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Abstract
Background: Research has shown the feasibility of human activity recognition using wearable accelerometer devices. Different
studies have used varying numbers and placements for data collection using sensors.
Objective: This study aims to compare accuracy performance between multiple and variable placements of accelerometer
devices in categorizing the type of physical activity and corresponding energy expenditure in older adults.
Methods: In total, 93 participants (mean age 72.2 years, SD 7.1) completed a total of 32 activities of daily life in a laboratory
setting. Activities were classified as sedentary versus nonsedentary, locomotion versus nonlocomotion, and lifestyle versus
nonlifestyle activities (eg, leisure walk vs computer work). A portable metabolic unit was worn during each activity to measure
metabolic equivalents (METs). Accelerometers were placed on 5 different body positions: wrist, hip, ankle, upper arm, and thigh.
Accelerometer data from each body position and combinations of positions were used to develop random forest models to assess
activity category recognition accuracy and MET estimation.
Results: Model performance for both MET estimation and activity category recognition were strengthened with the use of
additional accelerometer devices. However, a single accelerometer on the ankle, upper arm, hip, thigh, or wrist had only a 0.03-0.09
MET increase in prediction error compared with wearing all 5 devices. Balanced accuracy showed similar trends with slight
decreases in balanced accuracy for the detection of locomotion (balanced accuracy decrease range 0-0.01), sedentary (balanced
accuracy decrease range 0.05-0.13), and lifestyle activities (balanced accuracy decrease range 0.04-0.08) compared with all 5
placements. The accuracy of recognizing activity categories increased with additional placements (accuracy decrease range
0.15-0.29). Notably, the hip was the best single body position for MET estimation and activity category recognition.
Conclusions: Additional accelerometer devices slightly enhance activity recognition accuracy and MET estimation in older
adults. However, given the extra burden of wearing additional devices, single accelerometers with appropriate placement appear
to be sufficient for estimating energy expenditure and activity category recognition in older adults.
(JMIR Mhealth Uhealth 2021;9(5):e23681) doi: 10.2196/23681
KEYWORDS
human activity recognition; machine learning; wearable accelerometers; mobile phone

https://mhealth.jmir.org/2021/5/e23681

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 5 | e23681 | p. 1
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
Background
Over the past 30 years, accelerometer devices have been widely
used for measuring movements, physical activity categories,
and energy expenditure [1]. This work has also carried forward
into characterizing the activity patterns of patients with chronic
diseases such as obesity, cardiovascular disease, schizophrenia,
bipolar disorder, and cancer [2-6]. Despite its growing use in
both clinical and research settings, the optimal body position
for sensor placement that would provide the most accurate
activity category recognition and the corresponding estimate of
energy expenditure in older adults remains uncertain. For
example, previous studies have used various sensor placements
on the body, including the wrist [7-9], thigh [10,11], hip [12-14],
arm [15,16] or ankle [17,18], or a combination of multiple
placements [19,20]. However, such studies have often been
conducted on relatively small samples of young and middle-aged
adults. There continues to be a gap in knowledge regarding
body placement for older adults (>60 years). Such knowledge
is important for considering older age as a factor for estimating
activity types and energy expenditure.
There is a lack of a comprehensive evaluation that directly
compares individual and combinations of accelerometers placed
on different body positions. Historically, the hip position was
chosen in both research and public settings for tracking steps
(ie, steps per day). The hip position is close to the body’s center
of the mass and provides an acceleration change because of the
foot fall action-reaction when ambulating. As such, the hip
position offers a convenient and accurate approach for capturing
ambulatory activity [21]. The ankle position is also accurate in
assessing step counts and other gait-related features [22-25].
Recently, however, the wrist position has become popular for
collecting accelerometer data because of the increased
prevalence of smartwatches. This is due to their convenience,
ability to capture sleep quality, determination of 24-hour activity
rhythms, and enhanced compliance [26-30].

Objectives
A systemic evaluation of body placements will help optimize
energy expenditure estimation and activity recognition. It would
also help resolve controversies related to the balance between
the accuracy and convenience of different body placements
[31]. Given the paucity of information about the role of
accelerometer placement on older adults, we aimed to compare
and contrast energy expenditure estimation, individual activity,
and activity category recognition with 5 sensor body positions
and their combinations during 32 activities that included
sedentary, locomotion, and lifestyle categories. We hypothesized
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that combined data from 5 accelerometer positions on the body
would provide optimal energy expenditure estimation, individual
activity recognition, and activity category recognition, but this
improvement will be incremental compared with a single or
combination of body placements.

Methods
Study Design
This study was approved by the University of Florida
Institutional Review Board, and written informed consent was
obtained from all participants. The inclusion criteria were
designed to optimize safety while ensuring population
representation. It included older adults, aged ≥60 years [32],
with stratified enrollment for both high and low function
according to scores on the standardized Short Physical
Performance Battery [33]. The study pre-planned to enroll and
complete testing in 90 participants with 30% (27/90) of the
participants scoring in the lowest quartile of physical function.
Recruitment focused on enrolling community-dwelling adults
without significant health issues that could impact the safety of
participants. Additional inclusion criteria included willingness
to undergo all testing procedures, stable weight for at least 3
months, and ability to understand and speak English. Participants
were excluded if they met any of the following criteria: failure
to provide informed consent, use of a walker, lower extremity
amputation, history of chest pain or severe shortness of breath
during physical stress, poststroke syndrome causing ambulatory
deficits, and requiring assistance with basic activities of daily
living or living in a complete care nursing home. A complete
list of the exclusion criteria can be found elsewhere [34].

Accelerometers and Energy Expenditure During
Activities
Participants were asked to perform 32 scripted activities listed
in Multimedia Appendix 1. These activities were chosen because
they are common among most Americans and are consistent
with the average time spent in the 2010 American Time Use
Survey [35]. Activities were performed for 6 to 8 minutes with
5 to 10 minutes of rest between each activity. Assessments were
completed over 4 separate visits. The participants received
instructions from the research staff before each activity.
Participants wore 5 ActiGraph GT3X triaxial accelerometers
[36], one on their ankle, upper arm, hip, thigh, and wrist. All
monitors were worn on the right side for the duration of data
collection, as shown in Figure 1. Of note, Buchan et al [37] and
Dieu et al [38] demonstrated strong agreement between
accelerometer data collected on the dominant and nondominant
sides. Accelerometers were initialized simultaneously and
programmed to collect data at 100 Hz.
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Figure 1. Sensor placement on the body.

Participants wore a COSMED K4b2 [39] portable gas analysis
system while performing the 32 scripted activities. Before data
collection, the oxygen (O2) and carbon dioxide (CO2) sensors
were calibrated using a gas mixture sample of 16.0% O2 and
5.0% CO2 and room air calibration. The turbine flow meter was
calibrated using a 3.0-L syringe. A flexible facemask was
positioned over the participant’s mouth and nose and attached
to the flow meter. Oxygen consumption (VO2; measured in mL
min-1 kg-1) was measured breath-by-breath, and data were
subsequently smoothed with a 30-second running average
window. VO2 data were displayed and manually evaluated to
determine when steady-state VO2 was reached. A steady state
was defined as a plateau in VO2, which typically occurs 2
minutes after the start of the activity. Data were expressed as
metabolic equivalents (METs) after dividing the VO2 values by
the traditional standard of 3.5 mL min-1 kg-1 [40]. A dedicated
study smartphone with a custom-built app was synchronized to
server time and used to record the start and stop times for each
activity (shown in blue in Figure 1). This ensured that time
windows could be accurately identified from accelerometer data
that was also initialized to server time.

Analysis
Data were first processed to extract relevant summary features
from each contiguous 16-second window. The features described
in Table 1 represent both the time and frequency domains
[41,42]. These features were included in the analytic models,
as illustrated in the analysis flow in Figure 2. There were a total
of 31 different wrist, hip, ankle, upper arm, and thigh body
position combinations. The analyses compared the performance
of single placement and combinations of device placements for
estimating METs and for labeling activities as individual and
when they were categorized as sedentary, locomotion, or
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lifestyle (Multimedia Appendix 1). We used random forest as
our primary analysis approach, which is a frequently used
machine learning algorithm, to recognize human activity from
accelerometer data [41-45]. Random forest is an ensemble
learning algorithm that builds a large number of decision trees
from random sub–data sets of the training data set. The predicted
class is determined by aggregating the predicted classes (votes)
from the individual decision trees and selecting the majority
class in case of classification or by averaging the predicted
values in case of regression [46]. This procedure was first
performed to evaluate the accuracy of detecting activity
categories based on sedentary versus nonsedentary, locomotion
versus nonlocomotion, and lifestyle versus nonlifestyle activities
as well as to evaluate the accuracy of classifying each of the 32
individual activities against a 3.1% random chance of matching
correctly. We used a regression random forest for continuous
MET estimation and classification of random forest for activity
recognition. To reduce bias, the data were split randomly into
development and testing data sets using participant identification
numbers. Participants were included in either the development
or testing data sets but not both. The development data set was
further randomly split into training and validating data sets to
tune the model parameters. Nested cross-validation was used;
in each outer fold, we kept five-sixths of the participants for
model development and one-sixth of the participants for testing.
In each inner fold, four-fifths of the participants in the
development data set were assigned to the training data set, and
one-fifth of the participants were assigned to the validating data
set. All model estimates were reported for the testing data sets.
In supplementary analyses, a confusion matrix of actual versus
predicted activities (32×32 matrix) from the hip and wrist
positions, respectively, was generated to help interpret the
accuracy and F1 score results. We chose to examine these
positions because they are the most used in the literature.
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Table 1. Description of features extracted from the raw data.
Feature

Description

Time
Mean of vector magnitude

Sample mean of the VMa in the window

SD of vector magnitude

SD of VM in the window

Mean angle of acceleration relative to vertical on the deice Sample mean of the angle between x-axis and VM in the window
SD of the angle of acceleration relative to vertical on the
device

Sample SD of the angles in the window

Covariance

Covariance of the VM in the window

Skewness

Skewness of the VM in the window

Kurtosis

Kurtosis of the VM in the window

Entropy

Entropy of the VM in the window

Coefficient of variation

SD of VM in the window divided by the mean, multiplied by 100

Corr(x,y)

Correlation between x-axis and y-axis

Corr(y,z)

Correlation between y-axis and z-axis

Corr(x,z)

Correlation between x-axis and z-axis

Frequency

a

Percentage of the power of the VM that is in 0.6-2.5 Hz

Sum of moduli corresponding to frequency in this range divided by sum of moduli
of all frequencies

Dominant frequency of VM

Frequency corresponding to the largest modulus

Fraction of power in VM at dominant frequency

Modulus of the dominant frequency or sum of moduli at each frequency

VM: vector magnitude.

Figure 2. Analysis flow steps. After accelerometer data were downloaded using the ActiLife (ActiGraph) toolbox, preprocessing steps and feature
extraction steps were completed to prepare the data set to be used in prediction models for each task. MET: metabolic equivalent.

Model Evaluation
We calculated the performance metrics of the models by
comparing the model-based predicted values with the measured
values. For the performance of the individual activity recognition
model, we calculated the total accuracy of the model. For
activity category recognition, we used the balanced accuracy
metric to report model performance because of the class
imbalance (ratio of the majority class to minority class being
much smaller than 1) across activities. Balanced accuracy is
defined as the mean of sensitivity and specificity metrics [47,48].
For MET estimation, we used the predicted and measured values
to calculate the root mean square error (RMSE). The results
https://mhealth.jmir.org/2021/5/e23681
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were summarized into 3 major categories: the most accurate
combination, the most accurate placement performance, and
the most efficient combination. The latter was defined as the
fewest number of sensors that provide a similar performance to
the most accurate combination, with less than a 10% decrease
in performance compared with the most accurate combination.
For visualization purposes, the difference in the balanced
accuracy of body placement/s compared with the accuracy
derived from all 5 sensors was plotted. They were grouped by
the number of body placements and ranked to simplify the visual
comparisons. To compare across figures, the absolute value of
the individual balanced accuracy was also added to the
illustration.
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Results
The study enrolled 93 older adults (mean age 72.2, SD 7.1
years). The sample was balanced across gender, was mostly
non-Hispanic White, and had comorbidities similar to those of
the general population. Table 2 presents the descriptive
characteristics of the participants. The participants completed
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2013 tasks. The median number of tasks completed was 26 out
of 32 tasks (Multimedia Appendix 1). Stair ascent had the lowest
amount of complete data (n=43) and leisure walk had the most
complete data (n=82). The reasons for missing information
included not reaching a steady-state metabolic rate, invalid data
from one or more monitors, unable to complete the task for at
least 4 minutes, missed visits, or provided only partial data
because the participant withdrew from the study.

Table 2. Participant characteristics (n=93).
Characteristics

Values

Age (years), mean (SD)

72.17 (7.02)

Female, n (%)

47 (51)

BMI (kg/m2), mean (SD)

28.18 (4.92)

Race or ethnicity, n (%)
Non-Hispanic White

83 (89)

Non-Hispanic Black

8 (9)

Non-Hispanic Asian

1 (1)

Hispanic

2 (2)

Education (≥16 years), n (%)

15 (16)

Married or in a relationship, n (%)

52 (56)

Live alone, n (%)

30 (32)

Household income (≥US $15,000), n (%)

66 (71)

Self-rated health (≥good), n (%)

87 (94)

Self-reported conditions, n (%)
Former or current smoker

37 (40)

Hypertension

45 (48)

Hypercholesterolemia

39 (42)

Diabetes

19 (20)

Chronic pulmonary disease

10 (11)

Heart attack, myocardial infarction

8 (9)

Cancer

27 (29)

Depression

10 (11)

Stroke

4 (4)

Osteoarthritis

11 (12)

Total moderate physical activity (min/week)a

93.50

Walking speed (min per second), mean (SD)

a

Leisure paceb

1.29 (0.26)

Rapid pacec

1.41 (0.25)

Data included for 77 participants.

b

Data included for 91 participants.

c

Data included for 85 participants.

Models were also tested for categorizing sedentary, locomotion,
and lifestyle activities (Figures 3-5). For sedentary behavior
recognition, the combination of all accelerometers resulted in
the best performance (balanced accuracy 0.78). Hip-worn
https://mhealth.jmir.org/2021/5/e23681
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placement provided the best performance among the
single-placement models (balanced accuracy 0.73). The
ankle-worn placement resulted in the worst performance
(balanced accuracy 0.65). Multimedia Appendices 2 and 3
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illustrate confusion matrices of the hip and wrist positions
revealing that strength exercise and yoga, both partially done
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in a sitting position, were mislabeled as being sedentary
activities, which caused significant overall misclassification.

Figure 3. Balanced accuracy performance of sedentary activity classification models based on the device placement combinations. Models were grouped
by the number of devices used and, in each group, were sorted by decreasing balanced accuracy (rounded). Y-axis shows the difference between the
balanced accuracies of the different combinations and the five-placement combination. Numbers in the plot show the balanced accuracies of each
placement combination. A: ankle; B: upper arm; C: hip; D: thigh; E: wrist.

For locomotion activity recognition, the combination of all
placements resulted in the best performance (balanced accuracy
0.98). Hip-worn placement provided the best performance
among the single-placement models (balanced accuracy 0.98).
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Classifiers trained separately on data from ankle-worn,
wrist-worn, arm-worn, and thigh-worn placement also resulted
in high performance (balanced accuracy 0.97-0.98; Figure 4).
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Figure 4. Balanced accuracy performance of locomotion activity classification models based on the device placement combinations. Models were
grouped by the number of devices used and, in each group, were sorted in decreasing balanced accuracy (rounded). Y-axis shows the difference between
the balanced accuracies of the different combinations and the five-placement combination. Numbers in the plot show the balanced accuracies of each
placement combination. A: ankle; B: upper arm; C: hip; D: thigh; E: wrist.

For lifestyle activity recognition, the combination of data from
ankle-worn, arm-worn, hip-worn, and wrist-worn placements
resulted in the best performance (balanced accuracy 0.92). The
combination of data from all placements resulted in high
performance (balanced accuracy 0.91). Classifiers trained on

data from arm-worn placements, similar to hip-worn and
wrist-worn placements, provided the best performance among
the single-placement models (balanced accuracy 0.87), whereas
ankle-worn placement resulted in the lowest performance
(balanced accuracy 0.83; Figure 5).

Figure 5. Balanced accuracy performance of lifestyle activity classification models based on the device placement combinations. Models were grouped
by the number of devices used and, in each group, were sorted in decreasing balanced accuracy (rounded). Y-axis shows the difference between the
balanced accuracies of the different combinations and the five-placement combination. Numbers in the plot show the balanced accuracies of each
placement combination. A: ankle; B: upper arm; C: hip; D: thigh; E: wrist.
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The individual activity recognition models with all placements
resulted in a relatively low accuracy of 0.57 (Figure 6).
Wrist-worn placement provided the best performance among
the single-placement models (accuracy 0.42). Classifiers trained
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separately on data from the ankle-worn placement, similar to
thigh-worn placement, resulted in the worst performance
(accuracy 0.28; Figure 6).

Figure 6. Accuracy performance of individual activity classification models based on the device placement combinations. Models were grouped by
the number of devices used and, in each group, were sorted in decreasing accuracy (rounded). Y-axis shows the difference between the accuracies of
the different combinations and the five-placement combination. Numbers in the plot show the accuracy of each placement combination. A: ankle; B:
upper arm; C: hip; D: thigh; E: wrist.

Energy expenditure accuracy was evaluated using the MET
RMSE of the predicted versus measured values (Figure 7). In
general, models trained using the combination of data from all
5 placements resulted in an RMSE of 0.88 METs. Hip-worn
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and thigh-worn placements provided the lowest RMSE of 0.91
METs among the single body placements. Overall, there was a
slight reduction in RMSE when additional accelerometer
placement was added to the model.
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Figure 7. Root mean square error (RMSE) score performance of met value estimation models based on the device placement combinations. Models
were grouped by the number of devices used and, in each group, were sorted in increasing RMSE (rounded). Y-axis shows the difference between the
RMSE values of the different combinations and the five-placement combination. A: ankle; B: upper arm; C: hip; D: thigh; E: wrist; MET: metabolic
equivalent; RMSE: root mean square error.

Table 3 summarizes the results according to the positions
deemed most accurate, best single placement, and most efficient
combination. In general, the most accurate combination
contained data from all 5 body positions, but the most accurate

placement was often very similar and sometimes better than
combinations. The hip and wrist positions appeared to be the
most efficient combinations, but models were able to recognize
individual activities only with chance probability.

Table 3. Guideline table to determine the needed number and placement of the wearable accelerometer for each task.
Task

Most accurate combination

Most accurate single placement

Most efficient combinationa

Sedentary activity detection (balanced accuracy)

All 5 placements (0.78)

Hip (0.73)

Hip (0.73)

Locomotion activity detection (bal- All 5 placements (0.98)
anced accuracy)

Hip (0.98); ankle (0.98)

Hip (0.98)

Lifestyle activity detection (balanced accuracy)

Ankle+upper arm+hip+wrist (0.92)

Upper arm (0.87); wrist (0.87);
hip (0.87)

Wrist (0.87)

Individual activity recognition (accuracy)

All 5 placements (0.57)

Wrist (0.42)

Hip+wrist (0.51)

MET value estimation (root mean
square error)

Ankle+upper arm+hip+thighb (0.87)

Hip (0.91); thigh (0.91)

Hip+wrist (0.89)

a

The most efficient combination was defined as the fewest number of sensors that provide a similar performance to the most accurate combination while
considering usability. Similar performance was defined as a difference ≤10% of the most accurate combination. We considered the most-to-least usable
placements to be wrist>hip>ankle>arm>thigh. Thus, if the performance difference was less than 10%, then the most usable placement was chosen as
the most efficient. Best and worst performance refer to best and worst performance according to their balanced accuracy (best: highest balanced accuracy;
worst: lowest balanced accuracy).
b

The performance of the combination with the best performance (0.87) was very close to that of the combination with all 5 placements (0.88).

Discussion
Principal Findings
We compared the performance of activity recognition models
based on different combinations of 5 accelerometer placements
https://mhealth.jmir.org/2021/5/e23681
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on 32 activities of daily life. We considered single-sensor and
multisensor placement on the wrist, hip, ankle, upper arm, and
thigh. Our results show that the models achieved the best
performance in the classification of locomotion activities and
lifestyle activities (balanced accuracies 0.98 and 0.91 for the
all five-sensor combination, respectively), followed by the
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 5 | e23681 | p. 9
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classification of sedentary activity (balanced accuracy 0.78).
The correct labeling of individual activities was low (accuracy
0.57). Interestingly, increasing the number of accelerometer
placements had very limited improvement in the classification
accuracy of locomotion and lifestyle activities as well as
estimating MET values.

introduced more variability in movement patterns, making it
more challenging to find a single common classifier appropriate
for all people. As such, the lower performance for activity
recognition observed in this study might test the limits of the
predictive capacity for machine learning models, such as random
forest, when applied across a diverse population.

There are also noteworthy results from locomotion and sedentary
tasks. The accuracy of locomotion activity recognition was
similar across all the placements, and only minor differences
were found between the combinations (approximately 1%). It
is worth mentioning that the wrist-worn accelerometer had
relatively lower performance, which is potentially due to the
locomotor-like hand movements observed in other nonlocomotor
tasks (eg, washing windows and yard work). Nonetheless, even
a single body placement would likely suffice for locomotion
activities. Detecting sedentary tasks had low accuracies,
although the five-sensor combination provided a 7%-20%
increase in balanced accuracy compared with several single
placements. Additional analyses demonstrated that the
misclassification rate was higher for sedentary activities than
for nonsedentary activities. This may be caused by an imbalance
in the data collected; sedentary tasks comprise only 4 out of 32
activities and result in only 6% of the total epochs. Another
potential reason might be the similarity of some of the
nonsedentary and sedentary activities. Confusion matrices of
individual activity recognition models show that strength
exercise and some stretching and some yoga, which were
performed in a sitting position for a significant amount of time,
contained most of the error (approximately 25%-76% for the
hip and 40%-50% for the wrist). These activities are not
traditionally considered to be sedentary behavior but are often
performed in a sitting position (confusion matrices presented
in Multimedia Appendices 2 and 3).

A MET RMSE of 0.88 was achieved across all activities.
Previous studies using data from accelerometer devices worn
on the hip and wrist have shown similar results for the prediction
of METs, with RMSE values of 1.00-1.22 [45,52,53]. For a
single placement, the hip and thigh positions provided the lowest
RMSE values. Increasing the number of placements only slightly
enhanced the RMSE (from 3% to 9%). Our results also show
that adding 2 or more accelerometers provides a small
enhancement in prediction. Previous studies with a smaller
number of activities had similar performance in MET
estimation—1.0 METs and 1.2 METs using data collected from
wrist and hip placements [42,45]. Our slightly better
performance might be because of a large range of activities that
enhanced MET distribution.

Historically, the hip position has been the most common and
well-validated accelerometer placement. Some studies have
investigated the performance of classifiers using data from other
sensor placements, such as the ankle and wrist [22,25,49].
However, few studies have systematically examined the
accuracy differences between individuals and combinations of
different body placements [50,51]. The results published by
Arif and Kattan [50] demonstrated in a cohort of 9 young adults
that body placement differences between the wrist, chest, and
ankle were relatively small in terms of overall accuracy when
classifying 12 activities (best overall F-measure for wrist
placement: 93.9%, for ankle placement: 92.2%, and for chest
placement: 93.9% vs for combined placements: 98.2%). Similar
findings have been reported by Gao et al [51], where the
following 4 placement positions were compared: chest,
underarm, waist, and thigh to identify 5 different activities
performed by 8 older adults. They reported accuracies ranging
from 81.9% to 92.8% for single-placement classifiers and
83.2%-96.4% for multisensor classifiers. These 2 studies were
consistent with the finding that additional accelerometers
improve performance in detecting the physical activity type.
This study increases this initial knowledge with a much larger
sample size of older adults who performed an ample number of
activities with and without overlapping movement patterns.
Although more generalizable, the large sample size likely
https://mhealth.jmir.org/2021/5/e23681
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We believe that our work constitutes one of the largest
accelerometer-based validation studies in older adults. Data
were collected at a high resolution, and there were a large
number of activities included and 5 body placements. This
resulted in a large number of pairwise (location and sensor)
combinations. A limitation of this study is that data were
collected in controlled laboratory settings, which is an
appropriate initial step in a validation framework [54]. The next
step is to collect data in free-living settings with more fluid
transitions between tasks, which is more reflective of actual
movement. Another limitation of the study was that not all
activities were performed by all participants (Multimedia
Appendix 1). However, the final number of participants with
complete data for each activity was sufficient to assess the
accuracy of individual body positions and their combinations.
Another limitation of the study was that the performance ranking
and conclusions were based on random forest models and might
change when using other machine learning models. We used
the random forest model because it was found to be the best
performing in our previous study [41]. A subsequent analysis
is required to validate whether the choice of machine learning
model will affect the classification performance. Finally, our
population included community-dwelling older volunteers to
generalize to this population. Although this sample had common
comorbidities such as diabetes, hypertension, and cancer history,
we did not actively recruit people who had specific ambulatory
deficits that would likely impact the results. Existing work in
these specialized populations shows that knowledge from
nonambulatory, impaired (eg, healthier) adults transfers with
poor accuracy [55]. Thus, this study is limited to
community-dwelling older adults without overt ambulatory
deficits.

Conclusions
The results from this work suggest that additional accelerometer
devices only slightly enhance activity recognition accuracy and
MET estimation in older adults. However, no single or
combination of accelerometer placement appeared to be
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 5 | e23681 | p. 10
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
significantly better than the others. Therefore, using a single
accelerometer placement appears to provide sufficient
performance for labeling general activity categories and
estimating energy expenditure. Researchers and practitioners

Davoudi et al
should consider performance accuracy in the context of
participant burden and the potential extra benefits gained in
particular positions.

Acknowledgments
This research was primarily funded by the National Cancer Institute, grant SBIR HHSN261201500014C. This research was
partially supported by the National Institute on Aging (grant R01AG042525) and the Claude D. Pepper Older Americans
Independence Centers at the University of Florida (grant 1P30AG028740). PR was supported by the Career award, grant NSF-IIS
1750192, from the National Science Foundation, Division of Information and Intelligent Systems, and by grant NIH NIBIB
R21EB027344-01. The funders had no role in the study design, data collection and analysis, decision to publish, or preparation
of the manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Activity characteristics (four sedentary activities, six locomotion activities, and 22 lifestyle activities). RPE: rating of perceived
exertion.
[DOCX File , 13 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Confusion matrix for individual activity recognition using data from hip placement.
[XLSX File (Microsoft Excel File), 15 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Confusion matrix for individual activity recognition using data from wrist placement.
[XLSX File (Microsoft Excel File), 15 KB-Multimedia Appendix 3]

References
1.

2.

3.

4.

5.
6.

7.

8.

9.

Gorman E, Hanson HM, Yang PH, Khan KM, Liu-Ambrose T, Ashe MC. Accelerometry analysis of physical activity and
sedentary behavior in older adults: a systematic review and data analysis. Eur Rev Aging Phys Act 2014 Sep 17;11(1):35-49
[FREE Full text] [doi: 10.1007/s11556-013-0132-x] [Medline: 24765212]
Tudor-Locke C, Brashear MM, Johnson WD, Katzmarzyk PT. Accelerometer profiles of physical activity and inactivity
in normal weight, overweight, and obese U.S. men and women. Int J Behav Nutr Phys Act 2010 Aug 03;7(1):60 [FREE
Full text] [doi: 10.1186/1479-5868-7-60] [Medline: 20682057]
Paudel ML, Taylor BC, Ancoli-Israel S, Stone KL, Tranah G, Redline S, et al. Rest/activity rhythms and cardiovascular
disease in older men. Chronobiol Int 2011 Apr 31;28(3):258-266 [FREE Full text] [doi: 10.3109/07420528.2011.553016]
[Medline: 21452921]
Berle JO, Hauge ER, Oedegaard KJ, Holsten F, Fasmer OB. Actigraphic registration of motor activity reveals a more
structured behavioural pattern in schizophrenia than in major depression. BMC Res Notes 2010 May 27;3(1):149 [FREE
Full text] [doi: 10.1186/1756-0500-3-149] [Medline: 20507606]
Jones SH, Hare DJ, Evershed K. Actigraphic assessment of circadian activity and sleep patterns in bipolar disorder. Bipolar
Disord 2005 Apr;7(2):176-186. [doi: 10.1111/j.1399-5618.2005.00187.x] [Medline: 15762859]
Berger AM, Wielgus K, Hertzog M, Fischer P, Farr L. Patterns of circadian activity rhythms and their relationships with
fatigue and anxiety/depression in women treated with breast cancer adjuvant chemotherapy. Support Care Cancer 2010 Jan
19;18(1):105-114. [doi: 10.1007/s00520-009-0636-0] [Medline: 19381692]
Allenbach Y, Foucher A, Champtiaux N, Gilardin L, Hervier B, Benveniste O, et al. Wrist-worn accelerometer as innovative
tool for longitudinal follow-up of idiopathic inflammatory myopathy patients: a pilot study. Neuromuscul Disord 2015
Oct;25:310. [doi: 10.1016/j.nmd.2015.06.442]
Ahanathapillai V, Amor JD, Tadeusiak M, James CJ. Wrist-worn accelerometer to detect postural transitions and walking
patterns. In: Proceedings of the XIII Mediterranean Conference on Medical and Biological Engineering and Computing.
2013 Presented at: XIII Mediterranean Conference on Medical and Biological Engineering and Computing 2013; September
25-28, 2013; Seville, Spain p. 1515-1518. [doi: 10.1007/978-3-319-00846-2_374]
Ekblom O, Nyberg G, Bak EE, Ekelund U, Marcus C. Validity and comparability of a wrist-worn accelerometer in children.
J Phys Act Health 2012 Mar;9(3):389-393. [Medline: 22454440]

https://mhealth.jmir.org/2021/5/e23681

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 5 | e23681 | p. 11
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
10.
11.

12.

13.

14.
15.

16.

17.
18.
19.
20.

21.

22.

23.

24.

25.

26.

27.

28.
29.

30.

Lyden K, John D, Dall P, Granat MH. Differentiating sitting and lying using a thigh-worn accelerometer. Med Sci Sports
Exerc 2016 Apr;48(4):742-747. [doi: 10.1249/MSS.0000000000000804] [Medline: 26516691]
Wullems JA, Verschueren SM, Degens H, Morse CI, Onambélé GL. Performance of thigh-mounted triaxial accelerometer
algorithms in objective quantification of sedentary behaviour and physical activity in older adults. PLoS One 2017 Nov
20;12(11) [FREE Full text] [doi: 10.1371/journal.pone.0188215] [Medline: 29155839]
Rosenberger ME, Haskell WL, Albinali F, Mota S, Nawyn J, Intille S. Estimating activity and sedentary behavior from an
accelerometer on the hip or wrist. Med Sci Sports Exerc 2013 May;45(5):964-975 [FREE Full text] [doi:
10.1249/MSS.0b013e31827f0d9c] [Medline: 23247702]
Kinder JR, Lee KA, Thompson H, Hicks K, Topp K, Madsen KA. Validation of a hip-worn accelerometer in measuring
sleep time in children. J Pediatr Nurs 2012 Apr;27(2):127-133 [FREE Full text] [doi: 10.1016/j.pedn.2010.11.004] [Medline:
22341191]
Vähä-Ypyä H, Husu P, Suni J, Vasankari T, Sievänen H. Reliable recognition of lying, sitting, and standing with a hip-worn
accelerometer. Scand J Med Sci Sports 2018 Mar 13;28(3):1092-1102. [doi: 10.1111/sms.13017] [Medline: 29144567]
Chen H, Lin K, Hsieh Y, Wu C, Liing R, Chen C. A study of predictive validity, responsiveness, and minimal clinically
important difference of arm accelerometer in real-world activity of patients with chronic stroke. Clin Rehabil 2018 Jan
05;32(1):75-83. [doi: 10.1177/0269215517712042] [Medline: 28580791]
Jakicic JM, Marcus M, Gallagher KI, Randall C, Thomas E, Goss FL, et al. Evaluation of the SenseWear Pro Armband to
assess energy expenditure during exercise. Med Sci Sports Exerc 2004 May;36(5):897-904. [doi:
10.1249/01.mss.0000126805.32659.43] [Medline: 15126727]
Anderson J, Green A, Hall H, Yoward S. Criterion validity of an ankle or waist mounted Actigraph GT3X accelerometer
in measurement of body position and step count. Physiotherapy 2016 Nov;102:79-80. [doi: 10.1016/j.physio.2016.10.077]
Crouter SE, Oody JF, Bassett DR. Estimating physical activity in youth using an ankle accelerometer. J Sports Sci 2018
Oct 08;36(19):2265-2271 [FREE Full text] [doi: 10.1080/02640414.2018.1449091] [Medline: 29517959]
Lemmens RJ, Janssen-Potten YJ, Timmermans AA, Smeets RJ, Seelen HA. Recognizing complex upper extremity activities
using body worn sensors. PLoS One 2015;10(3) [FREE Full text] [doi: 10.1371/journal.pone.0118642] [Medline: 25734641]
Pirttikangas S, Fujinami K, Nakajima T. Feature selection and activity recognition from wearable sensors. Ubiquitous
Computing Systems. Berlin: Springer; 2006. URL: https://link.springer.com/content/pdf/10.1007%2F11890348.pdf [accessed
2021-03-29]
Attal F, Mohammed S, Dedabrishvili M, Chamroukhi F, Oukhellou L, Amirat Y. Physical Human Activity Recognition
Using Wearable Sensors. Sensors (Basel) 2015 Dec 11;15(12):31314-31338 [FREE Full text] [doi: 10.3390/s151229858]
[Medline: 26690450]
Rhudy MB, Mahoney JM. A comprehensive comparison of simple step counting techniques using wrist- and ankle-mounted
accelerometer and gyroscope signals. J Med Eng Technol 2018 Apr 30;42(3):236-243. [doi: 10.1080/03091902.2018.1470692]
[Medline: 29846134]
Sandroff BM, Motl RW, Pilutti LA, Learmonth YC, Ensari I, Dlugonski D, et al. Accuracy of StepWatch™ and ActiGraph
accelerometers for measuring steps taken among persons with multiple sclerosis. PLoS One 2014 Apr 8;9(4) [FREE Full
text] [doi: 10.1371/journal.pone.0093511] [Medline: 24714028]
Fortune E, Lugade V, Morrow M, Kaufman K. Validity of using tri-axial accelerometers to measure human movement Part II: step counts at a wide range of gait velocities. Med Eng Phys 2014 Jun;36(6):659-669 [FREE Full text] [doi:
10.1016/j.medengphy.2014.02.006] [Medline: 24656871]
Mannini A, Intille SS, Rosenberger M, Sabatini AM, Haskell W. Activity recognition using a single accelerometer placed
at the wrist or ankle. Med Sci Sports Exerc 2013 Nov;45(11):2193-2203 [FREE Full text] [doi:
10.1249/MSS.0b013e31829736d6] [Medline: 23604069]
Full KM, Kerr J, Grandner MA, Malhotra A, Moran K, Godoble S, et al. Validation of a physical activity accelerometer
device worn on the hip and wrist against polysomnography. Sleep Health 2018 Apr;4(2):209-216 [FREE Full text] [doi:
10.1016/j.sleh.2017.12.007] [Medline: 29555136]
Beaver L. The Smartwatch Report: forecasts, adoption trends, and why the market isn't living up to the hype.
businessinsider.com. 2016. URL: http://www.businessinsider.com/
smartwatch-and-wearables-research-forecasts-trends-market-use-cases-2016-9 [accessed 2018-06-11] [WebCite Cache ID
705zlC4O2]
Smith A. Record shares of Americans now own smartphones, have home broadband. Pew Research Center. 2017. URL:
http://www.pewresearch.org/fact-tank/2017/01/12/evolution-of-technology/ [accessed 2018-06-11]
Kerr J, Marinac CR, Ellis K, Godbole S, Hipp A, Glanz K, et al. Comparison of accelerometry methods for estimating
physical activity. Med Sci Sports Exerc 2017 Mar;49(3):617-624 [FREE Full text] [doi: 10.1249/MSS.0000000000001124]
[Medline: 27755355]
Migueles JH, Cadenas-Sanchez C, Ekelund U, Nyström CD, Mora-Gonzalez J, Löf M, et al. Accelerometer data collection
and processing criteria to assess physical activity and other outcomes: a systematic review and practical considerations.
Sports Med 2017 Sep;47(9):1821-1845 [FREE Full text] [doi: 10.1007/s40279-017-0716-0] [Medline: 28303543]

https://mhealth.jmir.org/2021/5/e23681

XSL• FO
RenderX

Davoudi et al

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 5 | e23681 | p. 12
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
31.

32.
33.

34.

35.

36.
37.

38.

39.
40.

41.

42.

43.
44.
45.

46.

47.

48.
49.

50.
51.

52.

Matthews CE, Hagströmer M, Pober DM, Bowles HR. Best practices for using physical activity monitors in population-based
research. Med Sci Sports Exerc 2012 Jan;44(1 Suppl 1):68-76 [FREE Full text] [doi: 10.1249/MSS.0b013e3182399e5b]
[Medline: 22157777]
Gorman M. Development and the rights of older people. In: The Ageing and Development Report. Oxfordshire, United
Kingdom: Taylor & Francis; 1999:1-19.
Guralnik JM, Ferrucci L, Simonsick EM, Salive ME, Wallace RB. Lower-extremity function in persons over the age of 70
years as a predictor of subsequent disability. N Engl J Med 1995 Mar 02;332(9):556-562. [doi:
10.1056/nejm199503023320902]
Corbett DB, Wanigatunga AA, Valiani V, Handberg EM, Buford TW, Brumback B, et al. Metabolic costs of daily activity
in older adults (Chores XL) study: design and methods. Contemp Clin Trials Commun 2017 Jun;6:1-8 [FREE Full text]
[doi: 10.1016/j.conctc.2017.02.003] [Medline: 28649668]
Time spent in detailed primary activities 1 and percent of the civilian population engaging in each detailed primary activity
category, averages per day by sex, 2010 annual averages. American Time Use Survey, Bureau of Labor Statistics. URL:
https://www.bls.gov/tus/tables/a1_2010.pdf [accessed 2021-03-25]
ActiGraph wGT3X-BT. Actigraphcorp. URL: https://actigraphcorp.com/actigraph-wgt3x-bt/ [accessed 2021-03-29]
Buchan DS, McSeveney F, McLellan G. A comparison of physical activity from Actigraph GT3X+ accelerometers worn
on the dominant and non-dominant wrist. Clin Physiol Funct Imaging 2019 Jan 30;39(1):51-56. [doi: 10.1111/cpf.12538]
[Medline: 30058765]
Dieu O, Mikulovic J, Fardy PS, Bui-Xuan G, Béghin L, Vanhelst J. Physical activity using wrist-worn accelerometers:
comparison of dominant and non-dominant wrist. Clin Physiol Funct Imaging 2017 Sep 07;37(5):525-529. [doi:
10.1111/cpf.12337] [Medline: 26749436]
McLaughlin JE, King GA, Howley ET, Bassett DR, Ainsworth BE. Validation of the COSMED K4 b2 portable metabolic
system. Int J Sports Med 2001 May;22(4):280-284. [doi: 10.1055/s-2001-13816] [Medline: 11414671]
Jetté M, Sidney K, Blümchen G. Metabolic equivalents (METS) in exercise testing, exercise prescription, and evaluation
of functional capacity. Clin Cardiol 1990 Aug;13(8):555-565 [FREE Full text] [doi: 10.1002/clc.4960130809] [Medline:
2204507]
Davoudi A, Wanigatunga AA, Kheirkhahan M, Corbett DB, Mendoza T, Battula M, et al. Accuracy of Samsung Gear S
smartwatch for activity recognition: validation study. JMIR Mhealth Uhealth 2019 Feb 06;7(2):e11270 [FREE Full text]
[doi: 10.2196/11270] [Medline: 30724739]
Staudenmayer J, He S, Hickey A, Sasaki J, Freedson P. Methods to estimate aspects of physical activity and sedentary
behavior from high-frequency wrist accelerometer measurements. J Appl Physiol (1985) 2015 Aug 15;119(4):396-403
[FREE Full text] [doi: 10.1152/japplphysiol.00026.2015] [Medline: 26112238]
Mannini A, Sabatini AM. Machine learning methods for classifying human physical activity from on-body accelerometers.
Sensors (Basel) 2010 Feb 01;10(2):1154-1175 [FREE Full text] [doi: 10.3390/s100201154] [Medline: 22205862]
Breiman L. Random forests. In: Machine Learning. Switzerland: Springer Nature; 2001:5-32.
Ellis K, Kerr J, Godbole S, Lanckriet G, Wing D, Marshall S. A random forest classifier for the prediction of energy
expenditure and type of physical activity from wrist and hip accelerometers. Physiol Meas 2014 Nov 23;35(11):2191-2203
[FREE Full text] [doi: 10.1088/0967-3334/35/11/2191] [Medline: 25340969]
Ho TK. Random decision forests. In: Proceedings of the 3rd International Conference on Document Analysis and Recognition.
1995 Presented at: 3rd International Conference on Document Analysis and Recognition; August 14-16, 1995; Montreal,
QC, Canada p. 278-282. [doi: 10.1109/icdar.1995.598994]
Velez DR, White BC, Motsinger AA, Bush WS, Ritchie MD, Williams SM, et al. A balanced accuracy function for epistasis
modeling in imbalanced datasets using multifactor dimensionality reduction. Genet Epidemiol 2007 May;31(4):306-315.
[doi: 10.1002/gepi.20211] [Medline: 17323372]
Kuhn M. The caret package. R Foundation for Statistical Computing, Vienna, Austria. URL: https://cran.r-project.org/web/
packages/caret/index.html [accessed 2021-03-29]
Thomas L, Khan U, Park Y, Ionita R, Jubran A, Ekekwe I, et al. Does wrist plus ankle actigraphy accurately quantify sleep
architecture in patients weaning from prolonged mechanical ventilation? In: B56. Neurocognitive and Neuromuscular Issues
in the ICU. 2020 Presented at: American Thoracic Society 2013 International Conference; May 17-22, 2013; Philadelphia
Pennsylvania p. 3125 URL: https://www.atsjournals.org/doi/abs/10.1164/ajrccm-conference.2013.187.1_MeetingAbstracts.
A3125
Arif M, Kattan A. Physical activities monitoring using wearable acceleration sensors attached to the body. PLoS One 2015
Jul 23;10(7) [FREE Full text] [doi: 10.1371/journal.pone.0130851] [Medline: 26203909]
Gao L, Bourke AK, Nelson J. Evaluation of accelerometer based multi-sensor versus single-sensor activity recognition
systems. Med Eng Phys 2014 Jun;36(6):779-785 [FREE Full text] [doi: 10.1016/j.medengphy.2014.02.012] [Medline:
24636448]
Staudenmayer J, Pober D, Crouter S, Bassett D, Freedson P. An artificial neural network to estimate physical activity energy
expenditure and identify physical activity type from an accelerometer. J Appl Physiol (1985) 2009 Oct;107(4):1300-1307
[FREE Full text] [doi: 10.1152/japplphysiol.00465.2009] [Medline: 19644028]

https://mhealth.jmir.org/2021/5/e23681

XSL• FO
RenderX

Davoudi et al

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 5 | e23681 | p. 13
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
53.
54.
55.

Davoudi et al

Montoye AH, Mudd LM, Biswas S, Pfeiffer KA. Energy expenditure prediction using raw accelerometer data in simulated
free living. Med Sci Sports Exerc 2015 Aug;47(8):1735-1746. [doi: 10.1249/MSS.0000000000000597] [Medline: 25494392]
Keadle SK, Lyden KA, Strath SJ, Staudenmayer JW, Freedson PS. A framework to evaluate devices that assess physical
behavior. Exerc Sport Sci Rev 2019 Oct;47(4):206-214. [doi: 10.1249/JES.0000000000000206] [Medline: 31524786]
Lonini L, Gupta A, Deems-Dluhy S, Hoppe-Ludwig S, Kording K, Jayaraman A. Activity recognition in individuals walking
with assistive devices: the benefits of device-specific models. JMIR Rehabil Assist Technol 2017 Aug 10;4(2):e8 [FREE
Full text] [doi: 10.2196/rehab.7317] [Medline: 28798008]

Abbreviations
CO2: carbon dioxide
MET: metabolic equivalent
O2: oxygen
RMSE: root mean square error
VO2: oxygen consumption

Edited by L Buis; submitted 19.08.20; peer-reviewed by A Tarekegn, E Park; comments to author 29.09.20; revised version received
28.10.20; accepted 15.03.21; published 03.05.21
Please cite as:
Davoudi A, Mardini MT, Nelson D, Albinali F, Ranka S, Rashidi P, Manini TM
The Effect of Sensor Placement and Number on Physical Activity Recognition and Energy Expenditure Estimation in Older Adults:
Validation Study
JMIR Mhealth Uhealth 2021;9(5):e23681
URL: https://mhealth.jmir.org/2021/5/e23681
doi: 10.2196/23681
PMID:

©Anis Davoudi, Mamoun T Mardini, David Nelson, Fahd Albinali, Sanjay Ranka, Parisa Rashidi, Todd M Manini. Originally
published in JMIR mHealth and uHealth (https://mhealth.jmir.org), 03.05.2021. This is an open-access article distributed under
the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in JMIR mHealth and uHealth, is
properly cited. The complete bibliographic information, a link to the original publication on https://mhealth.jmir.org/, as well as
this copyright and license information must be included.

https://mhealth.jmir.org/2021/5/e23681

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 5 | e23681 | p. 14
(page number not for citation purposes)

