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ABSTRACT

More than one third of community-dwelling older adults and up to 60% of nursing home res-
idents fall each year, with 10–15% of fallers sustaining a serious injury. Reliable automated
fall detection can increase confidence in people with fear of falling, promote active safe liv-
ing for older adults, and reduce complications from falls. The performance of a 2-stage fall
detection algorithm using impact magnitudes and changes in trunk angles derived from user-
based motion sensors was evaluated under laboratory conditions. Ten healthy participants
were instrumented on the front and side of the trunk with 3D accelerometers. Participants
simulated 9 fall conditions and 6 common activities of daily living. Fall conditions were sim-
ulated on a protective mattress. The experimental data set comprised 750 events (45 fall events
and 30 nonfall events per participant) that were classified by the fall detection algorithm as
either a fall or a nonfall using inputs from 3D accelerometers. Significant differences for im-
pacts recorded, trunk angle changes (p � 0.01), and detection performances (p � 0.05) were
found between fall and nonfall conditions. The proposed algorithm detected fall events dur-
ing simulated fall conditions with a success rate of 93% and a false-positive rate of 29% dur-
ing nonfall conditions. Despite a slightly superior identification performance for the ac-
celerometer located on the front of the trunk, no significant differences were found between
the two motion sensor locations. Automated detection of fall events based on user-based mo-
tion sensing and fuzzy logic shows promising results. Additional rules and optimization of
the algorithm will be needed to decrease the false-positive rate.
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INTRODUCTION

FALLS ARE A MAJOR PUBLIC HEALTH CONCERN

and one of the greatest obstacles to inde-
pendent living for older adults. More than one

third of community-dwelling older adults and
up to 60% of nursing home residents fall each
year.1 The incidence of falls rises steadily with
advancing age and gets even worse among
nursing home residents, where multiple falls



(more than 3 per year) are more frequent and
injurious.2 For older adults who live alone, be-
coming incapacitated and unable to get help
immediately after a fall is also a common ex-
perience. In a population-based study, Gurley
and colleagues3 showed that in people 65 or
older who lived alone, the annual risk of being
found helpless or dead at home by paramedics
is 3.2%. Weakness or the inability to get up and
falls were the most frequently cited precipitat-
ing causes of incapacitation among the sur-
vivors found. Nevitt and colleagues4 reported
539 falls after a 1-year prospective cohort study
on 189 ambulatory adults over 60 years of age
who had fallen once in the previous year. Fifty
percent of the fallers reported being unable to
get up without assistance in 41% of the falls.

Even though most falls have limited physi-
cal consequences and are not functionally lim-
iting,4 they can lead to a loss of confidence and
the development of a fear of falling.5 Commu-
nity-based studies of independently living
older adults have estimated that 25–50% of this
population have a fear of falling.6–9 Fear of
falling is a complex problem that can affect not
just people who have fallen but also those who
have not. It increases with age, especially for
those who have had a fall in the past, and can
also lead to other negative outcomes, such as
functional decline,10 balance deterioration,11

and decreased social contact.12

Fear of falling has generated an industry
marketing automatic alarm-and-notification
systems, commonly called personal emergency
response systems (PERS). PERS take many
forms, but the common thread is that the per-
son at risk is equipped with an electronic de-
vice carried or worn that, after being activated
by the user, can inform a central system when
a potentially adverse event occurs. Studies on
the use of PERS as a substitute for in-home su-
pervision have found them to be cost-effective in
the context of hospital utilization rates and in-
stitutionalization among community-dwelling
elders.13,14 Moreover, they offer a sense of 
security to family members caring for older
adults living alone and can alleviate their per-
ceived burden.15,16 Although PERS constitute
important technological adjuncts to home care,
they require the direct intervention of the per-
son to activate the signal indicating an emer-

gency. In the case of a fall-related emergency,
this can be impractical when the person is ly-
ing unconscious on the floor,1 is unable to ac-
tivate the button, or suffers from cognitive im-
pairments. Reliable automated fall detection,
coupled with an appropriate help response
from a community alarm center, can increase
confidence in people with fear of falling, pro-
mote active safe living for elders, and reduce
complications from falls.17,18 Over the years,
many technological approaches have been de-
veloped to address this issue. They can be di-
vided into two groups: environmental motion
sensing based on “exosensors” positioned in
the individual’s home19–21 and user-based mo-
tion sensing with “endosensors” worn by the
individual. Environmental sensing uses algo-
rithms to determine whether, according to in-
puts from image sensors (cameras, single-ele-
ment passive infrared sensors, pyroelectric
infrared sensor arrays) positioned in the envi-
ronment, a fall has occurred in a known vol-
ume.

Numerous groups have studied fall detec-
tion employing user-based motion sensing
with wearable devices.17,22–27 Typically, mo-
tion sensors embedded with a microcontroller
record the kinematics of body segments and
detect fall events from the recorded signals us-
ing expert systems. Once a fall event is de-
tected, an alarm is sent through a radiofre-
quency link with a communication device
connected to a PERS. Variations on this design
have appeared in various commercial forms
and/or are still under development. All of
these designs use similar motion sensors
(mostly 2D or 3D accelerometers) but detect fall
events differently, using (1) kinematic signals
recorded at different locations on the body
(waist, neck, midtrunk, arm); or (2) different in-
puts and processing approaches from the
recorded signals (impact, energy of the impact,
change in position, etc.); or (3) different expert
systems (Boolean logic, fuzzy logic, neural
nets) to infer from these inputs that a fall has
occurred. Although numerous designs and sys-
tems for automated fall detection based on mo-
tion sensing with wearable devices have been
proposed and in some case commercialized,
published experimental data on their perfor-
mance in real life or under laboratory condi-
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tions are scarce and generally of poor scientific
quality.

The objectives of this study were (1) to ex-
plore the validity of a two-stage fall detection
algorithm based on fuzzy logic using experi-
mental data collected from simulated falls with
human participants, and (2) to determine the
influence on the detection performance of the
algorithm considering inputs from 3D ac-
celerometers positioned at 2 locations on the
trunk. The fall detection algorithm and its per-

formances during simulated conditions of falls
and non-falls are described below.

MATERIALS AND METHODS

Fall detection algorithm

The proposed fall detection algorithm is
based on the identification of 2 separate events
common to most falls: impact amplitudes when
the body decelerates as it makes contact with
the ground, and relative changes in trunk po-
sition associated with those impacts (Fig. 1). We
hypothesize that the combination of these two
events as inputs for a fall detection algorithm
will provide strong identification performance
of simulated falls and eliminate most of the
false-positive situations (i.e., where a fall did
not occur but the fall algorithm identifies one).
The schematic of how these two inputs are used
for fall detection is illustrated in Figure 2.
Briefly, detected impacts are classified using a
fuzzy logic. Then Boolean logic combines the
level of impact and the changes in trunk angles
to make a final decision (fall or no fall).

Impact classification using fuzzy logic. Fuzzy
logic is typically used to ease the modeling and
processing of complex tasks by allowing un-
certain states. For example, driving a car would
be considered quite complex if the driver
would need to calculate the exact speed of the
car as well as the precise force to apply on the
brake and throttle. In this particular scenario,
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FIG. 1. Typical accelerations pattern during a fall. The
algorithm detects the highest peak of acceleration (ab-
solute value) in (B) and considers this event as the impact
on the ground. The mean value of acceleration over a 1-
second period before (A) and after (C) an impact is de-
tected and used to calculate changes in static trunk angle
before and after the fall.

FIG. 2. Schematic of input and expert system used for fall detection algorithm.



the human brain is similar to a fuzzy logic al-
gorithm because it does not require precise in-
formation to perform the task. In fact, knowing
that the car’s speed is “fast” and that a stop sign
is “really near” would result in a “high” force
on the brakes. The combination of imprecise
concepts like car’s speed (low, medium, and
fast) and stop sign distance (really near, near,
and far) will result in an imprecise output to
control the force on the brake (low, medium,
and high forces). These concepts are known as
membership functions and they are usually de-
rived from experience or knowledge from ex-
perts. A similar analogy can be used to deter-
mine whether a fall has occurred or not. To help
determine the membership functions, we rely
on the general conception of falls derived from
many experiments conducted in our research
laboratory. Two features seem to be present in
every fall: (1) high amplitude from the ac-
celerometer signals on at least one axis and (2)
distinctive set of frequencies. Because impacts
associated with activities of daily living (e.g.,
impacts due to walking or climbing stairs or
sitting in a chair) would be difficult to dis-
criminate from impacts due to falls, the fuzzy
approach seemed to be promising. The fuzzy
algorithm suggested in this paper uses 3 or-
thogonal axis of acceleration as input vari-
ables to 3 membership functions (weak,
medium, and high impact) and 1 membership
for the output stage for defuzzification (no,
maybe, and yes). Mamdani’s fuzzy inference
method was used. Operators were chosen to
optimize results: the “And” method was ap-
plied with a “Min,” the implication was com-
puted with the “product” operator, and the 
defuzzification was done with the center-of-
gravity method.

Estimation of trunk angles using the accelerom-
eter as a tilt sensor. During activities of daily liv-
ing, we are likely to detect impacts that are not
related to falls. For those cases, we chose to look
at changes in trunk position that precede an im-
pact to confirm whether the impact detected is
associated with a fall event. Changes in trunk
position can be measured by estimating trunk
angle changes from static positions using the
accelerometer as a tilt sensor.28,29 By measur-
ing the angle of the trunk 1 second before and
after impact, it is possible to identify a shift in
trunk position that would imply a fall. To in-

crease the distinction between “fall” and “non-
fall” event in the presence of an impact, both
the impact percentage and the delta of the
trunk angles (x � anteroposterior, y � medio-
lateral) are used as inputs to a Boolean mod-
ule, which helps to classify all the “maybe” im-
pacts. This module act as a simple 2-state
classifier (fall or nonfall) based on combination
of thresholds, which helps to classify all the
“maybe” impacts.

Experimental validation of fall 
detection algorithm

The fall detection algorithm was tested ex-
perimentally on 10 young participants (mean
age 21.2 years) during simulated falls (9 con-
ditions) and nonfall events (6 conditions). Par-
ticipants consisted of 8 women and 2 men with
an average height and weight of 1.72 m and
61.2 kg. The experimental setup and protocol
used to obtain data to test the algorithm area
are illustrated in Figure 3. All fall events were
simulated on a protective mattress. For the pur-
pose of obtaining a data set of impacts and
changes in trunk position during simulated
conditions, 2D accelerometers (ADXL210) were
paired to obtain 3D acceleration measurements
from 2 locations on the trunk (front and side).
Accelerometers were embedded in rigid plas-
tic sensors modules that were secured on the
body using straps. Acceleration signals from
both sensor locations were sampled at 100 Hz
and converted using a 16-bit acquisition card
(DAQPad-6052E, National Instruments) con-
nected to a PC running a dedicated data col-
lection program (Labview).

The experimental data set comprised 750
events (45 fall events and 30 nonfall events per
participant) that were classified by the fall de-
tection algorithm as either a fall or a nonfall us-
ing inputs from the accelerometers. The events
simulated consisted of 15 different experimen-
tal conditions chosen to challenge the detection
algorithm. The conditions included 9 fall con-
ditions, 2 near falls, and 4 nonfall conditions.
The details of the simulated conditions are
listed in Table 1.

Subjects executed the simulated conditions
in a fixed order at their own pace without any
time constraints. Each condition was repeated
5 times. Data were collected over a 1-month pe-
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riod at the Research Centre on Aging, Sher-
brooke, Quebec, Canada. The Sherbrooke Ge-
riatric University Institute Institutional Review
Board approved this investigation and all par-
ticipants gave their informed consent.

RESULTS

Detection of impact magnitudes and trunk 
angle changes

Impact magnitudes and trunk angle
changes recorded during simulated fall and
nonfall events for the 10 participants are il-
lustrated in Figure 4. Group data obtained
from the average impact and trunk angle
changes from both sensor locations are pre-
sented. Results show that impacts recorded
across participants, especially for the vertical
axis (z axis), demonstrate large variations and
that these variations are more pronounced for
fall events (conditions 1–9). However, varia-
tions in impact magnitudes and trunk angle
changes across multiple trials of the same
simulated condition were not statistically dif-
ferent (p � 0.05, analysis of variance for re-
peated measures), suggesting that fall and
nonfall events were simulated consistently by
the participants. With the exception of a few
instances, impact magnitudes and trunk an-
gle changes recorded at both sensor locations
were not statistically different (p � 0.05,
paired t-test), indicating that sensor location
did not affect the sensitivity of the inputs
used in the fall detection algorithm.
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TABLE 1. LISTING OF SIMULATED CONDITIONS

FOR FALL AND NONFALL EVENTS

Task no. Description

Fall 1 Backward falling, seated landing
2 Backward falling, flat landing
3 Backward falling, rotation, landing

on side
4 Frontward falling, landing on knees

with arms extended for protection
5 Frontward falling, flat landing

without protection
6 Frontward falling, with rotation, 

landing on side
7 Vertical fall against a wall, seated

landing
8 Vertical fall on the knees, flat landing
9 Vertical fall with rotation, landing

on side
Nonfall 10 Backward slip with balance recovery

11 Forward trip with balance recovery
12 Lying down on a bed
13 Walking, stopping, kneeling, and 

tying shoe laces
14 Walking forward and colliding 

against an obstacle
15 Sitting down on a chair

FIG. 3. Experimental setup used to obtain data to test the fall detection algorithm. Circles represent sensor location
on the trunk.



For the sake of brevity, results from only 1
sensor location will be described (sensor loca-
tion 1 � front of the trunk at neck level). Over-
all, average impact magnitudes and trunk an-
gle changes recorded across fall events
(conditions 1–9) from sensors located on the
front of trunk were statistically higher (p �

0.01, paired t-test) than those recorded during
nonfall events (conditions 10–15). Impact mag-
nitudes for fall events varied from 0.96 � 0.16 g
to 5.23 � 0.36 g and the highest impacts de-
tected were for conditions 1, 5, and 7 in the an-
terior–posterior axis of motion (x-axis). Most of
the impact magnitudes recorded during non-
fall events were low (i.e., �2 g), with the ex-
ception of impacts recorded during condition
15 (sitting down on a chair) in the anterior–pos-
terior axis of motion (x-axis) and the mediolat-
eral axis of motion (z-axis). Impact magnitudes
for all other nonfall conditions varied from 1.02
to 2.33 g in the anterior–posterior axis of mo-
tion (x-axis), 0.53–1.18 g in the vertical axis of
motion (y-axis), and 0.85–2.79 g for the medio-
lateral axis of motion (z-axis). Trunk angle
changes varied from 10.01 to 50.9° during fall
events, with the highest angle changes
recorded during conditions 2 and 3.

Identification performances of fall 
detection algorithm

Identification performances of the fall detec-
tion algorithm for simulated fall events and
nonfall events are presented in Figure 5. Re-
sults are presented as percentages of correct de-
tection (i.e., accuracy) across experimental con-
ditions (50 trials per experimental condition)
using inputs from the 2 sensor locations (sen-
sor location 1 � front of the trunk at neck level,
sensor location 2 � side of the trunk). The per-
centages were computed from the number of
times a given event was correctly identified
across participants as a fall event or nonfall
event. Overall, fall event detection was more
accurate when using inputs from the sensor lo-
cated on the trunk at neck level (sensor loca-
tion 1). With the exception of 1 condition (col-
lapsing/falling against a wall after a loss of
consciousness), accuracy using sensor inputs
from this location was higher than 96%. Sensor
location did not significantly affect the false-
positive rate. The proposed algorithm recog-
nized fall events (conditions 1–9) with an ac-
curacy rate varying between 74% and 100%,
with an average of 93% using inputs from the
sensor located on the trunk at neck level. The
accuracy rate for detecting fall events using in-
puts from the sensor located on the side of the
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FIG. 4. Impact magnitudes and trunk angle changes
recorded during simulated fall and nonfall events. (A)
Mean accelerations recorded in the 3 axis from 10 sub-
jects across fall conditions and nonfall conditions. (B)
Trunk angle changes recorded in 2 axis from 10 subjects
across fall conditions and nonfall conditions. Means in
both A and B are computed from signals recorded from
both sensor locations (accelerometers in the front and side
of the trunk).



trunk varied from 50% to 98%, with an aver-
age of 86%. False-positive rates, defined as in-
accurate detection of a fall event during non-
fall events (conditions 10–15), varied from 40%
to 100%, with an average of 71% using inputs
from the sensor located on the trunk at neck
level, and from 32% to 98%, with an average of
74% using the sensor located on the side of the
trunk.

The proposed algorithm detects fall events
more accurately than nonfall events (p � 0.05).
The worst detection performances observed for
fall events were obtained for conditions when
the participants simulated a loss of conscious-
ness that ended with a fall against a wall (74%
for sensor 1 and 50% for sensor 2). The worst

detection performances observed for nonfall
events were obtained for conditions when the
participants simulated the following 3 experi-
mental conditions: recovering from an almost
backward fall after a trip (49% for sensor 1 and
71% for sensor 2); recovering from an almost
forward fall from an upright position (47% for
sensor 1 and 60% for sensor 2); and going from
a standing upright position to a sitting position
on a chair (40% for sensor 1 and 32% for sen-
sor 2). Average detection performance when
combining fall and nonfall events was 84.3%
using inputs from the sensor located on the
trunk at neck level and 80.5% using the sensor
located on the side of the trunk.

DISCUSSION

We tested the performance of a 2-stage algo-
rithm to identify fall events using inputs
recorded during simulated falls and nonfall
events from 3D accelerometers positioned on 2
locations on the trunk. Even though our ex-
perimental conditions were certainly not ideal
(fall events were simulated on a mattress) and
represented only an approximation of real-life
conditions, the data collected (�750 events) of-
fer interesting insights into the acceleration
profiles associated with impacts recorded dur-
ing falls and activities of daily living.

Results show that distributions of impact
magnitudes for fall events reached 6 g, sug-
gesting that the measurement range of ac-
celerometers used for impact sensing in the
context of automated fall detection should be
adapted accordingly, especially given the fact
that the fall conditions were simulated on a
mattress. Although in many types of falls the
acceleration seems to follow some type of pat-
tern, interindividual and intraindividual dif-
ferences in acceleration magnitude due to the
physical characteristics of the person falling or
the similarity of impacts detected during fall
events and nonfall events warrant the consid-
eration of a redundancy check to ensure opti-
mal results. Indeed, the overlapping distribu-
tion of impact amplitudes measured during
simulated fall and nonfall events supports the
use of fuzzy logic to enhance fall detection
when using impacts from accelerometers as in-
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FIG. 5. Identification performances of the fall detection
algorithm for fall events and nonfall events. (A) Accuracy
(% of correct detection rendered by the algorithm) ac-
cording to the position of the sensor module for 10 sub-
jects in each experimental condition. Experimental con-
ditions are listed in Table 1 (n � 10). (B) Overall accuracy
(% of correct detection rendered by the algorithm) calcu-
lated for acceleration signals recorded with the sensor
module positioned on the front at the neck level. Accu-
racy for fall events and nonfall events is illustrated.



puts. Our results clearly show that certain non-
fall conditions (e.g., sitting down on a chair
from the upright position) share similar impact
amplitudes with fall conditions. The proposed
algorithm, using acceleration magnitudes with
fuzzy logic and changes in trunk orientation as
confirmation, detected fall events (93% correct
detection) more accurately than nonfall events
(71% correct detection). The location of the sen-
sors on the trunk did not statistically affect the
identification performance of the algorithm.
However, considering the context of use of an
automated fall detection system, the small dif-
ference (4% better performance for the sensor
on the front of the trunk) could be relevant in
real world applications.

Despite the fact that fixed rule-based expert
systems such as those proposed by oth-
ers17,22–24,26,27 offer relatively good perfor-
mance under the experimental conditions they
were tested in, one can question the robustness
of their approach under the experimental con-
ditions used in this study. In this study, we de-
liberately chose to test the limits of the pro-
posed algorithm under complex test scenarios
using experimental conditions that mimicked
or closely resembled falls (e.g., falling motion
induced by slipping or tripping with balance
recovery) and generated impact profiles simi-
lar to those observed during falls or that were
atypical (e.g., vertical fall against a wall in a
closed environment). The data set used to eval-
uate the performance of the algorithm was col-
lected on 10 participants, 8 of whom were
blinded to the objective and details of the
study. This constitutes the most exhaustive
data set produced to date to test a fall detec-
tion algorithm. The proposed algorithm per-
formed relatively well for most fall conditions,
with the exception of the condition where the
participants fell in such a way that they were
not parallel with the ground and the impact
was low. This problem was also reported by
others.24 However, the algorithm returned a
high rate of false positives for nonfall condi-
tions. Although reliable identification of fall
events is the main factor driving the develop-
ment of an automated fall detection system, un-
der real-world conditions, this high false-posi-
tive rate can become a burden to the user and
would be an obstacle to its use.

The high false-positive rate can be partially
explained by the nature of the nonfall condi-
tions simulated. The use of conditions where
participants are recovering from a fall induced
by tripping or slipping (conditions 10 and 11)
and the instructions given to subject (“let your-
self fall back on the chair as if you couldn’t stop
yourself”) as they sat on the chair (condition
15), probably introduced uncertainty that the
algorithm did not take into account. As already
mentioned, the testing scenario was designed
specifically to establish the limits of the algo-
rithm. One way to correct this would be to op-
timize the algorithm by adding more rules to
the system, specifically by considering, as pro-
posed by Brown,24 a period of inactivity after
impact detection and a change in trunk orien-
tation preceding the impact. This could be eas-
ily implemented and would correct most of the
false positives found in the experiment. Unfor-
tunately, we did not design our experiment to
consider what happens after a fall (i.e., the data
epoch recorded consisted of short 10–15-sec-
ond events that concluded after the partici-
pants executed the tasks).

Research focused on automated fall detec-
tion methods has been fertile over the years and
several patents have been awarded. Commer-
cially, however, mature products are few and
far between, and demonstrating their effec-
tiveness and impact under real-life conditions
remains a challenge. The principal obstacles to
the deployment of such systems are balancing
the right context of use, accurate detection, and
usability. With respect to the context of use,
while community alarm users are in general
satisfied with the service provided, consulta-
tions of elderly inner-city users of community
alarms systems has shown that users are open
to expanding the functionality of the existing
systems.18 Automatic fall detection received
the most interest (77% of 176 users) among po-
tential telecare options such as lifestyle moni-
toring, telemedicine, and videoconferencing.
However, a subsequent study by the same
group looked at the effect of automatic fall de-
tection units on the fear of falling of commu-
nity alarm users who were living in the com-
munity and who had experienced a fall in the
previous 6 months.30 Of those approached, 31%
consented to take part; the main reason given
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for potential participants declining involve-
ment was that they were happy with the tech-
nology they already had. Benefits over the 17-
week monitoring period were mitigated by
how often subjects wore the automated fall de-
tector unit, and no significant differences were
observed between the intervention (automated
fall detection) and control (community alarm)
groups in their mean ratings of fear of falls (40.3
versus 37.5, difference 2.8, 95% CI 6.2–11.8),
health-related quality of life, or morale. Insti-
tutional settings (i.e., nursing home, assisted-
living facilities) and older adults with a certain
profile (cognitive problems and recurrent falls)
might be a better context of use to start the de-
ployment of such systems. Engstrom and col-
leagues31 measured staff members’ satisfaction
with their work before and after increased in-
formation technology (IT) support in dementia
care. The IT technology included general and
individualized passage alarms, sensor-acti-
vated nighttime illumination, fall detectors, and
Internet communication. Results showed that
IT support in dementia care increased staff
members’ satisfaction with their work in sev-
eral ways.

Notwithstanding the difficulty of selling this
approach to potential users, accurate auto-
mated fall detection through user-based mo-
tion sensing appears to be an attainable goal
from a technical standpoint. Using fuzzy logic
to consider impact signals detected from 3D ac-
celeration sensors as fall events and confirming
the decision of the expert system by looking at
changes in trunk orientation preceding those
impact signals, we were able to obtain reliable
fall detection under simulated fall conditions.
The identification performance of the proposed
algorithm compares favorably with experi-
mental results presented in the literature on 
expert systems using inputs from user-based
motion sensing for fall detection.17,22–24,26,27

Evidence from this and other studies thus 
suggests that robust algorithms can be devel-
oped to accurately detect falls under controlled
conditions. Several approaches in terms of in-
puts and expert systems used with these algo-
rithms can be used with relatively good results.
In terms of accuracy, false positives can become
a nuisance and limits the acceptability of an au-
tomated approach to fall detection. The impact

of false positive in real-life applications of an
automated fall detection system, however, can
be significantly reduced by providing the user
with a reset button (ex: 1 � minute window to
cancel the alarm function after a fall was de-
tected). Further extensive experimental studies
will be needed to develop and continue to re-
fine such algorithms and their eventual em-
bedding in wearable sensor products.

Usability testing under real-life conditions
with older adults will be another key factor to
consider for the successful design and imple-
mentation of such products. Size, wearability,
and overall look of such device will need to be
optimized to make it as unobtrusive as possi-
ble and ensure the reliability of the product
(i.e., people have to wear it). Recent technology
advances in wireless networking, microfabri-
cation, and integration of physical sensors, em-
bedded microcontrollers and radio interfaces
on a single chip, promise a new generation of
miniature wearable wireless sensors, suitable
for the creation of wireless body area networks
(WBAN).32,33 WBAN combine small sensor
footprint with commercial wireless communi-
cation platforms based on different protocols
and technologies (Wi-Fi, WiMax, Bluetooth, Zig-
bee, UMTS, UWB). WBANs are generally built
around several sensing devices wirelessly
linked together using narrow band radio com-
munication.34 These technologies offer a wide
range of characteristics in terms of speed, trans-
mission range, power requirements, connectiv-
ity, and cost. We are currently investigating, af-
ter positive results from a proof-of-concept
study, the use of a Zigbee-based WBAN.35 The
system is composed of multiple sensor mod-
ules (embedded 3D accelerometers, gyro-
scopes, microcontroller with a radio transmit-
ter) connected wirelessly to a computer. At this
moment the unit is the size of a pager. We will
be migrating the system to a different commu-
nication platform to reduce its size to the equiv-
alent of a wrist watch, similar to what was de-
veloped by Degen and colleagues,25 that can be
worn as a necklace. In consideration that falls
are generally underreported,36,37 particularly
in nursing homes,38,39 the next step in our de-
velopment efforts will be to assess the accuracy
of an automated fall detection system based on
our algorithm with staff-reported incidents us-
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ing this WBAN, under a controlled environ-
ment (i.e., long-term care unit). The system first
will be used passively to record fall events and
compared it with administrative logs.

ACKNOWLEDGMENT

The authors would like to thank Mathieu
Lemay for his contribution to the data analysis.

REFERENCES

1. Rubenstein LZ, Josephson KR. The epidemiology of
falls and syncope. Clin Geriatr Med 2002;18:141–158.

2. Thapa PB, Brockman KG, Gideon P, Fought RL, Ray
WA. Injurious falls in nonambulatory nursing home
residents: A comparative study of circumstances, in-
cidence, and risk factors. J Am Geriatr Soc 1996;44:
273–278.

3. Gurley RJ, Lum N, Sande M, Lo B, Katz MH. Persons
found in their homes helpless or dead. N Engl J Med
1996;334:1710–1716.

4. Nevitt MC, Cummings SR, Hudes ES. Risk factors for
injurious falls: A prospective study. J Gerontol 1991;
46:M164–M170.

5. Howland J, Lachman ME, Peterson EW, Cote J, Kas-
ten L, Jette A. Covariates of fear of falling and asso-
ciated activity curtailment. Gerontologist 1998;38:
549–555.

6. Arfken CL, Lach HW, Birge SJ, Miller JP. The preva-
lence and correlates of fear of falling in elderly per-
sons living in the community. Am J Public Health
1994;84:565–570.

7. Howland J, Peterson EW, Levin WC, Fried L, Pordon
D, Bak S. Fear of falling among the community-
dwelling elderly. J Aging Health 1993;5:229–243.

8. Tinetti ME, Mendes de Leon CF, Doucette JT, Baker
DI. Fear of falling and fall-related efficacy in rela-
tionship to functioning among community-living el-
ders. J Gerontol 1994;49:M140–M147.

9. Tinetti ME, Powell L. Fear of falling and low self-ef-
ficacy: A case of dependence in elderly persons. J
Gerontol 1993;48(spec no.):35–38.

10. Vellas BJ, Wayne SJ, Romero LJ, Baumgartner RN,
Garry PJ. Fear of falling and restriction of mobility in
elderly fallers. Age Ageing 1997;26:189–193.

11. Maki B, Holliday P, Topper A. Fear of falling and pos-
tural performance in the elderly. J Gerontol
1991;46:M123–M131.

12. Tinetti ME, Williams CS. The effect of falls and fall
injuries on functioning in community-dwelling older
persons. J Gerontol Ser A Biol Sci Med Sci 1998;53:
M112–M119.

13. Roush RE, Teasdale TA, Murphy JN, Kirk MS. Impact
of a personal emergency response system on hospital

utilization by community-residing elders. South Med
J 1995;88:917–922.

14. Dibner A. Personal response systems: An international re-
port of a new home care service. Binghamton, NY: Ha-
worth, Press, 1992:1–249.

15. Porter DJ. Moments of apprehension in the midst of
a certainty: Some frail older widows’ lives with a per-
sonal emergency response system. Qual Health Res
2003;13:1311–1323.

16. Porter EJ, Ganong LH. Considering the use of a per-
sonal emergency response system: an experience of
frail, older women. Care Manag J 2002;3:192–198.

17. Doughty K, Lewis R, McIntosh A. The design of a
practical and reliable fall detector for community and
institutional telecare. J Telemed Telecare 200;6(suppl
1):S150–S154.

18. Brownsell SJ, Bradley DA, Bragg R, Catlin P, Carlier
J. Do community alarm users want telecare? J Telemed
Telecare 2000;6:199–204.

19. Lee T, Mihailidis A. An intelligent emergency re-
sponse system: Preliminary development and testing
of automated fall detection. J Telemed Telecare 2005;
11:194–198.

20. Sixsmith A, Johnson N. A smart sensor to detect the
falls of the elderly. Ieee Pervasive Computing 2004;3:
42–47.

21. Sixsmith A, Johnson N, Whatmore R. Pyroelectric IR
sensor arrays for fall detection in the older popula-
tion. J Physique Iv 2005;128:153–160.

22. Bourke AK, Lyons GM. A threshold-based fall-detec-
tion algorithm using a bi-axial gyroscope sensor. Med
Eng Phys 2007;Jan 10.

23. Bourke AK, O’Brien JV, Lyons GM. Evaluation of a
threshold-based tri-axial accelerometer fall detection
algorithm. Gait Posture 2007;26:194–199.

24. Brown G. An accelerometer based fall detector: 
Development, experimentation, and analysis. Project
report. www.eecs.berkeley.edu/�eklund/projects/
Reports/GarrettFinalPaper.pdf

25. Degen T, Heinz J, Rufer M, Wyss S. Speedy. A fall de-
tector in a wrist watch. In: Proceedings of 7th IEEE In-
ternational symposium on wearable computers. 2003:
184–187.

26. Lindemann U, Hock A, Stuber M, Keck W, Becker C.
Evaluation of a fall detector based on accelerometers:
A pilot study. Med Biol Eng Comput 2005;43:548–551.

27. Noury N, Barralon P, Virone G, Rumeau P, Boissy P.
Un capteur intelligent pour détecter la chute: Fusion
multi-capteurs et décision à base de règles [Intelligent
fall sensor using multi sensor inputs and rule based
system]. In: Placko D, Orteu JJ, Le Poutre F, Eds. Nou-
velles méthodes d’instrumentation, [New methods of in-
strumentation]. Paris: Hermès-Elsevier, 2004:411–418.

28. Boonstra MC, van der Slikke RM, Keijsers NL, van
Lummel RC, de Waal Malefijt MC, Verdonschot N.
The accuracy of measuring the kinematics of rising
from a chair with accelerometers and gyroscopes. J
Biomech 2006;39:354–358.

29. Luinge HJ, Veltink PH. Measuring orientation of hu-
man body segments using miniature gyroscopes

BOISSY ET AL.692



and accelerometers. Med Biol Eng Comput 2005;43:
273–282.

30. Brownsell S, Hawley MS. Automatic fall detectors and
the fear of falling. J Telemed Telecare 2004;10:262–266.

31. Engstrom M, Ljunggren B, Lindqvist R, Carlsson M.
Staff perceptions of job satisfaction and life situation
before and 6 and 12 months after increased informa-
tion technology support in dementia care. J Telemed
Telecare 2005;11:304–309.

32. Bonato P. Advances in wearable technology and ap-
plications in physical medicine and rehabilitation. J
Neuroeng Rehabil. 2005;2:2.

33. Jovanov E, Milenkovic A, Otto C, de Groen PC. A
wireless body area network of intelligent motion sen-
sors for computer assisted physical rehabilitation. J
Neuroeng Rehabil 2005;2:6.

34. Lukowicz P, Kirstein T, Troster G. Wearable systems
for health care applications. Methods Inf Med
2004;43:232–238.

35. Hamel M, Boissy P, Fontaine R. Monitoring vital
signs and activity levels using a wireless network of
smart sensors. In: Proceedings of the International con-
ference on aging, disability and independence (ICADI).
Gainesville, FL: University of Florida, Rehabilitation
Engineering Research Center for Successful Aging,
2007:298–299.

36. Cummings SR, Nevitt MC, Kidd S. Forgetting falls.
The limited accuracy of recall of falls in the elderly.”
J Am Geriatr Soc 1988;36:613–616.

37. Hogue C. Managing falls: The current bases for prac-
tice. In: Key aspects of elder care. Managing falls, incon-
tinence, and cognitive impairment. New York: Springer,
1992:41–57.

38. Hill-Westmoreland EE, Gruber-Baldini AL. Falls doc-
umentation in nursing homes: agreement between the
minimum data set and chart abstractions of medical
and nursing documentation. J Am Geriatr Soc 2005;53:
268–273.

39. Kanten DN, Mulrow CD, Gerety MB, Lichtenstein MJ,
Aguilar C, Cornell JE. Falls. An examination of three
reporting methods in nursing homes. J Am Geriatr Soc
1993;41:662–666.

Address reprint requests to:
Patrick Boissy, Ph.D.

Centre de Recherche sur le Vieillissement
Institut Universitaire de Gériatrie de Sherbrooke

1036, rue Belvedere
Sherbrooke, Québec, Canada J1H 4C4

E-mail: Patrick.Boissy@usherbrooke.ca

AUTOMATED FALL DETECTION IN ELDERLY 693




