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ABSTRACT

Fall prevention is an important aspect to keep highquality of
life in aging. In this work, a wearable sensor ratw to

automatically assess movement and its indicatorfdbrrisk is

proposed. The method is based on a smartphonedlinke
wearable devices. The proposed approach startsagsty the
physical activity level using activity recognitioalgorithms

running on the phone. Such estimation can be cdaduby

simply using the smartphone on its own. Activitgagnition can
also identify walking bouts to drive gait assesstmenls using
different sensing sources. In this regard a styategestimate
stride-based gait stability indexes during ambalati was
implemented. Waist and shank sensing nodes weodviery in the
computation of stride time, stride time variabilitwertical

acceleration variability and harmonic ratios. Thepgmsed method
can correctly recognize activity with a 95% accyradthin four

classes. Ambulation in particular is recognizedecty in 97.2%
of cases and gait stability indexes are then egtiinaapturing
differences between controls and patients at higihaf falling.

Categoriesand Subject Descriptors

1.5.4 Computing methodologies: pattern recognitempplications
J.3 Computer applications: life and medical sciehealth

K.5.4 Computers and society: social issues: agsigtichnologies
for persons with disabilities

General Terms
Algorithms, Measurement, Experimentation.

Keywords
Wearable sensor networks, fall risk assessment, gjability,
activity recognition.

1. INTRODUCTION

Falls are a major cause of death and injuries ¢hat seriously
limit independent living in the elderly. More thame-third of
home-dwelling people aged over 65 years and twaldhof those
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living in residential care fall each year at leaste [1]; the trend
for a person experiencing a fall is to fall aga®j, [which often
leads to fear of falling, decreased mobility andeipendence [3].

Technologies to monitor body kinematics, groundctiea
forces and electromyographic signals provide object
quantitative measures for fall risk assessment tteitassociated
equipment requires dedicated facilities, time comgg setups
and its deployment in clinical practice is diffic(4t]. Analyzing
movement by means of wearable sensors is a widslgloping
research stream to improve effective usability ofamfitative
methods of fall risk assessment [4]. There is net § wide
consensus on these methods, given that wearabderssystems
have not been validated thoroughly, using largeagtds [5].
However, many studies are now pursuing this apjoagolving
typically inertial sensors (accelerometers and ggopes), the
assumption is made that a wearable sensor systerafficiently
capture and analyze quantitative mobility data tbaald help
improve fall risk assessment, [4]. Postural swat gariability,
gait stability, movement smoothness, walking spaed duration
of a sit-to-stand transition are commonly consideyeantities for
fall risk assessment using wearable sensors [4}his regard,
many works focus on the instrumented version oftitmed-up-
and-go (TUG) test [6], quantifying the various campnts of the
test (sit-to-stand transitions, walk, turn, staaebit transitions) [5,
7-9]. Most of studies based on wearable motion aasnfocused
on gait, given that most of falls occurs while watkand that, as
said before, gait function is often compromisednidividuals at
high risk of falling [7, 10, 11].

In our opinion, fall risk has to be estimated withmulti-
factorial approach to the analysis of movement .d@te main
solutions proposed in the literature tend, often, propose
standalone setups that address specific problemsslation, such
as estimation of physical activity level and gasessment. The
approach we intend to pursue here consists ofngatiese two
aspects in a single, admittedly more complex praoble
Accordingly, we attempt to move the first stepliistdirection by
designing a wearable sensor network, which aimgoguitly
estimate several quantities potentially useful fladl risk
estimation. As it is usual, different sensor plaeatrsites can be
helpful to address specific aspect of our overatibem: for
instance, the shank is a good site for measuringpaeal
parameters of normal or pathologic gait, howeveicannot be
chosen if the interest is for extracting usefuli¢gatbrs of walking
stability (e.g., harmonic ratios); at the same firttee waist is
widely considered to analyze the gait stabilityt lis usefulness
to estimate reliably temporal parameters of gaitgenerally
limited to normal gait. Of course, the availability a body area
network (BAN) may allow the different nodes to talch other,
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each of them being specialized in fulfilling spacifomputational
tasks. The idea is that the information shared Hey different
BAN nodes could promote a better global knowledgeua the
human being that produces the observed movemest Bliegvious
examples of BAN frameworks for human movement eatadun
are in [12, 13]. In this work, two main problendated to fall
risk assessment are discussed as an applicatidre riar the
proposed wearable sensor network: gait assessmémsimation
of physical activity level through activity recogoin. Activity
recognition was performed directly on the smartghdimat was
used as the central node of the network. Activifgpimation was
also used for enabling gait stability assessmeminguwalking
bouts. A shank sensor was used for obtaining anrafte gait
segmentation that drove stride-based gait stabilitgdexes
estimation using waist sensor data.

2. PROBLEM BACKGROUND

2.1 Activity recognition for fall risk

estimation

The knowledge about the activity being performedudighout the
day gives the clinicians an important tool for ass®g the
physical activity level and the mobility of patientA lack of

physical activity in elderly is known to be corrgd with

enhanced risk of fractures [14], cardio-vasculartaiity [15], un-

healthy body fat distribution [16]. There is not ananimous
consensus about the effects of physical activityhim elderly in

relation to fall risk [17]. Intuitively, the posite relation between
a physically active lifestyle and fall risk cannbe extended
monotonically to all physical conditions in the elly: a strong
limitation of mobility would reduce the fall risklespite the lack
of physical activity. Moreover, exercising canneduce many fall
risk factors such as those related to impairecbrigir extrinsic

risk factors (e.g., walking on slippery surfacesnpioper

footwear). However, the positive effect of improyiphysical

activity on gait, strength and balance are knowfZ0]. Several
epidemiological studies evaluated the relationdtdween fall

risk and inactive lifestyle in the elderly. In [19139 people aged
69-92 years were studied; a significant increasé&lbfrisk was

observed for those who did less than 75 minuteactfity per

day, including walking, cycling, gardening, houskhactivities

and sports. Such basic activities nicely pair vilibse that are
usually considered in automatic activity recogmitionethods,
based on wearable sensors.

Automatically recognize the activity of a persomngslight-
weight wearable sensors, allows estimation of bis/bhysical
activity level, and to monitor its time evolution/earable inertial
sensors are becoming very common to solve thisicpéat
problem, and commercial devices to this purposg becoming
available. Accelerometer-based activity monitors eapable of
quantifying human motion, covering the range ofed@@tion
amplitudes and frequencies required to measure iuneement
[21]. Moreover, their low power consumption, sniilinensions,
and light weight contribute to wearability and mdkeg term
activity monitoring practical. Although complex ntie$ensor
systems for a detailed activity recognition are dmeiog more
practical [22], single-sensor systems may improweeptability
for long term studies, simplify study administratiand lower cost
and are therefore current practice in larger studi3, 24].
Recently, single sensor solutions for activity sification are
being implemented using sensors embedded in snaarshand

smartwatches. First mobile health studies inv@vishysical

activity evaluation date back to early 2000s whesbite phone-

based frameworks for vital signs and activity monitg were

proposed. The solution in [25] included a wearatdeelerometer
connected to the phone via Bluetooth to evaluatepttsture and
detect walking episodes. The phone was used tonéxtke

communication between the user and a server whitréhe

processing was done. In 2008, Hong et al suggéseepossibility

of using emerging devices, the smartphones, witlbegited

accelerometers as the platform for activity rectigniresearch in
the future developments of their method, [26].Ha same period,
first implementation of activity classification smartphones were
presented: data were collected from body-worn gsnsmd

classified using a smartphone [27, 28]. The higmpmatational

capabilities of current smartphones allow the impgatation of

online methods for recognizing daily activities.n@examples of
this are the work by Del Rosario et al. [29], whar@alidation

over both young and elderly users was done, th& twpAntos et

al, involving both activity recognition and smargote

localization [30], and the study by He and Li, whéall detection

capabilities were also included [31]. Other smaotph based
solutions for activity recognition are in [32, 33Many

commercially available solutions and apps includisignple

activity recognition tasks are now being offeredaipplication

stores. Commercially available apps are based emiah sensors
or may rely on different sources such as networallzation

information from which the ambulation tasks are eiméd.

However, the vocabulary of recognized activitiedinsited and

their level of accuracy is still perceived as apgmate from final

users.

2.2 Gait stability assessment for fall risk

estimation

Gait is the most important human activity, andassessment is
often oriented to the evaluation of gait stabilifthis particular
aspect is strongly related to fall risk assessnt@att stability is a
precondition for walking without falling: a decreas the value
of a gait stability index is generally associatech increased risk
of fall. Gait stability can be estimated using dtBbmeasures
(direct methods) or studying foot kinematic trageits (indirect
methods). [10]. Some direct methods are based @evhluation
of Floguet multipliers [34, 35], Lyapunov exponefi@§, 37] or
Poincaré plot indexes [38, 39]. Gait variabilitytie most widely
used feature in indirect methods proposed for geétbility
estimation: variability is related to fall risk gim that an increased
variability may bring the dynamic state of a persdoser to
his/her limit of stability [10]. Other kinematic gatities that have
been associated to gait stability are the footrateze [37, 40], the
step width [41, 42] and the double support time].[43everal
models to estimate fall risk indexes or to recogriialler from
non-fallers using wearable sensors measurements beas
proposed in literature, as reviewed in [4]. Of gliaterest are also
the so-called harmonic ratios (HRs), for which dejextensive
literature exists to show their applicability inetranalysis of
abnormal gait [44, 45].

3. MATERIALSAND METHODS.

3.1 Wearable sensor network

The experiments of this paper were performed witled battery-
powered barometric-inertial-magnetic measurementts unve
developed and named WIMU (wearable IMU, figure Each



WIMU is endowed with a 32-bit ARM Cortex procesgdiXP

Semiconductors LPC1768) and a Bluetooth (BT) treivsc and
is currently implemented in a version for data camioation
with an Android smartphone. The WIMU sensors adégéal tri-

axial gyro (InvenSense ITG-3200, with range + 20@9), a digital
tri-axial accelerometer (Bosch BMA180, with rangdg; where g
= 9.81 m/s2 is the gravity acceleration), a digitataxial

magnetic sensor (Honeywell HMC5843) and a digitalometric
altimeter (Bosch BMP085, with resolution 1 Pa).rtia¢ sensor
data were sampled at 50 Hz and on-board digitdieréd using a
Butterworth second-order low-pass filter (cut-oféduency: 10
Hz); air pressure sensor data were sampled at 5@ He ultra-
low power mode (oversampling was not performedrigiy to

the sensor) [27]. The sensor data, logged intoARE memory,

were transmitted to the smartphone via BT.

Figure 1. The WIMU sensing node.

We focused on a smartphone as the center of theableasensor
network (figure 2). Smartphones are becoming péreadevices,
and their computational capabilities allow onlinegessing to
deal with many of the cited problems. In particulaur solution
was tested on a Samsung Galaxy S3 (GT-19300) dexjogped
with Android 4.3 operative system. We choose thargwhone
Bluetooth connection capability to link the threeMWs. The
selected placement sites were shank, wrist andt.waltMUs
were fixed with elastic Velcro bands: the shankssenvas placed
above the lateral malleolus, the waist sensor wased in
correspondence of the L3 vertebra and the wrisiaenas placed
as it would be done for a wrist-watch. Actually, did not use the
wrist sensing source for this work. However, wduded this site
in the network to stimulate future developmentsoiming a
smartwatch. Accelerometers and many other sensineas are
embedded in smartphones and can then be processsdveral
fall risk assessment applications, giving the foystacement site,
(trousers pocket).

3.2 Activity recognition for fall risk

estimation

In this work we adopted a previously validatedinéflmethod for
activity recognition [46]. First, the automatic s&fication
methodology was applied to an existing datasetfitine training
and validation purposes, using a PC running Mat(@be
Mathworks, Natick MA). Second, the testing phase tbé
algorithm was implemented on the smartphone. Eivdrere was
not any reason preventing us from doing activitgogmition
using data from the shank or waist sensors, asresqusly did
in [46], we preferred here to implement a soluticapable of
running on the smartphone. In particular, the mresiy validated
methodology was applied to data from the acceleteme

embedded in the smartphone assuming that duringsésthe
smartphone is stored in the user’s trousers pocket.

Waist:

Fall risk assessment
Wrist:
Balance assessment
. » Activity recognition
Activity recognition

. . Step detection
Physical activity level
Sleep assessment
Fall detection

Pocket / Smartphone:
Activity recognition

Fall detection

i

Shank / Foot: !

i

Gait assessment i
Activity recognition

Figure 2. Sensor network placement sites and possible
outcomes of sensor data processing.

The offline validation tests of the method were @awmsing a
previously available datasets [47]. In particuldata acquired
using thigh-fixed sensors were considered from daahset. This
placement site slightly differs from the trousersnt-pocket.
However, previous literature confirms that featumesime and
frequency domain extracted from accelerometer ntadeidata
do not vary significantly when the sensor is mowethin the
same body region, including thigh [48]. During jpreéhary tests
we observed that actually this was the case usiagmartphone
in the pocket. The only limitation to this was obh&el when the
user wore very large trousers, which caused thetphwne to
move unpredictably within the pocket. The datasetuded data
from 33 participants while doing a large set of\aiies grouped
in four main classes: ambulation (including lewgdhill, downhill
on both treadmill and ground), cycling, sedentayvities (such
as working at a desk) and a class named “othetsithnincludes
non-locomotion activities done in an upright pasiti(such as
sweeping and painting) [46, 47]. Time and frequedoynain
features were extracted by windowing the norm of th
accelerometer data channels. Signals were windawsid) 512-
samples non-overlapping windows. The classifierselmowas a
Support Vector Machine (SVM) with a radial basisdtion
kernel [46]. The validation was conducted followiadeave-one-
subject-out strategy [46, 47].

After running offline validation tests, all the dkdble data
were used to train a general classifier, which ingdemented in
the smartphone. In the online testing phase, impiged using an
ad hocandroid application, 512-samples 90%-overlappliting
windows were segmented and features were calcufiaedthem.
A soft-assignment classification strategy was thensidered. A
soft-assignment approach was preferred in the endést to allow
discarding outputs from the classifier when thesgfécation
confidence was not acceptable. The soft-assignmastobtained
by cascading a logistic regressor to the SVM di@ssutput.

3.3 Gait stability assessment for fall risk

estimation
Data from 11 control subjects C (55+6.3 years @ldyl one 68
years old person (P) at high risk of fall were mssed. Data were



part of the preliminary studies we conducted far tHNONTFALL
research project [49]. The tests consisted of umsénting 30
meters walking bouts by using the described weara@nsor
network. In particular, the shank and the waistseenwere
considered in this part of the study. The test isbed of asking
the person to walk along a 30-m long corridor: dgrtests data
from the shank sensor were used for gait segmentatirposes,
and segmented data from the waist sensor were sgedeto
estimate parameters potentially useful for falk resssessment.
Gait segmentation was obtained by using the hidikemkov
models (HMM) based strategy we previously validaded tested
online in [50, 51]. HMM-based methods found apglima in this
field because they improve results reliability,tive face of high
inter-subject variability. The online version ofrodMM-based
gait segmentation algorithm was implemented in #f&ank
sensing node to provide gait events time label$ dnave the
procedure for estimating stride-based HRs [51]. n8sdation
information (toe-off and foot-strike events) frohetshank, jointly
with inertial sensor recordings from the waist wesnt to the
smartphone via BT. The set of parameters consideredscribe
gait stability were: stride time, stride time vdnility, expressed as
coefficient of variation in %, root mean square (8MWalue of the
component of vertical acceleration (gravity remgvadd HRs of
the three component of acceleration (medio-lategaitero-
posterior and vertical). Stride time informationsaderived from
HMM based gait segmentation at the shank, by etialyahe
time between consecutive foot-strike events. Theticat
acceleration RMS was estimated using the completeleration
trace acquired during the walking bouts. HRs wenaguted by
submitting stride acceleration data to Fourier lamm analysis,
as described, e.g., in [44].

4. RESULTSAND DISCUSSION

4.1 Activity recognition

Some results for the leave-one-subject-out crodaten study
are reported as a confusion matrix in Table 1. &lgorithm

confirmed to be effective in automatically recogmig activities

using sensor information from a single placemetd Bl6]. The

overall recognition accuracy was 95%: the worstultesvas

achieved for the “other activity” class (80.1%),emh the amount
of training data was smaller. Walking bouts wer¢omatically

recognized with 97.2% accuracy. This high accuiastifies our

initial intention to drive gait parameters estiratiusing activity
recognition outputs.

Two screenshots of the online implementation amvshin
figure 3. Classification results and posteriori classification
probabilities were reported online to the user.ifidattions can be
raised if the detected sedentary behavior lastsnfore than a
predefined time, which can be set by, e.g., the asa therapist.
A diary tool was also included to give the user agtivity
summary of the previous outputs from the classifiefen though
a quantitative test of outputs was not performedinenyet,
qualitatively the app showed correct classificaionmost of the
tested windows. The availability of tleeposteriori classification
probabilities, which were obtained as the resultthaf logistic
regression, allowed us to add an additional “udettclass for
those output showing uncertain classification otitpu

The battery consumption of the app was not nedégiiven
the high rate of accelerometer sampling (~100 Hajyever, the
batteries of the tested phone (Samsung Galaxy-$300) using

the app lasted for 12 hours. It is our plan to pedthe sampling
rate to 40 Hz in future tests, given that offliests indicated that
this reduced sampling rate does not affect clasgifin accuracy.
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Figure 3. The Activity Advisor app for activity recognition

using a smartphone.

Table 1. Confusion matrix for activity recognition

Classified as
Ambulation | Cycling Other Sedentary
(A) © ©) S
A | 6615 62 51 76
(97.2%) (0.9%) (0.7%) (1.1%)
C| 33 3167 53 48
- (1%) (95.9%) (1.6%) (1.5%)
8l o] 24 36 2002 438
= (1%) (1.4%) (80.1%) (17.5%)
gl s[5 41 230 7506
< (0.1%) (0.5%) (3%) (96.5%)
Table 2. Gait stability indexes
ID | Stride | Stride | Vertical | HR | HR | HR
time time acc., ML | VT | AP
variab. RMS
cCl|1 1.05 1.04 2.77 1.84 238 2.95
2 1.07 0.92 341 1.8C | 202 | 2.10
3 1.22 2.13 1.58 201 22p 226
4 1.15 0.97 1.59 218 | 1.85 | 2.83
5 1.11 2.52 2.10 1.72 289 3.35
6 0.95 1.7C 2.99 331 |32C | 321
7 1.08 0.82 2.51 169 195 148
8 1.03 1.47 2.00 1.3C | 210 | 1.94
9 0.93 1.91 3.07 3.03 354|271
10 | 1.08 1.58 1.64 1.94 208 2.57
11 | 0.96 2.58 2.14 163 | 3.08 | 3.32
avg | 1.06 1.60 2.35 204 | 249 | 261
P12 |1.0Z 7.37 2.34 1.6¢ | 1.6¢ | 1.91




4.2 Gait stability indexes

Results for gait assessment using shank and waistied
sensors are summarized in Table 2. It is worthngothat the
values reported for the controls match closely radie values
reported in the literature. It does not come asrarise that the
person known to be at risk of fall according tanidal screening
(Tinetti scale score: 20 out of a maximum 28) eihkil higher
stride time variability and lower values of HR, whireflects a
less regular and stable gait, according to thepnégation given
to these parameters in the literature [43].

5. CONCLUSIONS

A body sensor network including a smartphone aneethwireless
sensing nodes has been proposed for the estinwdtifafl risk in
the elderly with a multi-factorial approach. Theposed strategy
involves the physical activity level estimation ahgh activity
recognition and gait stability assessment throught gpatio-
temporal parameters estimation and signal harmaaitios
evaluation.

Concerning the activity recognition problem, weaibéd a
high accuracy online activity recognizer using adphone. This
allowed raising a warning to the user if her/hig\vaty does not fit
the expected behavior during its use. The activégognition
output can be used in isolation from the rest ef hocessing or
eventually, activity recognition output can driviher estimation
such as the one proposed about gait stability sisres.

Concerning the fall risk assessment using measfremit
variability and symmetry, we are in the positiorctombine robust
estimation of gait temporal parameters (even inddams of
pathologic gait), with a stride-based computatioseheme that
lead to estimate HRs with good precision.

In this work only few of the possible applicatiori the
proposed sensing network were reported. Many @tpplications
such as gait spatial parameters analysis, pedestaaigation,
sleep monitoring, fall detection and so forth caniticluded, but
their description is out of the scope of this paper
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