turns out that it was primarily the perceived 
wrongness of gesture in the social interaction 
while using Google Glass, which led to the pro-
duct fail. A potential health related utilization 

of a future glass product was estimated a po-
tential, socially accepted application scenario 
by the people interviewed and literature ana-
lyzed by Kim. This assessment is also boosted, 
e.g., by the social acceptance of the ORCAM™ 
camera mounted to a side piece of spectacles. 
Via its front camera and built-in artificial intelli-
gence technology, the device recognizes texts, 
streets signs and money and describes them 
acoustically via earphones for visually impai-
red people (Klein, 2020, section 2.4.3). From 
the ethical perspective, the utilization of the 
technology seems to be defensible. If the cor-
responding image analysis is only used for lear-
ning, remembering, and identifying persons 
with whom the user has gotten into personal 
contact, and additionally this information will 
be strictly confined to local use within the as-
sistance system, the potential abuse of this 
sensitive information seems to be very limited. 
The potential abuse risks have to be balanced 
against the chances of a user to participate in 
the social and societal discussion at eye’s level 
via the device, in that he/she is able to address 
a person in the expected way by her individual 
name. This ability to participate in the social 
communication as long as possible cannot be 
overestimated in their individual importan-
ce for affected persons, for example suffering 
from cognitive MCI (Peterson, 1997).

The situation for hardware devices as a volume 
market suitable basis of cognitive assistance has 
not changed substantially since 2015. Apple is only 
rumored to offer augmented reality glasses by the 
mid of this decade. Already presented recent pro-
totypes like Snap AR Spectacles are plagued by a 
bulky design, a shortage of battery runtime and a 
limited visibility in bright sunlight. Still a lot of very 
substantial hardware issues have to be solved be-
fore the hardware basis for a cognitive software  
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assistant will be available. Only the expectation has 
broadened since 2015, that AR glasses will be the 
“next big thing” in mobile devices. It has become 
evident, too, that AR glasses will not be a self-suf-
ficient product.   

7.1.2 Edge Computing

From the described Google Glass experiments it is 
clear that at least the acquisition of the necessary 
data for cognitive assistance will be only possible 
via powerful external computational resources, 
even if those data later will be used only locally 
within the assistance system.  For security and pri-
vacy policy enforcement with respect to the very 
sensitive nature of the images and conversation 
speech to be analyzed, the use of edge computing 
resources against central cloud services has decisi-
ve advantages (Satyanarayanan 2017, Shi & Pallis 
& Xu, 2019). Another strong argument in favor of 
edge computing is sustainability due to the redu-
ced energy required for edge computing versus 
cloud computing. 

To illustrate the significance of privacy for a cog-
nitive assistant equipped with image and sound 
sensor (camera and microphone), let us recall the 
typical algorithmic steps for assisting against for-
getfulness:  

• The assistant is regularly monitoring the beha-
vior of the user, if a conversation with another 
person takes place. For identifying such con-
versations and the presence of a conversation 
partner, the local image, movement, and posi-
tion sensors of the assistant will be used. 

• The captured images of a present conversation 
partner and the user speech will be sent to a 
connected edge computing server for further 
analysis. The edge computing server will iden-
tify a conversation partner via DNNs, if the face 
of this conversation partner has been learned 
by the DNN resp. is known from prior conver-
sations.   

• The user will be provided with the name of the 
current, previously met conversation partner 
in an unobtrusive way. The information may 

Figure 22: Edge Computing Schematics (Lutze)
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be provided visually on an augmented rea-
lity (AR) display of the glasses or acoustically 
via a headset resp. hearing aid. (Ha & Chen & 
Hu, 2014) propose to amend the information 
with an action advice of what to do next, e.g., 
shaking hands. This is the core functionality of 
their cognitive assistant Gabriel. 

• We propose that the assistant will amend the 
provided information by the date, time and 
location of the last conversation. If more in-
formation is at hand, e.g., the conversation 
partner celebrates his/her birthday on the spe-
cific day of the reunion, this information will 
be provided too. In the long term, when the 
speech understanding on the edge servers has 
elaborated, it will be desirable if the topic of 
user’s last conversation with the present dia-
logue partner can be automatically captured, 
summarized and stored by the assistant sys-
tem. The sum of this provided information will 
be very viable background information for de-
signing the conversation with the current dia-
log partner. 

• If a prior conversation partner cannot be re-
cognized within the images delivered to the 
edge server, it will be necessary to extract and 
learn the appearance (face) of this person 
from the images and the name of the person 
from speech understanding. This necessary, 
resource demanding DNN training process is 
one strong additional argument in favor of ex-
ternal computing resources, cloudlets. The ne-
cessary computational resources for this DNN 
training can be never afforded on IoT/weara-
ble devices. The metadata of the conversation, 
name of person, date, time and location of the 
dialog will be locally stored within the cogni-
tive assistance systems. The assistance system 
updates and amends its local data base about 
the new conversation. 

To sum up, the computation of cognitive assistan-
ce builds on the availability of extremely suscep-
tible person related information: face recognition 
and names of friends, dates, times and locations 
of meetings with them, maybe even the topics of 
the conversations. Strictly local processing of such 
information is not feasible for the foreseeable fu-
ture, central cloud services are not acceptable for 
security/privacy, latency, and energy aspects. A 
standardized edge computing infrastructure is still 
to be established during the next years.    

8. Conclusions
Within the last decade, the performance and ver-
satility of connected ambient assistance systems 
have been significantly enhanced. With inactivi-
ty analysis or sensitive floor, the reaction time of 
the assistant systems to health hazards could be 
substantially reduced against the traditional home 
emergency call systems. Less reaction resp. inter-
vention time in this sector means much better 
changes for the reduction of the longterm con-
sequences of accidents in the home or suddenly 
emerged illnesses.

Wearable assistance systems, especially smart-
watches, have extended the reach of assistance 
systems. The spatial reach of assistance could be 
extended beyond the familiar home to all loca-
tions, where cellular connectivity is available. The 
functional reach of assistance could be expanded 
to a constant monitoring of physiological import-
ant activities like regular liquid ingestion (drinking) 
and vital parameters like an adequate heart rate. 

For the future, (home) robots more and more will 
grow their performance to a proactive, autono-
mously operating agent in the home and in statio-
nary care. 

Ambient cognitive assistance will remain a great 
dream for the next couple of years. At least, as  
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long as substantial performance improvements 
for augmented glass devices and the availability 
of standardized edge infrastructure will become a 
reality.

Nevertheless, in the meantime, a regular sequen-
ce of valuable improvements in the robots and 
wearable sector is to be expected. For example, 
a cuffless, calibration-free measurement of blood 
pressure at the wrist would complete the most im-
portant three vital parameters: heart rate, blood 
pressure and atrial blood oxygen saturation (SpO2) 
for a mobile emergency diagnosis.    
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