
  

  

Abstract— In this paper, the development of a prototypal 
wearable sensor, suitable for home monitoring purposes, is 
described. The sensor analyzes the data stream coming from 
a MEMS tri-axial accelerometer to infer fall occurrences and 
to evaluate the gait quality. Data processing is carried out 
locally, to limit energy-demanding radio transmission. Smart 
algorithms have been implemented to extract, from a single 
MEMS, information concerning both the acceleration and 
orientation of the worn device. By combining such data, 
reliable detection can be obtained, avoiding false alarms.  
Evolution toward more compact and energy-efficient devices 
is foresee, by implementing monolithic motion detection 
chips.    

I. INTRODUCTION 

opulation ageing [1] is among the most demanding 
global challenges the world is facing. On the one hand, 
the increase in life expectancy is a brilliant success of 

science and medicine; on the other hand, it has (and will 
mostly have) a deep and problematic impact on many 
social and economical issues. The decrease of the ratio 
between “active” younger population and older retirees, 
not only threatens social security programs, but also makes 
more difficult to provide older persons with effective care. 
In fact, very often some (maybe minor) illnesses or 
diseases are associated to ageing, which may limit or 
compromise independency and self-sufficiency of older 
persons in attending daily living tasks. Lack of home care 
(either delivered by relatives or professional caregivers), in 
turn, may require to move frail elderlies to healthcare 
facilities and this calls for large expenses and may degrade 
the perceived quality of life. As older persons are 
becoming the largest fraction of the population, 
conventional home care approaches are becoming difficult 
to sustain: ICT technologies are hence expected to provide 
for innovation and support in this field too. Assistive 
Technologies are being developed to counteract sensorial, 
mobility and cognitive impairments [2]. Assistive devices 
can be deployed in the home environment, allowing older 
persons or people with disabilities to live as longer as 
possible in their home, making the home itself safer, more 
comfortable and capable of cooperating to the 
management of daily living activities. Ambient-assisted 
Living (AAL, [3]) techniques are expected, in the near 
future, to give some answers to the increasing need of 
home care. Basic features of such a system should 
necessarily include: low cost, ease of use and reliability. 
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Moreover, needs of different persons are vastly different, 
and are inherently subject to changes in time. Hence, 
versatility, expandability and system reconfigurability are 
of the utmost importance as well.    
Although effective assistive devices are being developed 
since a long time, “mainstreaming”, i.e., embedding 
assistive functionalities into standard, widely diffused 
information and communication technologies, is regarded 
as a promising strategy to match more easily the above 
requirements.   
 A system has been developed, which accounts for home 
safety and security, task automation, monitoring of home 
activities and of health parameters. The system, described 
in details elsewhere [4], is fully based on standard IP 
communication techniques and allows for low-cost 
implementation of flexible and reliable home-control 
functionalities. The system is hierarchically organized for 
reliability purposes, and inherently allows for remote 
operations, enabling telecare functionalities. It exploits a 
distributed intelligence strategy, based on a peer-to-peer 
network of intelligent sensor controllers. Information 
coming from a large number of home sensors are gathered 
together: integration and fusion of sensor data fosters 
higher reliability (by cross-checking of data from different 
sensors) and allows for inferring richer health-related 
information (e.g., by indirectly metering intensity of home 
activities). In this paper, we describe the integration into 
such a  system of wearable sensors, wireless-connected to 
the main home network, and suitable for acquiring 
information about the health and activity status of the 
persons wearing them. Additional features required in this 
case, with respect to wall-mounted environmental sensors, 
include light weight, small size and extremely low power 
consumption, to preserve battery life.  First stages of  the 
development of a wearable multi-sensor platform aimed at 
meeting such goals are described below.  

In the present prototypal version, the device is exploited 
for motion analysis, to detect possible falls and evaluate 
gait quality. Such a device can be used for 24-hr 
monitoring of unassisted persons, for measuring 
progresses of rehabilitation therapies in the home 
environment, and for evaluating functional decline due to 
aging.     

II. THE HOME CONTROL NETWORK 

As mentioned above, a powerful and versatile home 
control system has been developed, fully based on 
standard IP communication protocol and devices. The 
hierarchical structure of the system actually coincides with 
a standard home LAN, and may be shared with home data 
and entertainment applications. Through gateways, the 
connectivity of the home control system is further 
expanded: WAN gateways enable control and monitoring 
of the home environment from an arbitrarily remote 
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location and provide the basis for tele-care services.
Gateways can be deployed for including a wireless 

sensor network (WSN) into the system 
well, needed for mobile devices to communicate among 
themselves and with the supervising layer of the structure. 
Here, we shall refer to a WSN based on the IEEE
(ZigBee) standard protocol, exploited for the 
implementation of motion sensors described in the 
following.   

III.  THE WEARABLE SENSOR

Falls are among the first causes of injuries and death for 
older adults, and the fear of falls is often among the causes 
that contribute to make the home environment perceived 
as unsafe by older adults and their relatives 

Furthermore, recovering the standing position after an 
inoffensive fall may be a critical problem for an unassisted 
older person; emergency call buttons can be deployed in 
the rooms, or even worn (wireless wrist button or nec
pendant) can be used but they are ineffective if the wearer 
is unable or impeded to activate them. An automatic fall 
detector is hence more reliable, although it 
smarter devices at the user side. 

Among the risk factors of falls are abnormal
and gait [6]. Gait analysis can thus be used for prefiguring 
a possible fall, as well as for gauging the stage of some 
diseases (e.g. Parkinson) [7]. 

A sensor, capable of gait evaluation and fall detection 
has been developed, integrated into the
home system previously mentioned. 

The complete system should be light and small, in order 
to be worn daily with no significant 
placement can be exploited [8], or even multiple sen
distributed over the body [9], to provid
motion information. Aiming at an everyday use, t
the burden, we opted for a single sensor.

Reliability is a key issue: the device function is critical 
for the safety, and the device is likely to experience non 
negligible stresses while worn.  

In [10] it is reported a study to determine a threshold 
associated with a fall based on accelerometers placed at 
four different locations of the body (trunk, thigh, waist and 
wrist). The results of this study was 
sensor location was the trunk, between the chest and waist. 
Accordingly to such findings, we have chosen a 
mounted device.  

Wireless communication is mandatory
solution are needed to allow for long lifetime of light 
batteries. Power-saving strategies sho
both at the system and the circuit levels. All of these 
reasons make appealing the development of solid
miniaturized ASIC devices; a single-chip, or a single
package, implementation of the sensor would allow for 
fine tailoring of the functions and performance and
accurate power budget management
effectively design an hardwired ASIC unit for fall 
detection, we need to validate fall-detection algorithms in 
advance: to this purpose, we designed and built a 
prototype, based on more conventional implementation 
technologies. It consists of a small PCB 

care services. 
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sensor network (WSN) into the system architecture as 
well, needed for mobile devices to communicate among 
themselves and with the supervising layer of the structure. 
Here, we shall refer to a WSN based on the IEEE-802.15.4 
(ZigBee) standard protocol, exploited for the 
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effectively design an hardwired ASIC unit for fall 
detection algorithms in 

advance: to this purpose, we designed and built a first 
, based on more conventional implementation 

PCB board, which 

includes a MEMS tri-axial accelerometer
wireless transceiver [12], compliant with 
/IEEE802.15.4 standard. In order to preserve the b
life, power-hungry radio transmission should be avoided 
whenever possible. Hence, analysis of the data flow 
coming from the accelerometer should be carried out on
board, to detect the fall, limiting the radio activity to the 
actual broadcast of an alarm signal. To this purpose, we 
use the same microcontroller exploited for the 
stack management.  

The resulting device is shown in 
78 grams (with batteries) and measure
3cm: even if still to be optimized, 
being worn on the belt and therefore adapt for validation.

 

 
Fig. 1. The wearable sensor prototype.

 
Two simple algorithms have been implemen

platform. A “smart” fall detection algorithm and a gait 
quality  analyzer.  As explained later, raw acceleration 
data are not sufficient for reliable evaluations, and 
additional information is needed about the actual device 
orientation. Assessing the sensor orientation
may have required a gyroscope. However, inclu
a device would negatively impact on the overall sensor 
cost and power performance. On the other hand, relative 
assessment of the orientation 
purposes, and we may extract such an information from 
further processing acceleration data themselves. We hence 
compensated the lack of native gyroscopic information 
and used a single sensor for both purposes. In the 
following paragraphs, the orientation estimate is 
introduced and the algorithms exploiting it are presented. 

A. Sensor Orientation Evaluation

 

 
Fig. 2. Schematic  view of sensor orientation

 

 

axial accelerometer [11] and a 
, compliant with the ZigBee-
In order to preserve the battery 

hungry radio transmission should be avoided 
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coming from the accelerometer should be carried out on-
board, to detect the fall, limiting the radio activity to the 

larm signal. To this purpose, we 
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The resulting device is shown in Fig. 1; it weight about 
78 grams (with batteries) and measures  5cm  x 5cm x 

: even if still to be optimized, it is already suitable for 
being worn on the belt and therefore adapt for validation. 
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MEMS accelerometers are actually sensible to both the 
“dynamic” acceleration, directly due to the sensor 
movement, and the gravity 1g, which can be regarded as a 
“static” (i.e., invariant) component of the  acceleration.  
Static acceleration can be extracted from the sensor output 
stream by proper filtering, to provide an estimate of the 
sensor orientation. 

With reference to Fig. 2, let’s assume a coordinate 
reference system connected to the sensor and changing 
orientation between time instants t1 and t2. We can extract 
the static acceleration components At1 and At2 in both 
cases, and compute the angle θ (on the common plane)  
between the two reference systems looking at the dot 
product between At1 and At2: 
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Each acceleration is expressed by a finite precision, 12-

bit triplet of values. Hence, results may be affected by 
round errors, depending on the actual orientation. Simple 
analysis, however, lead to the relative errors  shown in 
Table I below:  

 Table I  
ValV ValM E% Valv Valm E% 
0° 0° 0 120° 118,6166° 1,15 
30° 30,0809° 0.27 135° 133,4785° 1,13 
45° 44,4583° 1,2 150° 148,9246° 0,72 
60° 59,6062° 0,66 180° 178,6480° 0,75 
90° 88,9904° 1,12 270° 269,9076° 0,03 

 
The error is limited to a 1.2% maximum, which is more 

than acceptable for the applications at hand. We hence 
implemented the angle estimation engine, to be exploited 
by the algorithms described in the following.  

B. Fall Detection Algorithm 

 
A first-order approach to fall detection could be  

looking for abrupt accelerations: the fall actually  implies 
an acceleration peak, which can be easily distinguished 
from those observed during normal activities, such as 
walking or standing. A simple threshold comparison could 
hence be used to this purpose: in [13], a 3g threshold is 
suggested. However, such a simple peak analysis does not 
ensure a reliable enough detection: the variability of such 
parameter is large, and comparable accelerations are not 
infrequent in unharmful activities, such as fast-pace 
walking, stair climbing, stumbling. Hence, to avoid false 
alarms, validation should be obtained by further analysis. 
An effective strategy may supplement the acceleration 
peak detection with a check for body tilt [13]. To 
implement such a solution, we need to evaluate the 
orientation of the sensor with respect to the upright 
position. Such a figure is a relative one, since it depends 
on the actual orientation of the worn sensor: nevertheless, 
this is sufficient for the differential measure needed to 
verify the fall and the strategy suitable for orientation 
change estimation can thus be used.  

  Whenever an acceleration peak exceeding the threshold 
is observed, a comparison between the orientation before 
and after the peak occurrence is carried out. The algorithm 
is illustrated by the flow chart below:  

 

 
 

Fig. 3. Fall detecton algorithm. 

 
In practice, current static acceleration components  are 

periodically read and their intensity is computed. When 
the intensity threshold comparator is triggered, the 
acceleration stream is averaged on a relatively long period 
(say, 1 second) to make it independent on the actual 
sampling time. Two streams are averaged: one (Apre) refers 
to the period which immediately preceding the peak 
trigger, the other (Apost) to the period which follows. The 
dot product between  pre- and post-peak average 
accelerations is then computed, to extract the actual tilt 
angle. Such an angle is compared with a suitable threshold 
(Tθ) to validate the fall inference.   

Data analysis is carried out on-board, and the 
transceiver remains in off-state until an actual fall is 
detected and an alarm signal has to be sent. 

The algorithm has been implemented in the 
microcontroller, allowing for functional tests. In Fig.4, the 
response of the sensor is illustrated; the acceleration 
intensity is reported in two different cases: first, an actual 
fall has been taken into account, and the combined two-
thresholds (acceleration and angle) approach properly 
detects the fall. Then, different situations which may 
possibly lead to sensor misbehaving have been considered, 
by running and jumping while wearing the sensor. 
Although even larger accelerations are found, the angle 
check avoids false alarms. A more comprehensive set of 
lab test has been carried out, under a wide range of 
different conditions, with positive results.  

Field test (i.e., long-running experimentation in the 
home control system pilot site ) are hence starting. Radio 
communication enables the system supervisor to issue 



 

alarm messages within 3 seconds from the fall, forwarding 
alerts to caregivers or family members through LCD 
panels, wireless PDA’s or cell phones, or over the internet.

Lab test have also allowed for estimating the actua
power consumption. At a 3.3V power supply, an average 
18.4 mW power consumption (RF transmitter off) has
been worked out. 

 

Fig. 4.  Response of the sensor. Walk and jump acceleration(a), actual 
fall acceleration(b).   

 
Assuming a battery capacity in the order of 2000 mAh, 

this yields a battery lifetime in the order of one month. If a 
better figure is needed (a six-month target lifetime, for 
instance, seems more reasonable for the application at 
hand), different implementation techno
used, as mentioned in the introduction.   

C. Gait Quality Analysis   

Although its fall-detection function is already definitely 
relevant, the device introduced so far is conceived to act as 
a platform for a wider set of services. Further functions 
can be worked out by smart processing of available data, 
and additional information can be obtained by introducing 
more sensors.    

A first example is the evaluation of gait quality, which 
can be obtained by exploiting the strategy for sensor 
orientation assessment introduced above. As introduced in 
[14], by looking at the trunk sway the actual gait quality 
can be inferred. The sway can be evaluated by sampling 
trunk angles or trunk transverse accelerations
former case, the sway assessment is 
angular velocity transducers [15], while in the latter
accelerometers are used and less accurate results are 
obtained. In this case too, however, estimating the relative 
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relevant, the device introduced so far is conceived to act as 
a platform for a wider set of services. Further functions 

worked out by smart processing of available data, 
and additional information can be obtained by introducing 

A first example is the evaluation of gait quality, which 
can be obtained by exploiting the strategy for sensor 

ent introduced above. As introduced in 
], by looking at the trunk sway the actual gait quality 

can be inferred. The sway can be evaluated by sampling 
or trunk transverse accelerations; in the 
the sway assessment is often made with 

, while in the latter 
accelerometers are used and less accurate results are 
obtained. In this case too, however, estimating the relative 

angle range is enough, and the methodology introduced 
above can still be used.  In this case
approach is used to get rid of absolute sensor positioning 
issues: sway is obtained by averaging on a suitable 
timeframe the maximum detected angle range, along the 
three available axes. Long-term monitoring of the sway 
can be useful for health-status assessment, whereas 
threshold comparison allows for detection of harmful 
staggering, which may be interpreted as a symptom of an 
incoming fall.  

In Fig. 5  the outcome of trunk sway analysis is shown: 
the plots refer to the estima
orthogonal directions. After 30 seconds standing, the 
person wearing the sensor walks normally for 1.5 minutes, 
then begins to stagger (along Y
4.5 minutes) falls. Extracted warning signals are shown.   

 

 
Fig. 5. Monitoring of trunk sway angle 

 

IV.  FURTHER DEVELOPMENTS

A monolithic version of the sensor
devices and services together with dedicated control 
circuitry is being studied. It will allow for a significant 
leap in device size and power consumption and will be 
used as the core of a multi-functional wearable platform, 
fully integrated into a monitoring and assistive home 
system. 

Further functions can be worked out by smart 
processing of available data, 
with environmental data coming from the home 
monitoring system.  Additional information can 
obtained by introducing more sensors.

For instance, the radio transceiver can be exploited for 
transferring vocal messages: a microphone can be easily 
integrated into the sensor chip to this purpose.

Another example could be the
which is useful for controlling several diseases. By 
coupling heartbeat monitoring to motion analysis, 
more accurate information can be extracted: from the one 
side,  wearable ECG devices are often based on simple 
derivation schemes; single-lead sensors
are mostly sensitive to EMG interference (i.e., noise 
coming from skeletal muscle activity). By combining 
motion and heartbeat monitoring, the risk f
misinterpretations can thus be reduc
correlation between motion and heartbeat could allow for a 
more accurate evaluation of the actual effort
status, as well as for smart detection of he
anomalies.    

 

angle range is enough, and the methodology introduced 
this case too a differential 

approach is used to get rid of absolute sensor positioning 
issues: sway is obtained by averaging on a suitable 
timeframe the maximum detected angle range, along the 

term monitoring of the sway 
status assessment, whereas 

threshold comparison allows for detection of harmful 
staggering, which may be interpreted as a symptom of an 

the outcome of trunk sway analysis is shown: 
the plots refer to the estimated sways along three 
orthogonal directions. After 30 seconds standing, the 
person wearing the sensor walks normally for 1.5 minutes, 

(along Y-axis) and eventually (at 
4.5 minutes) falls. Extracted warning signals are shown.    

 
 

Monitoring of trunk sway angle  

DEVELOPMENTS 

A monolithic version of the sensor integrates several 
together with dedicated control 

. It will allow for a significant 
r consumption and will be 

functional wearable platform, 
fully integrated into a monitoring and assistive home 

Further functions can be worked out by smart 
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dditional information can also be 

obtained by introducing more sensors. 
For instance, the radio transceiver can be exploited for 

transferring vocal messages: a microphone can be easily 
the sensor chip to this purpose.  

could be the heartbeat monitoring, 
which is useful for controlling several diseases. By 

rtbeat monitoring to motion analysis, much 
information can be extracted: from the one 

wearable ECG devices are often based on simple 
lead sensors [16,17] however, 

are mostly sensitive to EMG interference (i.e., noise 
coming from skeletal muscle activity). By combining 
motion and heartbeat monitoring, the risk for 

terpretations can thus be reduced. On the other hand, 
correlation between motion and heartbeat could allow for a 
more accurate evaluation of the actual effort or fatigue 

for smart detection of heartbeat 
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