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Abstract

Background: This study tests an original floor-vibration monitoring system to quantify housework-related physical activity.

Objective: To assess the validity of step-count and physical activity intensity predictions of the novel floor-vibration monitoring
system with respect to the actual number of steps and indirect calorimetry measurements. The accuracy of predictions was also
compared with the ones of research-grade devices (ActiGraph GT9X).

Methods: The Ocha-House is an independent experimental house located in Tokyo, in which high-sensitivity accelerometers are
installed on the floor to monitor vibrations. A data processing software was designed to process floor-vibration signals and
compute the three following quantitative indexes: floor vibration quantity, step-count and moving distance. Eleven participants
performed four different housework activities, wearing Actigraph GT9X monitors on both the waist and wrist for 6 min each.
The floor-vibration data were collected and the energy expenditure was measured by using the Douglas bag method, to determine
the actual intensity of activities.

Results: Significant correlations (P<.001) were found between the quantity of floor vibrations, the estimated step-count, the
estimated moving distance, respectively, and the actual activity intensities. The step-count parameter extracted from the floor
vibration signal was found to be the best predictors (r2=0.82, P<.001). Multiple regression models that include several floor
vibration-extracted parameters showed a strong association with the actual activity intensities (r2=0.87). The step-count and
intensity predictions made by the floor vibration monitoring system were more accurate that the ones of the ActiGraph monitors.

Conclusions: Floor vibration monitoring systems seem able to produce valid quantitative assessments of the physical activity for
housework activities. In the future, connected smart home systems integrating this type of technology could be used to perform
continuous and accurate evaluations of the daily physical activity.
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Objective assessment of physical activity at home: a comparison
of  a  novel  floor-vibration  monitoring  system,  wearable  activity
trackers, and indirect calorimetry measurements

Abstract

Background:  Self-monitoring  of  physical  activity  is  an  effective  strategy  to  promote  active
lifestyles. However, accurately assessing physical activity remains challenging in certain situations.
This  study  evaluates  a  novel  floor-vibration  monitoring  system  to  quantify  housework-related
physical activity.
Objective:  To assess the validity of step-count and  physical behavior intensity predictions of the
novel floor-vibration monitoring system in comparison  to the actual number of steps and indirect
calorimetry measurements. The accuracy of predictions is also compared with the ones of research-
grade devices (ActiGraph GT9X).
Methods:  The  Ocha-House,  located  in  Tokyo,  serves  as  an  independent  experimental  facility
equipped  with  high-sensitivity  accelerometers  installed  on  the  floor  to  monitor  vibrations.  A
dedicated data processing software was developed to analyze floor-vibration signals and calculate
three quantitative indexes: floor vibration quantity, step-count and moving distance. Ten participants
performed four different housework-related activities, wearing Actigraph GT9X monitors on both the
waist and wrist for 6 min each. Concurrently, floor-vibration data were collected, and the energy
expenditure was measured by using the Douglas bag method to determine the actual intensity of
activities.
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Results: Significant correlations (P<.001) were found between the quantity of floor vibrations, the
estimated step-count, the estimated moving distance, respectively, and the actual activity intensities.
The  step-count  parameter  extracted  from the  floor  vibration  signal  emerged  as  the  most  robust
predictor  (r2=0.82,  P<.001).  Multiple  regression  models  incorporating  several  floor  vibration-
extracted  parameters  showed  a  strong  association  with  the  actual  activity  intensities  (r2=0.88,
P<.001). Both step-count and intensity predictions made by the floor vibration monitoring system
exhibited greater accuracy than those of the ActiGraph monitors.
Conclusions:  Floor  vibration  monitoring  systems  seem  able  to  produce  valid  quantitative
assessments of the physical activity for some selected housework-related activities. In the future,
connected  smart  home  systems  integrating  this  type  of  technology  could  be  used  to  perform
continuous and accurate evaluations of the physical behaviors throughout the day.

Keywords:  Smart-home  system;  physical  behavior;  physical  activity;  activity  tracker;  floor
vibration; housework-related activity; home-based activity. 

Introduction

Pieces  of  evidences  associate  regular  physical  activity  with  lower  risks  for  mortality  and
noncommunicable diseases [1], encouraging researchers, policy makers and health care companies to
develop strategies for the promotion of active lifestyles. The self-monitoring of physical behavior is
one approach that has been described as effective for helping people increase their level of physical
activity [2-5]. The recent expansion of the activity tracker device market has certainly opened new
perspectives for the promotion of active behaviors [3, 6].
Technology that enables the objective assessment of physical behaviors has evolved considerably
over the past decades [7]. Modern activity trackers are generally worn at the waist or the wrist and
while the most recent devices usually feature multiple sensing abilities, the evaluation of physical
behaviors mostly results from the treatment of acceleration data acquired by an integrated three-axis
microelectromechanical accelerometer sensor chip [8]. Software tools are able to compute a wide
range of parameters related to physical behaviors such as sedentary time, step-count and estimated
energy expenditure (EE). [9]. Activity tracker devices can be paired with smartphone applications,
transforming smartphone handsets into genuine hubs for the monitoring of physical activity and
sedentary  behaviors.  While  waist-  and  wrist-worn  activity  tracker  devices  have  been  linked  to
inaccurate EE predictions [10-12], the emergence of the 5G/IoT devices opens up the room for more
accurate  and  continuous  monitoring  where  multiple  connected  devices  can  collect  a  wealth  of
information about people physical behaviors throughout the day. In such a connected environment,
and while housework-related activities account for a significant proportion of daily physical activity
in some populations [13], smart home systems could provide crucial information to 1) support the
continuity of the monitoring of physical activity and sedentary behaviors when people are staying at
home  by  allowing  them  to  remove  their  wearable  activity  tracker  device,  and  2)  improve  the
accuracy of EE predictions related to home-based activities. However, while various smart home
projects have already included technological features allowing monitoring the physical behaviors of
the  occupants,  to  date,  the  information  has  mainly  been  used  as  input  to  smart  appliances  for
adapting the living environment, assisting occupants with disabilities or optimizing domestic energy
consumption  [14-17].  In  these  projects,  various  monitoring  technology  devices  have  been
considered: motion sensors, low-resolution video cameras, Kinect systems (Microsoft, Washington),
and accelerometer-based wearable monitors [16, 18-20]. Floors with sensing capabilities have also
been developed. For instance, binary pressure detection floor systems have been utilized to detect the
position of occupants [21,22]. Floor geophones and accelerometer sensors have been used to locate
footsteps or evaluate room occupancy [23,24]. Unfortunately, none of these projects have prioritize
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the objective and quantitative assessment of physical behaviors with the ultimate goal of providing
lifestyle-oriented  feedback  to  the  occupants.  Nevertheless,  smart-home  systems  capable  of
monitoring physical activity and sedentary behaviors, while providing feedback to the occupants,
hold the potential to encourage individuals to adopt more active and healthier behaviors throughout
the day [2-5].
In this study, the floor vibration measurement system of the experimental  Ocha-House is used to
collect information about the floor vibrations generated by the occupant and estimate EE and step-
count. A structured experiment consisting of the completion of 4 typical home-based activities was
conducted  to  assess  the  validity  of  these  estimations  with  respect  to  the  actual  measurements
performed by indirect calorimetry (EE) and direct observation (step-count). The estimations of the
floor vibration monitoring system are also compared to the ones of waist- and wrist-worn research-
grade activity tracker devices. It is hypothesized that the floor vibration monitoring system is capable
of correct predictions of EE.

Methods

The Ocha-House project

The experimental  Ocha-House is in Bunkyo district in the central area of the Tokyo metropolitan
region. The project was originally designed as a ubiquitous computing house allowing the mounting
of various sensing devices [25]. According to Japanese standards, the Ocha-House corresponds to an
extended 1LDK dwelling, i.e., a one-bedroom apartment with a kitchen separated from the living and
dining areas. An overview of the building and experimental area is depicted in Figure 1.
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Figure 1. Overview of the  Ocha-House and the experimental area.  (A) External view of the building (image
captured from southwest corner of the yard); (B) view from above the experimental area with pieces of furniture
indicated in light gray, and green squares (labeled: , , , , , , , ) indicating sensor positions. The house① ② ③ ④ ⑤ ⑥ ⑦ ⑧
comprises two distinct areas separated by a wall. The west-side features a fully open space housing a bedroom
corner and a living room without any additional partition wall. On the east-side, the kitchen and dining room are
interconnected through an open space. The toilet and bathroom corners are situated in enclosed spaces on the east-
side of the building.

The total surface of the experimental area was 42 m2 (Figure 1B). Eight high-sensitivity uniaxial
accelerometers (Shear-type/vibration pickup PV-87,  Rion Co.,  Ltd.,  Japan)  were installed on the
floor  to  measure  the  floor  vibrations  occurring  on  the  experimental  surface.  The  PV-87  sensor
characteristics are specified as follows by the manufacturer: charge sensitivity: ±40 pC/(ms-2), range
of detection: 1–3000 Hz, dimensions: 24(Hex) x 30.5(H) mm, mass: 115 g. The optimal number of
sensor units and their locations were determined through a series of preliminary experiments. These
experiments  consisted  in  progressively  increasing  the  sensitivity  setting  of  the  sensors  and  the
number of units placed on both the West and East sides of the Ocha-House. The operation continued
until the coverage was deemed sufficient to detect human motion across all parts of the experimental
surface. Data related to these preliminary experiments are not presented. The sensors were mounted
on the floor using dual-side tape as recommended by the manufacturer and connected to four UV-16
2-channel charge amplifiers (Rion Co., Ltd., Japan) configured in accordance with the manufacturer
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recommendations.  The  floor  vibration  data  acquisition  was  performed  using  USB-6008  data
acquisition devices (National Instrument Corp., Texas), and a laptop equipped with MATLAB 2015b
and  the  necessary  data  acquisition  toolbox  (MathWorks  Inc.,  Massachusetts).  The  signal  was
digitized at  a 100-Hz sampling rate  with a resolution of 12 bits.  The above-described system is
described thereafter as the “floor vibration monitoring system”. 

Study protocol

Ten women participants engaged in four activities in the Ocha-House. Participants were recruited on
the campus of the Ochanomizu University campus, which is a women university. They were selected
based  on  the  inclusion  criterion  of  being  over  18  years  old,  with  the  exclusion  criterion  being
physical imbalance. Participant characteristics are summarized in Table 1, and details of the four
activities performed at the Ocha-House are presented in Figure 2. Prior to the commencement of the
experiment,  each  participant  completed  a  brief  walking  trial  in  the  Ocha-House,  lasting
approximately 1 minute. Two researchers with expertise in gait analysis visually determined the gait
type of each participant, specifically identifying whether they exhibited a heel strike, or lighter mid-
or fore-foot strike landing. The walking trial revealed that all participants could be categorized into
either the heel-strike landing, or mid- or fore-foot strike landing categories, with no other gait types
observed.  All  experiments  were  conducted  without  any  footwear,  including  sleepers.  Nine
participants  wore  socks.  One  participant  was  not  wearing  sock  the  day  of  the  experiment  and
completed the protocol barefoot.

Table 1. Participant characteristics.
Number  of
participants

Age (years) Body  weight
(kg)

BMI (kg / m2)a Gait  type  (Heel
strike  /  mid-  or
fore-foot strike)b

10 24±7 47±6 19±1 3/7
aBMI: body mass index.
bThe column “gait type” refers to the number of participants presenting a strong heel strike during
the walking gait cycle as opposed to participants who presented a lighter mid- or fore-foot strike
landing. The gait type of the participants was determined visually during the walking calibration
trial.
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Figure 2. Images of the experiment. (A) Sitting and watching videos; (B) Ironing, folding, and hanging clothes;
(C) Cooking, setting the table, and serving food; (D) Cleaning the room.

The four activities were selected from the “inactivity quiet/light” or “home activities” categories of
the  compendium of  physical  activities  [26,27].  The metabolic  equivalent  of  task (MET) values,
indicating the intensity of each activity, are reported in the compendium as follows:
- Sitting and watching videos, hereafter referred as sitting (approximately 1.3 MET, activity code:

07020).
- Ironing, folding, and hanging clothes, hereafter referred as ironing (1.8–2.0 METs, activity codes:

05070 and 05090).
- Cooking, setting the table, and serving food, hereafter referred as  cooking (approximately 2.5

METs, activity codes: 05051 and 05052).
- Cleaning  the  room,  hereafter  referred  as  cleaning (approximately  3.3  METs,  activity  code:

05030).
Each activity lasted 6 min. To balance the contribution of the three tasks within “cooking, setting the
table, and serving food,” and considering the volume of the Douglas bag used for EE measurement
(see section “Indirect calorimetry”), participants were orally given time information. This ensured
that  they  spent  approximately  40  seconds  in  each  task  every  2  minutes.  The  floor  vibration
monitoring system recorded floor vibrations, estimate the number of steps, and compute quantitative
parameters  as  described  in  “Floor  vibration  signal  treatment  and  data  feature  extraction”.  The
participants wore two ActiGraph GT9X monitors (ActiGraph LLC., Florida) at the waist and wrist,
respectively. The 10-s epoch activity-count as well as the step-count prediction were recorded for
each activity. Finally, Douglas bags were used during the last 2 minutes of each activity to collect the
air expired by the participants, perform indirect calorimetry measurements, and obtained the actual
EE.  Throughout  the experiments,  the researchers  stood quietly  on an insulated part  of  the floor
outside the experimental area to avoid producing any confounding vibrations. The experiments were
video-recorded  (data  not  shown).  The  experimental  protocol  was  approved  by  the  Ochanomizu
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university  research  ethics  committee  (#2018-18).  All  participants  gave  their  written  informed
consent.

Floor vibration signal treatment and data feature extraction

The 8-sensor floor vibration data of each 6-min activity corresponded to eight time-series of 36000
samples. Raw data are expressed in Volt. For each series, the floor vibration signal was rectified and
smoothed using a Butterworth filter. The vector norm of the 8 sensors was computed. A location-
based  calibration  coefficient  was  applied  to  the  vector  norm  at  each  data  sample  in  order  to
uniformize vibration magnitudes throughout the experimental surface (Supplementary Material 1).
The 3 following data features were extracted:
- Floor-count: For each participant and each activity, the 36000 sample values (6-min x 100Hz

sampling rate) of the uniformized vector norm time series were summed to obtain the floor-count
parameter.

- Step-count: data from the uniformized vector norm time series were cut in windows of 1 second
with an overlap of 50%.  For each window, the number of steps was computed using a standard
peak detection algorithm configured to detect vibration peaks with a minimum prominence of
1.05  standard  deviation  and  a  minimum  interval  of  250  milliseconds  [28].  The  step-count
parameter was computed for each activity of each participant by summing the number of unique
peaks throughout the activity (6min). The step-count parameter is used as both a data feature
allowing the prediction of EE and a physical activity parameter to be compared with the direct
observations and the outcomes of the waist- and wrist-worn ActiGraph devices.

- Moving-distance: the uniformized vector norm time series were cut into windows of one second
and  averaged  for  each  window.  The  window  average  was  compared  to  a  criterion  value
calculated for each individual from data collected during the walking trial, to determine whether
the participant was moving. Then, the filtered data of the 8-sensor time series corresponding to
the windows where the participant was moving were used to compute her location in the house.
The distances between all locations taken sequentially were summed throughout each activity to
obtain  the  moving-distance parameter  (6min).  This  parameter  has  been  tested  and  validated
against the moving distance estimated from the observation of video records (Supplementary
Material 2, Figure S2-1).

The signal treatment and computation of the 3 above-described parameters was performed using tool
boxes included in the SciPy library [29]. An overview of the whole data processing is given in Figure
3.
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Figure 3. Floor vibration signal flow processing chart. From 8 time series of raw signals to the extraction of 3
floor vibration-based data features.

Actigraphy

Participants  were  equipped  with  two  ActiGraph  GT9X  monitors  worn  at  the  waist  and  wrist,
respectively. The waist-worn device was positioned near the right hip of the participant, on the belt
or on the upper edge of the skirt or trouser bottom. An elastic belt provided by the manufacturer was
used when the clothes worn by the participant did not allow mounting tightly the monitor. The wrist-
worn GT9X device was mounted tightly on the nondominant hand, always in the same direction. The
two monitors were mounted by the same experimenter for all participants. The ActiGraph monitor
data were collected in 1-s epochs. The 10-s epoch activity-count data were extracted from the wrist-
as well as waist-worn devices and the “Crouter adult (2010)” equation was used to compute EE
predictions (ActiLife 6, ActiGraph LLC., Florida) [30]. This algorithm uses a refined two-regression
model  to  discriminate  between walking and lifestyle  activities.  In the present  study,  the activity
intensities  are  expressed  in  MET (i.e.,  EE  /  participant  weight  /  6  min).  The  number  of  steps
estimated by the waist- and wrist-worn monitors were also recorded.
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Indirect calorimetry

The actual  EE was measured  using  the  Douglas  bag method during  the  last  2  minutes  of  each
activity.  The air  composition  of  the bags  was analyzed using a  mass  spectrometry  gas  analyzer
(ARCO-1000; Arco System, Kashiwa, Japan) calibrated on each experimental day in accordance
with  the  manufacturer  instruction.  The  gas  volume  was  determined  using  a  gas  meter  (DC-5;
Shinagawa, Tokyo, Japan). The EE was estimated from the oxygen consumption (VO2) and carbon
dioxide production (VCO2) using the Weir formula (i.e., 3.9 VO2 + 1.1 VCO2). In addition, the
resting metabolism rate of each participant was evaluated prior to the experiment. The      participant
lied for 15 minutes on the bed of the Ocha-House and the expired air was collected during the last 2
minutes. Then, the actual MET value of each activity was calculated as the activity EE divided by the
resting metabolic rate. 

Video recording

The experimental  sessions were video recorded using an Arrows M03 smartphone (Fujitsu Ltd.,
Tokyo, Japan) or an  iPad Mini 3 (Apple, California). Two independent investigators inspected the
videos  and counted the number of actual steps for the four activities of each participant.  In the
present study, a “step” is defined as the shift of the body weight support from one leg to the other,
which includes a single-leg support phase and occurs at least partially on the anterior-posterior axis.

Statistical analysis

The four activities were compared for the floor-count, step-count, moving-distance parameters using
an ANOVA or the Kruskal-Wallis test and multiple comparison procedures (Tukey or Nemenyi tests)
were performed to locate differences. The same analysis was conducted for parameters extracted
from waist-  and wrist-worn GT9X monitors  and for the indirect  calorimetry measurements.  The
relationships between the actual intensities measured by indirect calorimetry and floor-count,  step-
count, moving-distance, respectively, were investigated using single linear regression tests. Multiple
regression  models  were  used  to  explore  the  relationship  between  different  combinations  of
descriptors,  including  floor-count,  step-count,  and  moving-distance,  and  the  actual  intensities
measured by indirect calorimetry. The analysis was conducted in a hierarchical fashion. First, the
regressions were only performed on floor vibration extracted parameters.  Second, the participant
characteristics (i.e., body weight, gait type) were included among the model descriptors. Additional
hierarchical models are presented in Supplementary Material 2. The model with the highest R2 value
best explained the variation in the data and was selected for subsequent testing. Finally, mixed model
ANOVA and post-hoc pairwise operations were used to compare the performance of the best models
built upon data obtained with the floor vibration-based monitoring system, the waist- and the wrist-
worn GT9X monitors, against the actual intensity and the actual number of steps. 
The underlying assumptions of each test were evaluated prior to conducting the analysis. Data are
presented in text as mean ± standard deviation.  The statistical  analysis was performed using the
following  Python  libraries:  StatsModels  (0.13.2),  Pingouin  (0.5.3),  and  Scikit-Posthocs  (0.7.0)
[31,32].

Results

Actual intensities and number of steps

Activity  intensities  calculated  from indirect  calorimetry  measurements  were  as  follows:  1.2±0.2
MET for the sitting behavior, 1.9±0.4 for the ironing activity, 2.5±0.4 for the cooking activity, and
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3.7±0.6 for the cleaning activity (Figure 4A). Pairwise comparisons indicate significant differences
in intensity  between  sitting and  cooking,  between  sitting and  cleaning and between  ironing and
cleaning (P<.05). The actual number of steps were as follows: 0±0 for  sitting, 48±36 for  ironing,
133±35 for cooking, and 281±48 for cleaning (Figure 4B). Pairwise comparisons indicate significant
differences in steps between sitting and cooking, between sitting and cleaning, ironing and cleaning
(P<.05).
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Figure  4.  Comparison  between  the  four  experimental  home  activities.  (A)  Actual  intensities  (indirect
calorimetry evaluation); (B) Actual number of steps (video observation); (C) Activity intensity predicted by the
waist-worn ActiGraph GT9X device; (D) Activity intensity predicted by the wrist-worn ActiGraph GT9X device;
(E) floor vibration-based computed floor-count; (F) floor vibration-based computed step-count; (G) floor vibration-
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based  computed  moving-distance.  The  intensity  predictions  of  the  GT9X monitors  were  computed  using  the
“Crouter adult (2010)” equation [30]. Yellow line:  median.  Green point:  average. Outliers are not depicted. *:
P<.05, †: P<.001.     

Floor-count, step-count and moving-distance parameters computed from
floor vibrations

The  floor-count  parameter  (arbitrary  unit)  was  as  follows  for  each  activity:  113±58  for  sitting,
610±277 for ironing,  1046±748 for  cooking,  and 2323±1255 for  cleaning  the room (Figure 4E).
Pairwise  comparisons  indicate  significant  differences  in  intensity  between  sitting and  cooking,
between sitting and cleaning and between ironing and cleaning respectively (P<.05). The estimated
number of steps was as follows: 12±7.3 for  sitting,  78±27 for  ironing,  133±53 for  cooking,  and
251±59 for cleaning (Figure 4F) and pairwise comparisons indicated that the respective intensities of
the four activities were all significantly different (P<.05). Finally, the  moving-distance parameter
scored as follows: 1.3±1.8 meter for sitting, 17±11 for ironing, 30±29 for cooking, and 115±39 for
cleaning (Figure 4G).  Pairwise  comparisons  indicate  significant  differences  in  intensity  between
sitting and  cooking, between  sitting and  cleaning and between  ironing and  cleaning, respectively
(P<.05). Furthermore, a significant correlation was found between the  moving-distance outcomes
computed from the floor vibration signal and moving distances estimated from the video records
(Supplementary Material 2, Figure S2-1).

Actigraphy     

The waist-worn activity tracker estimated the activity intensities as follows: 1.1±0.2 MET for sitting,
1.2±0.3  for  ironing,  2.1±0.4  for  cooking,  and  4.2±0.7  for  cleaning (Figure  4C).  The  pairwise
comparison analyses indicate significant differences between sitting and cooking, between sitting and
cleaning and between  ironing and  cleaning respectively (P<.05).  The estimated number of steps
were as follows: 0.9±2.4 for sitting, 8.0±12 for ironing, 55±27 for cooking, and 165±51 for cleaning
(Supplementary  Material  2).  The  pairwise  comparison  analyses  indicate  significant  differences
between  sitting  and  cooking,  between  sitting and  cleaning and  between  ironing and  cleaning
respectively (p<0.05). 
The wrist-worn activity tracker estimated the activity intensities as follows: 1.8±0.4 MET for sitting,
6.4±0.5 for ironing, 5.6±0.7 for cooking, and 6.8±0.4 for cleaning (Figure 4D). Pairwise comparisons
indicate  significant  differences  between  sitting and  ironing and  between  sitting and  cleaning
respectively (P<.05). The estimated number of steps were as follows: 11±5.7 for sitting, 177±39 for
ironing,  131±37 for  cooking,  and 197±35 for  cleaning (Supplementary Material 2). The pairwise
comparison analyses indicate significant differences between sitting and cooking and between sitting
and cleaning respectively (P<.05).
Results  for  the  activity-count  parameters  of  the  waist-  and  wrist-worn  devices  are  shown  in
Supplementary Material 2.

Relationship between the floor vibration-based outcomes and the actual
activity intensities

As shown in Table 2, floor-count, step-count and moving-distance were significantly associated with
the  intensity  of  physical  behaviors  (r2=0.56,  r2=0.82,  r2=0.66,  P<.001).  Combining  the  three
parameters together allows raising the r2 value to 0.84. Combining floor-count, step-count, moving-
distance with  participant  personal  characteristics,  such  as  bodyweight  and  gait  type,  allows
predicting the intensity of physical behaviors with an accuracy of 88% (Table 2). The results of
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additional hierarchical models are shown in Supplementary Material 2. 

Table 2. Relationship between floor vibration-based parameters and actual activity intensities
evaluated by indirect calorimetry.a

Models Predictor variables SPRC     P-value r2

Single regressions
1 floor-count 0.745 < 0.001 0.56
2 step-count 0.904 < 0.001 0.82
3 moving-distance 0.815 < 0.001 0.66

Multiple
regressions
4 step-count

floor-count
moving-distance

0.971
-0.430
0.361

< 0.001
0.01
0.02

0.85

5 step-count
moving-distance
floor-count
body weight
gait type

0.916
0.259
-0.224
-0.080
-0.155

< 0.001
0.09
0.20
0.21
0.03

0.88

aRegression models combining two vibration parameters with or without      participant characteristic
parameters are shown in Supplementary Material 2. “Gait type” is a binary data (mid- or fore-foot
strike vs. heel strike foot landing). SPRC: Standardized Partial Regression Coefficient.

Step-count and activity intensity predictions

The Mixed Anova Model showed a significant effect of the measurement method and significant
interaction with the activity for both the predictions of the numbers of steps and activity intensities
(P<.001).
Significant underestimations of the number of steps were noted for the waist-worn ActiGraph device
predictions when all activities were considered together (Figure 5A, “total”). The wrist-worn device
and the floor vibration system did not show any difference with the actual number of steps. When
activities  are  considered  separately,  pairwise  comparisons  indicate  that  the wrist-worn Actigraph
device underestimated the number of steps completed during  cleaning but overestimated it for the
sitting and ironing activities. The floor vibration-based predictions overestimated the number of steps
for sitting.
Regarding  the  prediction  of  activity  intensities,  the  pairwise  comparison  analyses  revealed
statistically significant overestimations for the wrist-worn ActiGraph device across all activities. The
floor vibration system did not show any difference with the actual intensities evaluated by indirect
calorimetry.  Finally,  the  waist-worn  ActiGraph  device  showed  a  slight  but  significant
underestimation for the estimations of the ironing activity intensities. Results are shown in Figure 5.
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Figure 5.  Comparison of prediction methods for each activity. (A) number of  steps.  (B) activity  intensity.
Energy expenditure measurements have been collected for 2 minutes over the 6 minutes of each activity. Therefore,
comparisons of measurement methods for the total energy expenditure are not presented in this figure. In panel B,
the green bar shows the prediction of the model with the highest coefficient of determination (see Table 2, model
5). MET: metabolic equivalent of task. The marks indicate a significant difference against the actual number of
steps.*: P<.05, †: P<.001.

Discussion

Principal results

This study presented a novel quantitative method that uses the monitoring of floor vibrations for the
evaluation  of  physical  behaviors  at  home.  The  floor-count,  step-count and  moving-distance
parameters  were computed from the floor  vibration signal.  Statistical  models combining these 3
parameters  showed  significant  correlations  with  the  actual  energy  expenditure  measured  in  ten
participants in a structured experiment that included four common home-based activities. In addition,
the step-count parameter did not show any significant difference with the number of steps actually
completed by the participant during the experiment. The predictions of the floor vibration monitoring
system for both the activity intensity and number of steps were equal or more accurate than the ones
performed by the Actigraphy method using the refined 2 regression model.

Floor vibration for the quantification of physical behaviors

The actual activity intensities measured by the indirect calorimetry for the four activities increased in
accordance with the intensities presented in the compendium of physical activities [27], i.e., 1.2 vs.
1.3, 1.9 vs. 1.8–2.0, 2.5 vs. 2.5, and 3.7 vs. 3.3 MET for sitting (and watching video), ironing (and
folding clothes),  cooking (and setting the table), and  cleaning the room, respectively (Figure 4A).
The  floor-count,  step-count  and  moving-distance parameters also increased gradually for the four
activities pointing to the feasibility of evaluating the intensity of physical behaviors in the home
environment using the information provided by the floor vibrations (Figure 4E, 4F and 4G). Among
them, step-count is the only parameter that showed significant differences between all four activities.
The single regression analyses also pointed to a strong association between the  step-count and the
actual  activity  intensities  (r2 =  0.82,  P<.001),  while  floor-count and  moving-distance showed  a
weaker,  but  still  significant,  association  with  the  actual  activity  intensities  (r2 =  0.56  and  0.66,
respectively,  P<.001 for  both).  These pieces  of information taken together  may suggest  that  the
estimated number of steps extracted from the floor vibration signal could be used to make a reliable
quantitative estimation of physical behaviors in home settings. All the three parameters have been
designed to inform on the inhabitant motion. While, the step-count and  floor-count parameters are
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able to  capture  the physical  dimension of  the movement,  the  moving-distance parameter  adds  a
spatial dimension to the evaluation. The better performance of step-count alone compared to moving-
distance alone, may be due to the location approximation inherent to the limited number of sensors
that are used to cover the whole house surface (Supplementary Material 2). A step is detected and is
not  impacted  by  any approximation.  On the  other  hand,  floor-count may also  be  susceptible  to
inaccuracies, potentially due to variations in floor vibration wave attenuation. Factors influencing
this attenuation include the proximity of furniture, their weight and contact surface with the floor,
proximity of support beams and walls, as well as the irregular geometry of the  Ocha-House floor
area.
Despite the possible weaknesses of the floor-count and moving-distance parameters, multiple linear
regression models combining  step-count,  floor-count and  moving-distance still  exhibited stronger
associations (r2 ≥ 0.85, Table 2, and Supplementary material 2, Table S2-1). As showed in Table 2,
the  inclusion  of  the  body  weight  and  gait  type  parameters  as  descriptors  greatly  lowered  the
contribution of  floor-count to the model. Indeed, despite  floor-count does not correlate with either
body weight and gait  type (Supplementary Material  2, Table S2-2), it  is still  the only parameter
extracted from floor vibrations able to capture quantitatively forces applied on the floor. Given that
the  actual  body  weight  could  be  easily  input  into  any  smart-home system,  the  question  of  the
relevance of extracting and using the floor-count parameter to make accurate predictions of energy
expenditure  remains  open.  Additional  studies  including  a  population  with  more  heterogenous
anthropometric characteristics may be needed to further address the question.
Finally, the ANOVA revealed that the predictions made by the floor vibration monitoring system also
showed less deviations than the ones of the two research-grade ActiGraph GT9X monitors, for both
the number of steps and activity intensity endpoints (Figure 5). The underestimations of the number
of steps noted for the waist-worn Actigraph device may be related to walking gait characteristics
when movements are performed in closed and narrow spaces. Such environments may not allow
enough acceleration to meet the necessary signal processing threshold criteria required to count a
step, as suggested elsewhere [33]. On the contrary, the overestimated number of steps observed for
the wrist-worn device may be the result  of  confounding upper limb movements  performed in a
frequency range similar to the one of walking gait, which may occur in the course of completing
housework-related activities.
Regardless of the performance of the Actigraph GT9X monitors and while no external validation
experiment  has  been  conducted,  taken  together,  all  these  observations  emphasize  the  good
performance  of  the  floor  monitoring  system  for  the  quantitative  evaluation  physical  behaviors
performed in home settings.

Perspectives

While the market for wearable activity trackers is still in its growing phase [6], waist- and wrist-worn
physical activity monitors have been associated with inaccurate predictions of daily physical activity,
be they research- or consumer-grade devices [10-12]. During the past decade, the computation of
accurate  predictions  for  housework-related  activities  by  traditional  accelerometer-based  activity
tracker devices has been the object of specific software development [34,35]. However, the present
study still  showed statistical  differences  between the  predictions  made by the  ActiGraph GT9X
monitors  and  the  actual  values  for  both  the  number  of  steps  and  activity  intensities.  These
observations emphasize the necessity of developing new methods able to evaluate accurately the
physical behaviors performed at home, in order to improve the computation of daily physical activity
metrics.  When  considering  long-term usage,  it  is  crucial  to  distinguish  between  consumer-  and
research-grade devices. The present study employed two ActiGraph GT9X monitors, recognized as
research-grade devices, in the context of a short semi-structured experiment. However, consumer-
grade physical activity tracker devices used in the course of everyday life are subject to additional
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extrinsic limitations that can impede their ability to provide continuous monitoring. For instance, the
common practice of removing watches and other wearables at home, can have significant impacts on
the evaluation of physical behaviors in home settings. 
Considering the current limitations of wearable activity tracker devices, smart home systems, like
floor vibration monitoring technologies similar to the one employed in this study, present a suitable
opportunity to enhance the self-monitoring of daily physical activity. Such systems offer a novel
approach  to  improving  the  accuracy  of  estimating  energy expenditure  and  the  number  of  steps
performed at home, especially when considering their integration with a 5G network composed of
interconnected devices dedicated to the evaluation of daily physical activity. Smart home systems, by
ensuring  accurate  and  continuous  measurements  when  individuals  are  at  home,  could  help
maintaining  people  interest  to  self-monitoring,  making  them a  pivotal  factor  in  promoting  and
sustaining active and healthy lifestyles. However, the potential widespread adoption of such systems
should not only be considered from a technological perspective, but should also acknowledge the
role of socio-cultural factors in shaping user acceptance and usability.

Limitations and strengths

The main limitation of the present study is that the proposed method does only assess the physical
behaviors of one inhabitant at a time. Quantifying the physical behaviors of multiple individuals
would  require  additional  signal  processing  tools  to  link  vibration  events  with  the  individuals
generating them. Although each individual may exhibit a unique gait signature reflected in the floor
vibration signal,  extracting such information was beyond the scope of this  study. This limitation
could also be addressed by analyzing the sequences of interactions with smart and connected home
furniture devices, similarly to what has already been described elsewhere [36]. Furthermore, it  is
important  to  note  that  the  experimental  Ocha-House used  in  the  present  study  was  originally
designed for one single inhabitant, aligning the living environment of millions of Japanese people.
The structured nature of the experimental protocol may be cited as a second limitation of the study
that restrict the generalization of the observations to what may happen under free living conditions.
To  further  evaluate  the  feasibility  of  using  the  floor  vibration-based  monitoring  method,  semi-
structured  experiments  utilizing  a  portable  breath-by-breath  gas  exchange  analyzer  could  be
conducted for assessing energy expenditure during longer periods of activity. A third limitation is that
the  external  validity  of  the  floor  vibration  parameter-based  activity  intensity  prediction  models
(Table 2) was not tested, thus mitigating the interpretations of the comparison test preformed against
the Actigraphy method. The cost of the system is also to be considered as a limitation. The present
study used expensive high-sensitivity shear-type accelerometer sensors. Further studies are necessary
to explore the feasibility of using cheaper accelerometer sensors similar to the ones commonly used
in  wearable  devices.  Indeed,  the  results  of  the  multiple  regression  analyses  (Table  2  and
Supplementary Material 2) indicated that the floor vibration-based step-count and  moving-distance
parameters contributed more to the activity intensity prediction models. These two parameters may
not need a high-resolution signal to be computed. Fourth, the quasi-absence of response in the floor-
count,  step-count and  moving-distance parameters during  sitting and watching videos may suggest
that  the  floor  vibration  monitoring  system may  also  be  capable  of  evaluating  sitting  behaviors
(Figure  4E,  F,  G).  However,  due  to  the  structured  nature  of  the  protocol,  which  involves  short
observation windows, further interpretations regarding the accuracy of the system in predicting EE
for home-based sitting activities cannot be done. Given the importance, complexity, and intricacies
of sedentary behaviors that can occur at home, specific studies should be designed to understand how
floor  vibration  monitoring  systems  may  contribute  to  the  objective  assessment  of  home-based
sedentary  behaviors.  Finally,  the  participants  in  this  study are  all  women  and  exhibit  relatively
homogeneous  characteristics  in  terms  of  age  and  weight.  The  BMI  scores  indicate  a  limited
variability in physical fitness. These observations constrain the generalizability of the present results
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to a more diverse population. Given that age and physical fitness are recognized determinants of EE,
future investigations should aim to recruit a more diverse participant sample and consider a broader
spectrum of personal characteristics in the development of EE prediction models.
This  study  also  involves  several strengths  and  originalities.  First,  the  results  of  the  present
experiment are in line with those of previous studies, which described a good relationship between
the  force  exerted  by  an  individual  on  the  floor  of  a  small  squared  6.25  m2 metabolic  chamber
equipped with force transducer and the actual energy expenditure [37-39]. They allow extending the
previous  observation  to  a  different  sensing technology,  larger  non-squared living  surfaces  and a
wider range of activities that are usually performed at home. Another strength is that the present
study is the first to compare the outcomes of a smart home system with those of research-grade
activity trackers.

Conclusions

This study presents a novel floor-vibration monitoring system which can be used in smart home
settings  for  the  quantification  of  the  physical  activity  at  home.  The  hardware  includes  high-
sensitivity accelerometers. In this case, eight sensors were necessary to cover a surface of 42 m2. The
software  includes  a  simple  data  processing  workflow  for  the  computation  of  the  floor-count
parameter,  which is  a quantitative index of the floor vibrations, and the  step-count and moving-
distance parameters. Regression models combining the information of these three parameters showed
a strong association with the actual intensities measured by indirect calorimetry for the four tested
home-based activities. A significant association was also found between the  step-count parameter
computed  by  using  the  floor  vibration  signal  and  the  actual  number  of  steps.  Further  studies,
conducted under real life conditions or using semi-structured experimental protocols, are necessary
to extend the results of the present study and validate the monitoring of floor vibrations as surrogate
method for evaluating of the physical behaviors at home. Considering the current evolution of 5G
technologies and IoT devices,  it  is  expected that  smart home systems may contribute to a  more
continuous evaluation of daily physical activity.
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