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ABSTRACT

The ambulatory monitoring of human movement canvige
valuable information regarding the degree of funedi ability
and general level of activity of individuals. Sinealking is a
basic every day movement and an important eleneeimttoduce
into one’s daily routine, automatic step detectorstep counting
is very important in developing ambulatory monitgrisystems.
This paper is concerned with the development aagthliminary
validation of a step counter (SC) that is especiditsigned for
conditions of slow and intermittent ambulation. T@ was based
on processing the accelerometer data measured Beaa 2
smartwatch using a custom wearable app, named ADAMing
on the Gear 2. A dataset of 8 users, for a tot8Btrials, was
used to tune ADAM. Finally, ADAM was compared withe
native SC running in the Gear 2 smartwatch, andh wie SC
implemented in a waist-worn pedometer (Geonaute TB¥S
400) (dataset of 8 users, for a total of 80 trial)e three SCs
performed quite similarly in conditions of normablking over
long paths (1-3% of mean absolute relative errédXDAM
outperformed the two other SCs in conditions of wslo
and intermittent ambulation; the error incurred ARAM was
limited to 5%, significantly lower than errors d®-30% incurred
by the two other SCs.
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1. INTRODUCTION

Ageing of the population, especially in industdali countries,
and the concurrent increase of the number of pegptespend a
large part of their daily time in home, motivate thevelopment
of ambulatory monitoring systems that are capablkevaluate the
level of physical activity, even in conditions @ktrained mobility
[1]. Because of the importance of walking for altisalifestyle,
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step detection and counting is thus one of thepkellems for the
understanding of the complex relationship betweealth and
physical activity [2].

A large number of devices and applications haven lieeloped
for physical activity monitoring [3-5]. Acceleronmgt is the
technology of choice for wearable devices to measumd assess
physical activity. A pedometer — the device usadrégording the
number of steps taken — counts each step by degeitte motion
of the person’s arm or hip and it is consideredaidvoption for
assessing physical activity in research and pma§@L Differently
from past switch-based devices, the recent pedosedee
actually based on MEMS accelerometers whose data
processed by a dedicated algorithm that allows ecurate
detection of steps. There are several factors ¢hat limit the
accuracy of pedometers, including placement sitgensity of
walking, counting errors due to non-ambulatory \dités [7-9].
The most common placement site of pedometers iswist:
devices are attached to the waistband or belt bgnsef a clip.
Measuring the acceleration in all directions in thieree-
dimensional space relieves the wearer from the meeadcurately
position the device relative to an anatomical exfee frame,
which is important in the presence of body fat aludhing [7, 9].
User comfort and acceptability are generally higince the
freedom of movement is not restricted and donnioifity is
easy and convenient. Whereas counting errors dueoto
ambulatory activities may not be critical to theierformance,
waist-worn pedometers are grossly inaccurate whenatalking
speed is low [1, 10].

Recent technological advances, in particular theeld@ment of
mobile devices (namely, smartphones) that are eadowith

inertial sensors, have motivated further reseanctiné field. The
problem with smartphone-based pedometers is thatnibbile
device is not necessarily taken in the same locadioall times,
and in the same position relative to the body (érguser pocket
and bags) [11]. In contrast with waist-worn pederet
smartphone-based pedometers are also more sengitithe
influence of non-ambulatory activities, althougtemesting results
have been recently reported as for the recognafoactivity and
the estimation of spatial-temporal parameters af 2, 13].

Moreover, movements of the upper arm when the giant is
carried in the hand are not necessarily correlatgd walking,

and can thus generate a lot of false positives.imtaresting
avenue of research concerns the creation of sigratessing
methods that can help reduce the sensitivity op-steinting
algorithms to the issue of placement and non-anylactivities
[11, 14, 15]. However, in a similar fashion to waisrn

pedometers, smartphone-based pedometers suffer dconracy
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degradations when the walking speed is slow. Inattempt tc
improve the performance of smartph-based pedometers,
embedded MEMS gyroscopes have also been consideredh
alternative to accelerometers [16].

The reluctance to accept and to routinely use mehriologies it
an important issue for the development of wearabd@sor
systems, such as activity monitors and pedometeask of
interest or motivation in using them is highly predie of later
refusal. In this regard, a new generation of moliéeices ma
imply a change of attitude. The compliance with tiee of
device worn at the wrist (namely, a smartwatch) obe
generally high, which is one reason for the increasing irgt
attached to this technology: recent works involviogc-term
monitoring in large cohorts of users highlightedttiising wris-
worn sensor devices can grant longer wear tif17] [18].
Moreover, smartwatches provide unprecedented opioyt for
collection of large datasets of continuous measanemof
physiological parameters (e.g., heart rate, gatvakin resistanc
and temperature), and activitglated data (e.g., bt-in
accelerometer recordings), which can be used fogitodinal
monitoring of health status and for quantimetritf-tracking, as
advocated by the Quantified Self movemidmt, 19-22].

The problem of reliability of measurements is ofi@ted as ¢
major obstacle for wider use of wearable health itbdng
devices such as smartwatches. For instance, procesbia
accelerometer data for activity recognition proside challeng
because of the wrist gesticulation and variabilitymovement
compared with placement sites such as waist oreg23]. The
wrist may move differently during the same actividepending
on what § in the hand and what the hand is holding or kt#img.
It is expected that these difficulties may afféefpscounting usin
a wristworn pedometer, although arm movements are gewnt
well correlated with leg movements during steadking.

In the case of intermittent ambulation activitiesgritical issue
affecting theaccuracy of existing pedometers is the numbe
missed steps that may occur due to the irregutarasipattern:
from the builtin accelerometer, regardless of placement site
instance, consider the problem of estimating a fetgps
interspersed withfrequent stops and restarts. In this scen
acceleration peaks correlated with steps are esgetd be
distributed irregularly both in amplitude and im&; hence, an
predictive mechanism embedded in the algorithntey sounting
is likely to perfom poorly, due to the difficulty to specify ai
match template patterns describing the events doguduring
any single step. Another element of difficulty ikat date
windowing itself would be a critical process in dirons of slow
and intermittent walking (low timeesolution issue) [9]. /
wristwatch pedometer that would search for theqgulsriinheren
in the cyclical nature of walking would require el long signe

(b)
Figurel. (a) The Gear 2 smartwatch used for ADAM

development; (b) The mobilereferenceframealigned

with the sensitivitv axes of the embedded accelerometer.

windows for extracting, e.g., the freque-domain features
needed for step identification.

The literature existing on the application of wworn
accelerometry to the problem of step countingils starce, anc
scattered, especially in conditions of slow andermittent
ambulation. Few patents were also surve[24, 25]. This paper
is an initial attempt to fill the gap. Previous easch or
smartphone pedometry showed that frequ-domain or
correlation approaches dimnot accrue substantial benefits
compared with windowed peak detect (WPD) methodssfep
counting in conditions of normal walking [9]; onetlother hanc
WPD methods are easier to implement and presenicee
computational loads. Therefore, we develoan adaptive WPD
algorithm for wrist pedometer step counting usihg buil-in
accelerometer of a commercial smartwatch. We coedpdhe
performance of the proposed algorithm, the natpge @inning in
the smartwatch for step counting, and a v-worn commercial
pedometer. The experimental tests included steadlivg at
several speeds, jogging, r-ambulatory activities, and
intermittent and slow ambulatic

2. EXPERIMENTAL SECTION

2.1 System Design and I mplementation

The developed algorithm was implemented in a wéaralpp
named ADAM (Advanced Daily Activity Monitor) runngnon a
commercial Tizen smartwatch (Gear 2, Samsung Blieics Co.
Ltd.), Fig. 1a. ADAM was written in HTML5 using tHBE Tizen
SDK for Wearable(version 1.0.0 The smartwatch provided
acceleration componends, a,, @, (hormalized to the gravitational
accelerationg, g = 9.81 m/§) relative to the mobile reference
frame shown in Fig. 1b. The MP65M-axis chip manufactured by
InvenSensge Inc., San Jose CA, USA serves as the ine
measurement unit within the smartwatch. The acatter was
measured by the embedded-axial accelerometer, internally
sampled at the sampling frequerfs = 25 Hz (sampling interval
Ts = 40 ms). AdditionBy, a tri-axial gyroscope was available to
measure the angular velocity at the rate of, apprately, one
sample per second (feature not used in this wakkhough it
might be interesting to use the measured angular faa ster
counting purposes, thisampling rate was believed too low
allowing any use in the present cont.

2.2 Experimental Protocol

Two sets of experimental trials were performedhvifte aim tc
build one dataset for tuning the parameters nedgethe stef
counting algorithm (f&ining dataset), and another dataset
assessing its performance (testing dataset). Teopgrof health'
adult subjects participated in the experiments. pgdfticipants
signed an informed consent before starting experaheessions
Research procedes were in accordance with the Declaratiol
Helsinki. All subjects wore the Gear 2 smartwat¢htbee nor-
dominant hand wrist and a commercial pedometer iGe®
ONSTEP 400), which was clipped to the waist belthat right
anterior iliac spine. Duringxperimental sessions, subjects w
free to wear their preferred shoes. Although thsting was no
done in true naturalistic environments, we tookedar minimize
experimental biases, by asking subjects to moveassrally as
they could. Moreover, thedlid not receive verbal or any ott
feedback information about their performance, atért and sto
messages were issued to them. The subjects weraciesl to
walk at their preferred speed (f-selected speed), slower, or
much slower, than normahd faster than normal, being free
interpret the speed at their own convenience. Bhefsactivities



considered for training ADAM and for testing ADANhe Gear &
and the Geonaute step counters (SCs), is giveraibeTl. The
experimenter observed tharticipants while performing activitie
and counted the number of steps walked in each #taas tc
compute the reference step coulNt; used for algorithm
performance assessment.

Table 1. Activity typesand description

Type Description
Walk- Walk ten steps along a straight path, includinglé
turn- turn to walk ten steps in the opposite directioras
walk to return to the initial location (a rest of twoceads

allowed before and after the hturn). Repeat a
four different speeds: slower than normal, nor
(i.e., freeselected), faster than normal, jogg

Walk 500 steps at constant, slow speed (I

Sow and

steady walking); directional changes are allow

walk

Variable- | Walk 500 steps at variablepeed (level walking

speed with walking speed being freely changed (slo

walk than normal, normal, faster than normal); directic
changes and sto-starts are allowe

Very Walk 100 steps at very low speed (level walkir

slow with minimal trunk and headscillations; directione

walk changes and stopsgarts are allowe

Jog Jog 100 steps; directional changes and -starts
are allowed.

Going Climb a staircase of 11 steps {&® high), including

up-and- a halfturn to the higher floor; waldownstairs along|
down the same staircase, so as to return to the i
stairs location.

In-home | Subjects were asked to do a predefined sequer
task actions in a structured room, walking at their ¢

preferred speed (see figure 2):

a)Take a box placed on the deat point A and place
it on the top of the shelf at point d = 7.8 m)

b)Reach the coat rack at point C and pick up a d
=3.6m)

c)Carry the bag on the top of a second shelf at |
D using the smartwatch side ard = 8.4 m)

d)Reach the shelf at point Bid recoup the boxd =
7.2 m)

e)Bring the box on the desk at pointd = 7.8 m)

f) Reach the shelf at point D and recoup the id =
4.2 m)

g)Carry the bag to the coat rack at point C usinc
left arm @ = 8.4 m)

h)Reach the point Ad= 6.6 m)

The distance wkéd in each section from a) to h)

denoted withd. Between each section, subjects w

asked to rest for two secon

AR
MA

3 Céaﬁ rEc:

_Eshﬂ. Shelfl |

Figure 3. Room layout, with the furniture location for the
In-home task activity. The red shapes are fixed obstaclesto
be avoided. The blue shapes arethetarget points. Thegrid
Sizeis60 cm x 60 cm

The training dataset included the accelerometea @aijuirec
from group 1subjects asked to perform thWalk-turn-walk
activity, with all variants indicated in Table 1light subjecs (5
males and 3 females) participated in the trainimgse. Age
ranged from 28 to 55 years (3& 11.8 years) and height from
160 to 185 (172.& 10.5 cm). The testing dataset included
accelerometer data acquired from gr-2 subjects asked to
perform all activities in Table 1. Eight subjec® rhales and
females) participated in the testing phase. Aggedrfrom 29 tc
54 years (37.2 9.7 years) and height from 158 to 187 (17+
9.5 cm).

2.3 The Step Counting Algorithm

A standard calibration procedure was employed tibrege the
built-in tri-axial accelerometer [24]. The computed values
offset and scale factor along the three sensitaxes were used
to compensate for calibration errors before prangsshe
accelerometer measurements by AD,

The acceleration magnitude
Ay = }a§+a§,+a§ (1)

was computed from the acceleration components. -point
moving average filter was appli to the acceleration magnitude,
followed by a 3point moving median filter, in the combin
effort to remove the higfrequency noise and mitigate the effe
of outlying measurements. If the absolute diffesebetween th
current sample and the previosample at the output of the
moving median filter was less than a small threghy), the
current sample was clipped to the previous sanydding A, .

A high-pass filtered version A, was obtained, namek, by
subtracting an §oint moving averged version ofA,,_ from A,
itself. On a separate conditioning line, the acetien
componentsa,, a, a, were filtered using a -point moving
average filter, yieldingy,, a,, a4 .

2.3.1 Dynamic Thresholding
In accordance to previous studies, we hypothedim kocal
maxima of the acceleration magnitude correlate ¥att contact:
at the beginning of each gait step, provided tbhahgeak value
are high enough and are not determined by accieie!
measureent noise [25]. Hence, each peakA,_ whose value
exceeds some threshold vallp can increase the step count by
one unit, depending on the outcome of the stepdatiin
procedure described in the following. We proposelétermine
the threshold value on line (dynamic thresholdibg) clipping
AL to a minimum value (to reduce the effi of the pedometer
vibrating very rapidly or very slowly from a causgher thar
walking), before being timshifted byzy = K4Ts units of time. The
rationale for this choice is explained, first, bpalyzing the
shortcomings of a popular means to comylp [25]:
max{Am}e,, + min{Am ke,

D = (2)

2

The adaptive threshold is computed as the aritltmetear
between the maximum and the minimum valuesA,.. These
values are evaluated using a signal window of ez, extending
from the current sample &, backwards; the threshold is then
clipped to a minimum valud,,,,. The peak is searched in the time
interval from the positive crossing tii (rising time), i.e., when
A, crossedp with positive slope to the negative crossing tito
the negatie crossing time (falling timei.e., whenA,; crossesp
with negative slope. In the example reported in. Hgip is
computed over different time windows according ), (and
clipped toAnin (Amin = 1.033g). In the time window over which



AL exeeds (or not) the dynamic threshiddhe step counter state
is: armed (not armed).

In the example, it is noted that the step annotated4 is not
detected wherr,, = 1 s, yielding a false negative in the step
detection process (Fig. 3a). This behavior is quipical,
especially when the peak values A, differ markedly during
consecutive steps, namely when left and right steps not
symmetric. Slight asymmetries are typical even edlthy gait as
highlighted by analyzing data from waist-worn sassj@6] and
they are likely to exist as far as the motion dof tipper arm is
considered; intermittent ambulation (e.g., frequettps and
starts, abrupt directional changes) thus furtheacerbates the
problem. In the effort to make the dynamic thredhatiapting
faster to the signal shaps, can be reduced, as in Fig. 3b, where
ww = 0.08 s. The peak at P4 is correctly detectesheler we
observe a false positive occurring in the caséefpeak at PO. It
is also noted that the time function of the dynathiesholdip
tends to a delayed replica&f, as long as the window's length

is reduced. Let us suppose that the time windavaisowed down
to the point when,, = T, in which case the dynamic threshold
turns out to beA,_ delayed by one sample. Following the
reasoning above, the algorithm would become higb$ponsive,
with the consequence that several false positiveghtmarise,
especially when the (wrist) acceleration pattemgsiaegular. In
our WPD implementation, we propose to design theadyic
threshold using a deliberate time-shiftAf. by K4 > 1 samples,
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Figure 3. The time functions of A;_ (blue) and 4p (red)
are reported for a representative walking bout from
activity Walk-turn-walk. (@) 7, = 1's; (b) 7, = 0.08 s. Red
and green triangular markers indicate the samples
within which the dynamic threshold is crossed in rising
and falling directions, respectively.
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Figure 4. The time functions of Ay, (blue) and 4p (red) are
reported for the same walking bout from activity Walk-turn-
walk in Fig. 3.

in the effort to avoid proliferation of false padsés, whilst
retaining good adaptation properties. Herigas computed as the
clipped (to Anin) and time-shifted (byty = K4Ts units of time)
replica of A,,_. We hypothesize that this approach may ensure fast
adaptation to any change of the underlying sighaps. Figure 4
shows the results for the same example as in Figip3is
computed by delaying, by four samples, and the result is then

clipped toAnin-

In this particular example, the peak at P4 is atlyedetected,
without introducing false positives in the stepedtion process.
However, successful peak identification does ngtlynthat the
step count be increased necessarily by one ueitiétected step-
related event must be further validated for achigvbetter
robustness to false positives. In preparationHerdtep validation
phase, the following quantities are computed. Ttep dime,
expressed in seconds, is computed as the differeetseen
successive occurrences &, -peaks that are identified by
dynamic thresholding. The cadence, expressed insitmmputed
by inverting the average step time, which is edttafrom a
specified number of step times. Finally, the Roaad Square of
Ay (RMS) is calculated in a window of lengthextending from
the current sample &, backwards over the windosy

2.3.2 Sep Validation

The proposed procedure of step validation rung afseiles that

are applied at the time when a peak is detectecoara sample-

by-sample basis. The SC status is determined byalges: the

total number of steps counted so fdgd) and the current number
of consecutive peaks that are recognized as sBepa$tep).

The set of rules and the related parameters istilted in Table
2. Rule #1 is related to the assumption that adgteealking

activity requires at least some consecutive stepsctur [25].

Rule #2 to rule #6 code the intuitive notion thajaét step cannot
have abnormal durations (neither too long nor tomt}, and must
be characterized by a significant accelerationgdnt [27]. Rule

#7 can detect sudden stops of walking (no additisteps have
been counted in a given time interval). Rule #&&daletecting
situations when the wristwatch orientation in thhree-

dimensional space is likely to be inconsistent wvilie forearm
orientation of a walker. Rule #9 helps detectinigdapositives
that are likely to occur due to arm swinging durthg last step
before a walk stop.



2.4 Metric of Performance
The Count Error CE) was defined as follows-th activity, j-th
subject):

CE(i,j) = Nstep(i,j) = Npeg(i,j), i =1,..,10; j =1,..,8.  (3)
The Mean Absolute Relative ErroMARE) was also considered
as performance metric:

CE(i,j
g @
Nref(l'])

CE and MARE are the metrics to investigate the accuracy of the
three SCs. Henceforth, the teaomplete failure will be used to
denote when one method was 100% inaccurate, isethge that it
could not register any valid step in a particulethaty.

3. RESULTSAND DISCUSSION

ADAM was trained using th&CE-statistics generated from the
training dataset to handcraft the setting of theutnparameters
needed by the algorithm, Table 3.

8
1
MARE(i) = 100 '52 . i=1,..10.
=

The parameteréy, Kg, Amin @and StMin were tuned by performing
a grid search for determining their optimal valEepirically, we
verified that they were important in determining talgorithm
performance, especially the time del&y which turned out to be
the essential element of the proposed WPD methothp@red
with the case wheK,; = 4, a too small value tended to increase
the detection sensitivity at the expense of thecifipiy;
conversely, a too high value (s > 8) tended to improve the

reasonable constraints of walking [27]. All otherg@meters that
were grouped under the category Step validationable 3 (i.e.,
AMin, AMin, A,Min, A,Max) helped essentially to improve the
capability of rejecting the many false positiveattitould be
collected during activities of daily living involng hand
movements that were not necessarily related wittking (rule
#8). We performed several tests with the subjeasaring the
smartwatch; they were asked to freely perform sedgractivities
(i.e., answering phone calls, drinking, typing aylbkmard,
gesticulating while speaking) and exercise breake., (
outstretching the arms in different spatial oriéotess) — total
recording time: 30 min per subject. By careful gail of the
accelerometer data recorded during these testsyave able to
choose a parameter setting that turned into 10086ifsgty. It
goes without saying that the native Samsung SC raglaued
several counts in the same situation where ADAM wnas
affected by false positives.

Table 4 reports the data concerning the complélieréa of each
SC. Not surprisingly, the Geonaute SC performed seomn
conditions when the number of consecutive stepkedabefore
any stop was not high enough for step validatialk-turn-walk
and In-home task); moreover, it suffered from some difficulties
even during the activit¥ery slow walk. The explanation is that
the factory calibration of the Geonaute SC wascfunditions of
continuous walking at not-too-low speeds. The Samgs$C

Table 3. Input parametersof ADAM.

detection specificity, at the expense of the siitsit - Processing 5oL

The parameters TstMin (minimum step time), TstMasaximum . g Dynamic thresholding

step time), StfMax (maximum cadence), AccMax (maxim Kq 4.00C

value of A,), AccMin (minimum value of A,), StRMS Aumins 0 1.033
(maximum value of RM9), and TimeOverT (minimum duration Step validation

of a step-related acceleration burst) were usedmfplement St™Min 6.000

simple heuristics that helped improving performabgenforcing TstMin, s 0.300
Table 2. Step validation rules SthI\t/I'\giX’I-iz 13%%(0
Rule Description State AMin, g 0.250

1 Wait updatingNsiep until ContStege StMin Falling AMin, g 0.150

2 If step time< Tst_l\/lm or step timex TstM ax, Falling AMin, g -0.360
then ContStep = A,Max, g 0.80(

If cadence= StfMax, then ContStep = 0 (cadenge :

3 is computed from the last StMin s?eps) ( Falling Achtax,g 2500

4 If Am-peak= AccM ax, then ContStep = 0 Falling .ACCMm’ 9 1.04(C

5 If Am-peak< AccMin, then ContStep =0 Falling TimeQOverT, s 0.120

6 IfAnL exceeds, for a time less than Fallin s S 3.000
TimeOver T, then ContStep = 0 g StRMS g 0.080
If the time elapsed from last valid step Not )

7 | (ElapsedTimeFromLastStep) exceddsV ax, armed Table 4. Number of completefailuresfor each method.
then ContStep = 0 - Samsung | Geonaute
Suspend dynamic thresholding if ContStep Activity ADAM sC sC
StMin_, or the step counter is armed or one of the Walk-turn-walk (slow) 0 3 8
following four conditions is true:

g | Workspace check: Sat;“me Walk-turr-walk (normal 0 3 8

1. ac>AMax sar%/ple Walk-turn-walk (fast 0 6 8
2. ai<AyMax Walk-turn-walk (jogging) 0 5 7
3. ap2AMax Slow and steady walk 0 0 0
4. ay <AMin Variable-speed walk 0 0 0

If the following conditions are true: Very slow wall 0 4 2
1. RMS,2SRMS Jog 0 0 0

9 2. EIapsedTlmeFr_omLastStesttMax Not Goina Up-and-down stairs 0 0 0

3. ContStep StMin armed gIn%ome task i 0 0 5
4. Nyep>0 -

thenNag = Negg — 1, and ContStep = 0 Total 0/80 21/80 38/80




Table5. Statistics of the performance metric CE.

Activity ADAM Gear SC Geonaute SC
Mean | Max | Min | Std Mean Max| Min| Std Mean Ma Min  Std
Walk-turn-walk (slow} 0.7 4 -1 1t | -3.C -2 -4 1.C NA NA NA NA
Walk-turn-walk (normal) 0.6 3 -1 14 -18 1 —4 2J1 NA NA NA NA
Walk-turn-walk (fast 1.C 4 -2 2.C -1.C -1 -1 0.C NA NA NA NA
Walk-turn-walk (jogging)| 2.7 7 -3 3.2 2.3 7 —1 8L 4.0 4 4 0.0
Slow and steady walk -4.9 3 =20 7.0 -4.5 D —-17 5.54.8 3 -18 8.3
Variable-speed wal -11.1| 18 -84 | 30 | 4.¢€ 23 -5C | 20.f 4.4 3€ -1C | 141
Very slow walk -2.9 8 =17 7.1 -21|5 0 —76 364 630. 1 -82 38.5
Joc 0.C 5 -3 2.8 5.5 15 —63 | 24.C 4.C 17 -4 6.4
Going up-and-down stairs 0.1 3 -2 16 -1.3 il +4 1 2.0.8 3 0 1.0
In-home tas —5.E 1 —2€ 9.C |-10.£| 1C —42 | 19.C | -61.C 2 -10% | 55.¢
performed better than the Geonaute SC in our exgats, but 1 aPle6. Valuesof theperformance metric MARE.
not for the activity Very slow walk. The same comment . Samsung | Geonaute
concerning the factory calibration is pertinent égplain the Activity ADAM sc sC
Samsung SC behavior. Walk-turn-walk (slow) 5 15 NA
Limiting the statistical analysis just to the tsalihen the methods Walk-turn-walk (normal 6 11 NA
did not undergo complete failure, Table 5 repdisQE statistics Walk-turn-walk (fast) 9 > NA
for each activity, averaged across subjects (meduney standard Walk-turn-walk (jogging 18 35 2C
deviation, minimum value, maximum value). The tveanmercial Slow and steady walk 1 1 1
devices, particularly the Samsung SC, tended teneodnt steps, Variable-speed walk 3 2 2
especially when the walking conditions differed smme extent Very slow walt 5 21 3C
from those assumed for the factory calibration. @osely, Jog 2 12 5
ADAM performed acceptably, although, due to an oy Going uf-anc-down stair 2 3 2
subject performing the activityariable-speed walk, namely one In-home task 6 17 61

subject for which ADAM heavily undercounted steff&e mean
error and the standard deviation were slightly gnethan those
achieved by the two other methods in the same tiondi

Finally, Table 6 reports tHdARE values scored by the three SCs.

The three tested SCs performed similarly during ¢lxeended
walks of Sow and steady walk, Variable-speed walk and during
Going up-and-down stairs; conversely, ADAM outperformed the
two other pedometers in all conditions when the emoent was
very slow (i.e., duringvVery sow walk) and more intermittent
[Walk-turn-walk (except jogging) andin-home task]. Walk-turn-

walk (jogging) was the only activity where the three methods

performed poorly, although ADAM was better eventliis case
(no complete failures and lower MARE values).

The complete failures and the errors incurred bg three
methods, and especially by the Geonaute SC, dthiaactivity
Walk-turn-walk, in all conditions of walking speed, can be partly
explained as the consequence of the built-in assampof
registering a step only after that a certain nundfezonsecutive
steps have been observed. This assumption is commail
tested methods. In the absence of documented iafmmabout
the behavior of the two commercial devices, we aary
conjecture which value of the parameter StMin thaye (StMin

= 10, we believe). The approach we propose to digxam
thresholding allowed reducing StMin without subsin
performance degradation, provided that the timend&l; was
suitably chosen.

From inspecting the performance data reported il€Ba4-6, the
Samsung SC outperformed
outperformed both during/alk-turn-walk (in all variants) andin-
home task. Moreover, the two wrist-worn SCs tended to perfor
better than the waist-worn SC when the walking épeas slower
than normal, with the preference to be given to ADAVe can
conclude that the two customer SCs were not prgbdésigned
to perform accurate step counting in those sitaati¢slow and

the Geonaute SC; ADAM

intermittent walking) where ADAM suited better. Thaata
reported in Table 6 indicate MARE values incurrgd ADAM
lower than 5% during continuous walking across agea of
speeds, which increased to 5%-18% when short walkiouts
were considered. We consider the results of thipepan
connection with the results reported by Cheng ef28], who
analyzed step counts using a custom smartphoneitalmoand a
commercial waist-band pedometer when two healthlyjests
walked 500 consecutive steps. The custom smartpalgoeithm
outperformed the waist-band pedometer, showingopmdnce
comparable to ours (activiti&ow and steady walk andVariable-
speed walk). However, they taped together the smartphonetaad
waist-band pedometer and fixed them at the L3 Idialer
trunk). In these conditions, trunk accelerometryidely regarded
as a feasible technique to accurately measure osjeatiporal
parameters of gait, including step time and cadd@ég [30];
however, serious concerns exist for its suitabilithien gait is
pathologic, the gait speed is low, or both [31].eGh et al
recognized This same difficulty was recognized RB][ in
experiments involving COPD (Chronic Obstructive rRahary
Disease) patients that performed the Six Minuteskiva Test
(6MWT); see also [32], for a discussion of the tresf state-of-
the-art pedometers to undercount steps in conditioh slow
walking. We verified the same behavior of eithex Samsung or
the Geonaute SC, which sometimes also completelgdfdo
count at slow walking speeds. On the other harel utidercount
bias of ADAM was generally small. We consider tliere the
ADAM error rate, particularly during the activiyery slow walk,
a very promising result.

It is noted that ADAM and the Samsung pedometertwoeapps
that run on the smartwatch, sharing the same raelemmeter
data. The ADAM step counting loop works at the rafe25
samples per second; in the absence of any funtfi@mation, we
believe that the sampling rate is the same for $aensung



pedometer. In terms of power consumption, we \agtifihat the
time from full charge to complete discharge of biagtery system
is 72 hours (low-power screen-off mode) and 5 hdscseen-on
mode), irrespective of whether the Samsung pedomsets alone
or ADAM works in conjunction with it (the Samsunggometer

is a permanent application that can never be at)ort€he

computational load of ADAM is therefore similar tbat of the

Samsung SC, and both apps drain only a limited atafubattery

power, compared with the battery draining due tg,, ¢he screen
condition. Of course, any further consideration whibe battery
life must consider that smartwatches are devicasdhn be used
for fulfilling many functions, including, e.g., gphony, e-mailing,
Bluetooth connectivity, which all are known to beeegdy of

battery power. In this sense, the power requiresnemd the
battery charging policies of a smartwatch would letdissimilar

from those of a smartphone.

4. Conclusions and Outlook

This paper was concerned with the development amel
preliminary validation of a step counter that wassigned for
applications when ambulation can be slow and inteent. The
step counter was based on processing the accel@momata
measured by a commercial smartwatch using a custeanable
app (ADAM). Compared with either the native stepurter
running in the smartwatch or a waist-worn pedomefddAM
exhibited similar accuracy levels in conditionsnofmal walking,
and was superior in conditions of slow and intetenit
ambulation. The WPD algorithm developed in thisgrafor step
counting can be ported to any wrist-worn mobile idevthat
embeds a tri-axial accelerometer to measure wastlaration.
Our novel approach to dynamic thresholding mightibeful even
in the implementation of WPDs for step countingngsiother
accelerometer placement sites, although we havgetdested it.
As for the wrist, the experimental results showhie paper offer
promise for a robust solution to the problem opsteunting in
difficult conditions of slow and intermittent watig.

5. ACKNOWLEDGMENTS

This work was partly supported by the EC fundedjqutol-
SUPPORT “ICT-Supported Bath Robots” (H2020 PHC-19
643666).

6. REFERENCES

[1] Storti, K. L., Pettee, K. K., Brach, J. S., TalkowsH. B.,
Richardson, C. R. and Kriska, A. M. 2008. Gait spaed step-
count monitor accuracy in community-dwelling oldedulis.
Medicine & Sciencein Sports & Exercise, 40, 1 (2008), 59-64.
Storm, F. A., Heller, B. W. and Mazza, C. 2015.pStietection
and activity recognition accuracy of seven physiaativity
monitors.PloSone, 10, 3 (2015), e0118723.

Yang, C.-C. and Hsu, Y.-L. 2010. A review of accefaetry-
based wearable motion detectors for physical agtiibnitoring.
Sensors, 10, 8 (2010), 7772-7788.

Fortino, G., Giannantonio, R., Gravina, R., KurylpsR. and
Jafari, R. 2013. Enabling effective programming atekilble
management of efficient body sensor network applinatideEE
Trans Hum-Machine Syst, 43, 1 (2013), 115-133.

Fortino, G., Gravina, R., Li, W. and Ma, C. 2015.Usicloud-
assisted body area networks to track people phyaittatity in
mobility. Proc. of the 10th EAI International Conference on Body
Area Networks (2015).

Tudor-Locke, C., Williams, J. E., Reis, J. P. ahatd D. 2002.
Utility of pedometers for assessing physical activiBports
Medicine, 32, 12 (2002), 795-808.

—

(2]

(3]

[4]

(5]

(6]

[7] Duncan, S. J., Schofield, G., Duncan, E. K. andckion, E. A.

2007. Effects of age, walking speed, and body coitippson

pedometer accuracy in childreResearch quarterly for exercise

and sport, 78, 5 (2007), 420-428.

Horvath, S., Taylor, D. G., Marsh, J. P. and Kriea®. J. 2007.

The effect of pedometer position and normal gait asgmnon

step count accuracyApplied Physiology, Nutrition, and

Metabolism, 32, 3 (2007), 409-415.

Melanson, E. L., Knoll, J. R., Bell, M. L., Donahod. T., Hill,

J., Nysse, L. J., Lanningham-Foster, L., Peter€. &nd Levine,

J. A. 2004. Commercially available pedometers: asrsitions

for accurate step countingreventive medicine, 39, 2 (2004),

361-368.

[10]Dondzila, C. J., Swartz, A. M., Miller, N. E..ebz, E. K. and
Strath, S. J. 2012. Accuracy of uploadable pedometers
laboratory, overground, and free-living conditions ougg and
older adults.International Journal of Behavioral Nutrition and
Physical Activity, 9, 1 (2012), 143.

[11]Brajdic, A. and Harle, R. 2013.Walk detection atdp counting
on unconstrained smartphonBsoc. ACM Internat Joint Conf on
Pervasive and ubiquitous computing, 2013, 225-234.

[12]Susi, M., Renaudin, V. and Lachapelle, G. 20U®tion mode
recognition and step detection algorithms for mophene users.
Sensors, 13, 2 (2013), 1539-1562.

[13]Renaudin, V., Susi, M. and Lachapelle, G. 20%2p length
estimation using handheld inertial sens@msors, 12, 7 (2012),
8507-8525.

[14]Case, M. A., Burwick, H. A., Volpp, K. G. and teg M. S. 2015.
Accuracy of smartphone applications and wearablecdsvfor
tracking physical activity datdama, 313, 6 (2015), 625-626.

[15]Mannini, A., Sabatini, A. M. and Intille, S. S2015.
Accelerometry-based recognition of the placement sittsa
wearable sensoPervasive and Mobile Comput, 21(2015), 62—74.

[16]Jayalath, S. and Abhayasinghe, N. 2018yPoscopic data based
pedometer algorithm. Proc Internat Conf on Computer Science &
Education, 2013, 551-555.

[17]JUBC 2009. UK Biobank Coordinating Centre. Category 2
enhanced phenotyping at baseline assessment visit in last 100-
150,000 participants. Addendum to main study protocol.
Stockport Cheshire 2009.

[18]Troiano, R. and Mc Clain, J. 201Dbjective measures of
physical activity, sleep, and strength in U.S. National Health and
Nutrition Examination Survey (NHANES) 2011-2014. 8th Internat
Conf on Diet and Activity Methods, Roma, Italy, 201

[19]Appelboom, G., Camacho, E., Abraham, M. E., &@uS. S.,
Dumont, E., Zacharia, B. E., D’Amico, R., Slomian,Reginster,
J. Y. and Bruyere, O. 2014. Smart wearable body serisors
patient self-assessment and monitoring.chives of Public
Health, 72, 1 (2014), 28.

[20]Rawassizadeh, R., Price, B. A. and Petre, ML.420Nearables:
has the age of smartwatches finally arriv€&fmunications of
the ACM, 58, 1 (2014), 45-47.

[21]Mannini, A. and Sabatini, A. M. 2015. A smartpieecentered
wearable sensor network for fall risk assessmerhénelderly.
Proc. of the 10th EAI International Conference on Body Area
Networks (2015).

[22]Patel, M. S., Asch, D. A. and Volpp, K. G. 201®/earable
devices as facilitators, not drivers, of health wdrachange.
Jama, 313, 5 (2015), 459-460.

[23]Mannini, A., Intille, S. S., Rosenberger, M.,b&&ni, A. M. and
Haskell, W. 2013. Activity recognition using a siagl
accelerometer placed at the wrist or ankledicine & Sciencein
Sports & Exercise, 45, 11 (2013), 2193-2203.

[24]Rohit, M. Y. 2014.Wrist Pedometer Step Detection US Patent
2014/0140074431.

[25]Sourabh, R. 2013.Adaptive step detection US Patent
2013/0191069 A1l.

(8]

[0



