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Precise Measurement of Physical Activities
and High-Impact Motion: Feasibility of

Smart Activity Sensor System
Hung-Ping Liu, Yu-Min Chuang, Chih-Hao Liu, Phillip C. Yang, and Chiou-Shann Fuh, Member, IEEE

Abstract—Today, over 72% of the world-wide population
lives beyond the age of 65. Senior care has become one
of the single most relevant challenges globally. There are
many relevant issues related to monitoring and managing
the daily activities of senior citizens. In this study, we will
examine the role of advanced activity sensor platform to mon-
itor their daily activity levels. It will assist in understanding
the lifestyle of the individual seniors to promote safety and
improve the quality of life through measurement of physical
strength and independence. We investigate the requirements
of wearable technology for the seniors, employing Inertial
Measurement Unit (IMU) sensor for senior care. The proposed
system includes a wearable device for each senior, Internet of
Thing (IoT) receiver environment, smart alert, and cloud-based machine learning algorithm with Application Processing
Interface (API) enabled remote Internet access. The primary application of our proposed IMU sensor application includes
precise measurement of individual physical activity level.

Index Terms— Smart sensor, wearable technology, fall detection, activity percentage, physical activity.

I. INTRODUCTION

THE advances in medical care is prolonging the average
human longevity world-wide. More people are living

beyond 65 years of age [4]. According to the United States
Department of Health and Human Services (HHS), the pop-
ulation of the elders over the age of 65 number 49.2 million
in 2016 (the most recent year for which data are available).
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They represent 15.2% of the population, about one in every
seven Americans. The number of older Americans increase by
12.1 million or 33% since 2006, compared with an increase
of 5% for the under-65 population [1]. Senior care is emerging
as an increasingly important topic. The senior lifecare services
include the following: a) residential care, consisting of skilled
nursing facility, assisted living and independent living homes
and b) non-residential care, consisting of home healthcare,
adult day care, and hospice [18]. More than one fourth of
people over 65 years fall each year [6]. According to the US
National Security Council, the number of seniors over 65 who
are directly or indirectly killed by a fall ranked first, reaching
33% of the total numbers of accidental deaths in this age
group. Zhu et al. [19] did a survey of fall detection algo-
rithm for elder. They categorized the identification methods
of human falls into two kinds devices: wearable and non-
wearable detection devices. Wearable detection devices are
based on accelerometer or combined sensors. Non-wearable
detection devices are based on sound or video cues.

The wearable technology started in a form of a basic watch
worn by people to tell time. The modern wearable technology
evolved with ubiquitous computing, miniaturized sensors, and
wearable computer technology. Fitbit released its first wearable
watch around 2009 and focused on activity tracking. During
the ensuing years, smartwatches became common technology
products by the electronics companies. These developments
led to Gemperle et al. [12] to propose a set of design guidelines
for wearability and wearable forms. After considering various
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functionalities and requirements, the wrist band offered the
most practical and compliant design solution to the seniors.

However, the wearable technology for the elders should
embody different applications and designs specific to their
usage. In this manuscript, we will demonstrate these speci-
fications in more detail. We will present AiCare’s compre-
hensive technology solution, consisting of wearable sensor,
BLE-enabled IOT infrastructure, machine learning algorithm
to implement artificial intelligence, and API-enabled web tech-
nology to measure daily activities of senior citizens. In devel-
oping this technological infrastructure for senior citizens, there
were major considerations.

A. Wireless Protocol
Considerations for the requirements of data collection, long-

term use, power consumption, wireless transmission distance,
legal radio frequency, home use, popularity, and cost lead to
the Bluetooth Low Energy (BLE) as the optimal protocol for
long term senior care indoor usage.

B. Identification
The personalized data are anonymized using an internally

specified identification (ID) system for data collection. BLE
Media Access Control (MAC) address for each individual band
enables this functionality.

C. Battery Replacement or Power Charge
The senior citizens must be wearing the battery powered

smart band at all times. It is impractical for the seniors to
remove the smart band for a long period of time or with high
frequency as they will not be monitored for data collection
during this duration. The time required to charge the batteries
is much longer than the time needed to replace the batteries,
thus our smart band does not use rechargeable battery. At least
45 days of continuous use is possible with AiCare wrist sensor.
AiCare wrist sensor uses battery of Toshiba CR2450 3.0V
620 mAh, power consumption of off: 0.14 mA and normal
run: 0.355 mA, thus average continuous run: 52 days.

D. Alert Service
It is important for the seniors to be able to access the

alert service easily. Traditionally, many alert service bells are
installed throughout the nursing home where they can activate
readily in many places that require special assistance such as
the bath room and toilet. The BLE protocol will easily provide
this service. The smart band could feature a readily accessible
button for alert service in an emergency while it is inaccessible
during the normal activities. They should be able to activate
the alert service from any indoor location.

E. Real-Time Location
There have been many technical developments to address

this functionality. The Received Signal Strength Indica-
tion (RSSI) is used to infer the indoor device location.
Jianyong et al. [38] proposed a set of tools for this purpose:
1) Gaussian filter to pre-process the received signal, 2) distance

weighted filter to reduce the influence of abnormal RSSI,
3) collaborative localization algorithm based on Taylor series,
4) expansion method, and 5) active learning of BLE reference
nodes. Their experiments showed that the location tracking
accuracy with a margin of error of less than l.5 meters to be
higher than 80%.

Kajioka et al. [27] did an indoor position experiment
based on RSSI of BLE beacon. By applying their estimation
method, they achieved over 95% correct estimation rate with
an accurate tracking inside or outside a room. The degradation
of a correct estimation rate is possibly due to radio influence
issues such as multipath, reflection, or interference.

Rida et al. [23] proposed Trilateration algorithm, which
can be easily implemented with hardware due to its low
complexity. Their approach is based on the deployment of
equidistant nodes on the ceiling and each node broadcasts a
periodic beacon at a time interval of 400ms. Their proposed
method has about 0.5 ∼ 1 meters of error on average.

F. Fall Detection
Lindemann et al. [36] proposed an algorithm based on a

hearing-aid tool which included an accelerometer and was
fixed behind the ear. They demonstrated that their proposed
method in the head is better than other fall detectors worn at
the hip or wrist.

Wang et al. [8] reported an algorithm in which the sensor
is also placed on the head. Their proposed method could
distinguish eight types of fall and seven daily activities.

Sorvala et al. [2] demonstrated a two-threshold algorithm
for fall detection. The algorithm combined triaxial accelerom-
eter and triaxial gyroscope data measured from the waist.
They could distinguish between fall, possible fall, and activity
of daily living. The sensitivity is 95.6% and the specificity
is 99.6%. Khojasteh et al. [26] also used a threshold-based
solution to detect a fall.

Vavoulas et al. [14] provided a MobiFall dataset that
recorded human activities using accelerometer and gyroscope
from smartphone. The activities included four different falls
and nine different activities of daily living. Vallabh et al. [25]
used this dataset to do fall detection by machine learning
algorithm. They discovered that K -Nearest Neighbors’ (KNN)
algorithm is the best approach out of the five different clas-
sification methods. Mauldin et al. [35] used a deep learning
method to detect a fall.

Lim et al. [10] proposed a fall-detection algorithm that
combines a simple threshold method and hidden Markov
model (HMM) using 3-axis acceleration. The best fall detec-
tion, combining the simple threshold and HMM, demonstrated
sensitivity, specificity, and accuracy of 99%.

Pierleoni et al. [24] proposed a fall detection algorithm that
fuses triaxial accelerometer, gyroscope, and magnetometer in
a wearable sensor on the waist of the subject.

Casilari et al. [11] provided an UMAFall dataset, which
incorporated five wearable sensing points located on five
different points of the body of the participants.

Finally, Hossain et al. [13], [28] proposed a real-time fall
detection, using a single 3D commercial accelerometer and
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TABLE I
THE COMPARISONS OF EACH FALL DETECTION METHODS

Support Vector Machine Learning Algorithm (SVMLA). The
sensor was placed on the chest.

In a situation of long-term monitoring, battery power
consumption must be minimized. Only limited datasets can
be collected from a pre-specified environment. We, there-
fore, propose a fall detection method, employing use-pattern
recognition by state machine detection with high sensitivity,
specificity, and accuracy with low-power consumption. Table I
shows the comparisons of each fall detection methods.

G. Physical Activity
Physical activity is defined as any bodily movement pro-

duced by skeletal muscles that results in energy expendi-
ture [7]. It is difficult to directly measure physical activity.
It requires a dedicated laboratory to measure and perform a
kinematic analysis. The measurement period is also short and
hard to monitor all day. Wearable technology and wireless
data transmission facilitate long-term assessment of physical
activity.

Steele et al. [3] showed that a triaxial movement sensor was
a reliable, valid, and stable measurement of walking and daily
physical activity in COPD (Chronic Obstructive Pulmonary
Disease) patients.

Yang and Hsu [5] proposed a portable system for physical
activity assessment in a home environment. Their proposed
system provides significant information in evaluation of health
and the quality of life of subjects with limited mobility and
chronic diseases.

Diaz et al. [17] demonstrated that the estimates of step count
and energy expenditure are strongly correlated with observed
step counts and measured energy expenditure using the hip-
and wrist-based Fitbit® devices.

Finally, Ahmad et al. [20], [22] used walk accelerator data
and gait raw data for user identification, but did not explain
how to identify the walk activity in daily activity. We could
use their methods to identify the users by their weekly physical
activity in the future.

In this study, we proposed an assessment of the physical
activity by triaxial accelerometer, which provides the opti-
mal solution between technological complexity and reliable
measurement of physical activity. The assessment of physical
activity can help to evaluate the behavior changed by some
prescriptions and reinforce the fall detection.

H. Statistics and Artificial Intelligence
The data quantity correlates with the detailed measurement

of the seniors’ daily activities. We can assess their quality of
life through accurate measurements of their activities while
they are awake, performing various activities of daily living,
participating in activities, and resting. We can also locate their
active area indoor, the most frequented area, and duration of
stay in each area. We can use their first week data for baseline
training data analysis. Subsequently, we can analyze the trend
during the ensuing months to detect the significant changes in
their activity level. Multiple layers of big data analytics [16],
data mining algorithms [37], and machine learning (artificial
intelligence) methods are employed [9].

I. AiCare Platform
AiCare platform enabled data collection and real-time

analysis are described here. This proprietary platform includes
wearable sensor for each senior, IoT and BLE infrastructure,
and backend cloud-based system with secure redundant data-
base, machine learning artificial intelligence algorithms, and
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Fig. 1. The picture of RockBand, RockBox, and the installation of
RockBoxes in the rooms.

API-enabled internet system. This comprehensive platform is
utilized to analyze the seniors’ activity data. This service
empowers a smart, safe, and secure environment. Their real-
time, intelligent system enables timely tracking, detection and
prevention to promote healthy and independent senior life.

II. DATA COLLECTION AND ANALYSIS

A. Fall Detection
We use AiCare’s wristband sensor, RockBandTM (RB) as

in Fig. 1(a), and RockBox as in Fig. 1(b) for data collection.
Fig. 1(c) is the installation and coverage of RockBoxes in
the rooms. We record 12 different simulated falls and each
simulated fall with 3 repeats. Falls include forward, backward,
leftward and rightward with band in left and right hand

Fig. 2. Continued pictures of a fall. (An example of fall type 3).

TABLE II
TYPES OF FALL

Fig. 3. The SVM of the simulated falls and four phases of the fall pattern.

(8 types) and plus slip-type, trip-type, step-down-type, and
forced-rotation-type (4 types) which are shown in Table II.
Fig. 2 shows continued pictures of a fall. We use Sum of
Vector Magnitude (SVM) to perform the analysis. The SVM is
not influenced by wearing the sensor on either the left or right
hand. The differences in the initial condition can be removed.
The raw data in x , y, and z axes change by rotation of the band,
requiring a large data set for different initialization. We only
use triaxial accelerometer and no gyroscope due to high power
consumption. We propose a simple method to detect a fall.
The sample rate is 50 Hz, thus no overlap of data points. The
maximum acceleration is +8 g or −8 g. Plus or minus means
the direction of acceleration toward or far away from the earth.
The sensor is 16-bit data, which means 215 is approximately
equal to 8 g (8 g = 32768 levels), which calculates to
1 g = 4096 levels. Fig. 3 shows 36 different falls using SVM
data. We do moving average with a window = 4 and we align
the maximum value of SVM at x position = 250.

From the falls, we separate the fall pattern into 4 phases:
imbalance, bump, damping, and recovery. When a senior
citizen starts a fall, his or her body cannot be in a proper
balance. He or she will move towards the ground. This
behavior decreases the gravity of the accelerometer. When
the accelerometer sensor stays still, the SVM will be one
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Fig. 4. The state machine of fall detection.

gravity. When the sensor moves to the ground, the SVM of
the sensor will decrease relatively. We call this phase the
imbalance phase where the bodies of the sensors are in an
imbalanced condition. After a short period, he or she will hit
the ground. From Fig. 2, we can observe that the period from
the initial decrease in SVM to the smallest value is about
0.5 second. When the subject hits the ground, the SVM will
reach a maximum during this period of fall. We define the
peak period as the bump phase. The peak period is defined as
the duration of the maximum SVM of this fall plus left rising
edge and right falling edge. After the bump phase, the sensor
will be in the damping phase. The seniors will transit from
the impact to no motion. The amplitude of SVM will converge
back to one gravity during this damping phase. We can observe
that the period of damping phase is about 1 second. After the
seniors fall back to motionless state, they need some time to
recover. We call this the recovery phase where the seniors
remain in motionless condition.

We use pattern recognition to detect a fall using four phases
of a fall. When we observe a period of SVM, this pattern starts
from imbalance and moves sequentially to bump, damping,
and recovery phases. These 4 distinct stages are employed to
label this behavior as a fall. This is followed by a check, which
functions like a state machine where we will check whether
the data will meet the criteria of imbalance phase. If this holds
true, RB may enter bump phase and proceed to the damping
and recovery phases. Fig. 4 shows the detection method.

In the following section, we will demonstrate the mathe-
matic definition of these four phases:

a) Imbalance phase
There are two parameters for this phase: the level and the

period.

SV M =
√

a2
x + a2

y + a2
z (1)

SV M < Levelunbalance (2)

t1 > Periodunbalance (3)

ax , ay , and az : the values from the accelerometer for triaxial
acceleration.

Levelunbalance : level threshold of SVM ∼ 1/
2g.

Periodunbalance : time threshold ∼ 200 ms.
t1 : continuous period of SVM < Levelunbalance.
When Eqs. (2) and (3) hold, the state will move to imbalance

phase. The algorithm will check the bump criteria.
b) Bump phase

There are three parameters for this phase: one level and two
periods.

SV M > Levelbump (4)

t2 < Periodbump le f t rising (5)

t3 < Periodbump right f alling (6)

Levelbump : level threshold of SVM ∼ 3g.
Periodbump le f t rising : time threshold ∼ 200 ms.
Periodbump right f alling : time threshold ∼ 100 ms.
t2 : the period of the rising edge to the maximum SVM.
t3 : the period of the maximum SVM to the falling edge.
c) Damping phase
There are two parameters for this phase: level and period.

SV M < Levelmaximum SV M of this f all (7)

t4 = Perioddamping (8)

Levelmaximum SV M of this f all : the maximum SVM of this
fall.

All the SVMs of the damping phase should be smaller than
Levelmaximum SV M of this f all .

Perioddamping : define the period of the damping
phase ∼ 1 second.

t4 : the period of the damping phase.
d) Recovery phase
There are three parameters for this phase: one level percent-

age of one gravity and two time periods.

1g − p1 < SV M < 1g + p1 (9)

t5 = Periodrecovery (10)

t6 > Periodst ill (11)

p1 : the percent of 1g something like 10%.
Periodrecovery : recovery phase ∼ 20 seconds.
Periodst ill : still phase ∼ 10 seconds.
t5 : recovery phase.
t6 : the continuation of SVMs according to Eq. (9) in t5.
As in Fig. 4, we use state machine method to judge if the

state should be entered into the next phase or be back to the
initial state. The judgement criteria are the definitions of each
phase. For example, to check if the state is entered into the
imbalance phase, we will check the g value is smaller than
0.5 g and the period is over 200 ms. If the g value is larger
than 0.5 g and the period is smaller than 200 ms, the state is
still in the initial state. Otherwise, the state will be entered into
the imbalance state. We will check the next criteria of the next
phase. We do not use the same phase recognition algorithm
for these 4 phases.

Table III shows the percentage of fall types, which demon-
strate the features. These 4 features can detect a fall reliably.

We do not use machine learning method in fall detection.
Two reasons for not using machine learning method in fall
detection: 1) power consumption: our hardware cannot run
machine learning algorithm. We even do not use the gyro data
for fall detection. The power consumption of gyro is about
six times of the g sensor. 2) data sets: we do not have enough
simulated data sets to do machine learning. We can use search
method to find the maximum and minimum threshold. We will
use these thresholds to remove some false alarms. If we can
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TABLE III
STATISTICAL ANALYSIS OF FALL DETECTION BY EACH FEATURE

FOR DIFFERENT TYPES OF FALLS

collect more false alarms, we can optimize the thresholds
better.

We use air mattress to simulate the ground. The real max g
value will be smaller than the solid ground. That is why there
still exists the false alarm. It is impossible to simulate the man
fell using the real ground. In the beginning, we also push the
solid doll into the ground. The behavior is also different with
real man fell into the air mattress. On the other hand, many
other researchers also use mattress to simulate the fall.

B. Physical Activity
We define a movement as the following.

SV M > 1g + p2 (12)

p2 : the percent of 1g at approximately 10%.
Due to the physical characteristic, the SVM signal of the

sensor will remain at baseline, 1g. If RB moves to the ground,
the SVM will decrease. If you stop the descent to the ground,
the SVM will increase due to inertia. We define the movement
at higher side of 1 g. Next, we define a fixed time slot, during
the subsequent 1 to 2 seconds. If we observe SVMs in a time
slot and one SVM meets the criterion of Eq. (12), we define
this time slot as a movement time slot while other time slots
are defined as a motionless time slot. Due to real-time indoor
position, the band will broadcast information every second.
We accumulate movement data every 5 minutes and repeat
the same movement information before next 5 minutes. The
time slot is chosen every 2 seconds over 150 time slots, and
the data are within one byte. Fig. 5 shows the examples of
movement time slot.

Next, we define physical activity percentage. Physical activ-
ity percentage equals total movement time slot/total observed
time slot. This value can be an observation over a short
(5 minutes) or a long observation (24 hours).

C. Experiment
1) Fall Detection:

a) Simulated data: We recorded 12 different types of falls
and 22 types of activities using the AiCare System. Each type
was recorded with 3 repeats. Activities included hand swing-
ing, sitting down on a chair (chair with/without armrests),

Fig. 5. Examples of movement time slot. (a) No movement. (b) Hand
movement.

TABLE IV
TYPES OF ACTIVITIES

standing up from a chair (chair with/without armrests), lying
down on a bed, getting up from a bed, stepping up the stairs,
stepping down the stairs, walking, rotating the hand, moving
hand up and down with band in left and right hand which are
shown in Table IV.

We use the same method to overlap the SVM of 22 activi-
ties. The result is shown in Fig. 6.
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Fig. 6. The overlapped SVM of 22 activities.

TABLE V
STATISTICAL ANALYSIS OF FEATURE TEST IN

DIFFERENT TYPES OF ACTIVITIES

Compared to Fig. 3, we saw the significant differences in
all four phases of a fall: 1) increased evidence of imbalance
2) increased signal of bump 3) decreased damping, and
4) decreased recovery.

Table V shows the percentage of different types of activities
has the features.

From the simulated data, we concluded the following
results: 100% sensitivity (36/36), 96.88% specificity (64/[2
+ 64]), 98.04% accuracy ([36 + 64]/[0 + 36 + 2 + 64]),
94.7% precision (36/[36 + 2]), 100% recall (36/[36 + 0]), and
97.3% F-measurement (with β = 1, [2 ∗ 94.7%∗100%]/[94.7%
+ 100%]). From Fig. 3 and Fig. 6, we observed significant
difference between the 4 phases of a fall. And from Table VI,
the statistical analysis shows that only 3.03% of non-fall
activities will be recognized falsely as a fall using our features.

Furthermore, Table VII showed the increased in classifi-
cation accuracy systemically for different feature combina-
tions and feature fusion methods. The chi-square statistic
was 80.5029, the p-value was < 0.00001 and the result was

TABLE VI
THE CONFUSION MATRIX OF THE SIMULATED DATA

TABLE VII
THE ACCURACY OF THE COMBINATIONS OF PHASES

TABLE VIII
THE TRUTH TABLE OF THE SENIORS IN THE DAY CARE CENTER

significant at p < 0.05. That rejected the equality of these
4 combinations of phases.

b) Day care center: Next, we used the same algorithm
to assess the activities of the senior citizens at a day care
center. The seniors went to day care center in the morning and
return home in the evening. They wore the band at the day
care center. They attended different classes, eat lunch and rest
after lunch. Before they returned home in the late afternoon,
the band is removed. There were 15 seniors and 3 assistants
for this study. The average age was 79.9 ± 10.8 years old.
We accumulated 519 person-day data in a total of 58 days; the
maximum count of the seniors in one day was 15. The data
from the assistants were 65 person-day in a total 25 days; the
maximum count of the assistants in one day was 3. Table VIII
shows the results of the seniors.

The data for 1189 falls were recorded by the AiCare System
and 2 real falls were observed by the assistants. 465,911 was
calculated from the following equation: the maximum fall
counts were 519 (person-day) ∗ 5.5 (hours / person-day) ∗ 60
(minutes) ∗ 60 (seconds) / 22 (seconds / fall) = 467,100 falls.
519 was total person-day. Each subject wore the band between
9:30 AM and 9:50 AM upon arrival to the day care center
and took it off after 3:30 PM. We accumulated the data from
10:00 AM to 3:30 PM. The total hours were 5.5 hours. The
time to judge a fall was 22 seconds. Next, 1187 and 2 were
subtracted from 467,100, which equals 465,911 for the non-fall
counts. From Table VIII, we concluded the following results:
100% sensitivity (2/2), 99.75% specificity (465,911 / [465,911
+ 1,187]), 99.75% accuracy ([2 + 465,911] / [0 + 2 +
1,187 + 465,911]), 0.17% precision (2/[2 + 1187]), 100%
recall (2/[2+0]), and 0.34% F-measurement (with β = 1,
[2 ∗ 0.17%∗100%]/[0.17% + 100%]). The three assistants
were also added for this analysis.

The total data was 65 person-day in 25 days. No fall was
found in real condition. The data for 413 falls was recorded
by the AiCare System and 0 real fall was observed by the
assistants. The maximum fall counts were 65 (person-day) ∗
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TABLE IX
THE CONFUSION MATRIX OF THREE ASSISTANTS

IN THE DAY CARE CENTER

TABLE X
THE DOSES OF QUETIAPINE FOR DIFFERENT SENIORS

5.5 (hours / person-day) ∗ 60 (minutes) ∗ 60 (seconds) / 22
(seconds / fall) = 58,500 falls. We achieved the following
results: sensitivity was not available (0/0); specificity was
99.29% (58,087 / [413 + 58,087]); accuracy was 99.29%
([0 + 58,087]/[0 + 0 + 413 + 58,087]); precision was 0%
(0/[0 + 413]); recall was not available; and F-measurement
was not available.

2) Physical Activity: After we defined the movement time
slot, we obtained the movement data every 5 minutes. We mea-
sured the activity data by dividing the activity count by 150 to
be physical activity percentage for every 5 minutes. This
represented the percentage of time when each person was
in activity movement. The day care center rested after lunch
from 12:00 PM to 13:30 PM. During this time, every senior
remained in a chair bed. We divided the day hours into class
and rest hours. The class hours were spent with the teachers
and assistants. The lunch nap was considered as rest hours.

We also measured the physical activity of the seniors with
dementia, requiring anti-psychotic medication. Some level of
dementia was a common disease among the seniors. Some
seniors had delusion during the early and middle stages of
the disease process, impeding their sleep at night. If they
had this condition, they are prescribed Quetiapine [29], which
was primarily used to treat schizophrenia or bipolar disorder
as a mood stabilizer. One of the common major side effects
was decreased physical activity [25]. We proceeded to assess
if our defined physical activity percentage can distinguish
the behavior differences of those taking increasing doses of
Quetiapine. In our study, there were four seniors with dementia
taking Quetiapine. They were taking 3 different doses of
Quetiapine as shown in Table X.

We checked the physical activity percentage (a day per data
point) of these four seniors. The results are in Fig. 7.

Next, we studied the data using box plot. The results are
shown in Fig. 8 and Table XI shows means and standard
deviations.

We then observed for a longer period, and the data were
validated by assistants who visually confirmed the activity
level for reference. The results are shown in Fig. 9 and 10.
Table XII shows means and standard deviations.

Next, we measured the physical activity percentage
(5 minutes per data point) during the day.

Fig. 7. One month data of physical activity (a day per data point)
percentage in different doses of Quetiapine.

Fig. 8. The box plot of physical activity percentage (a day per data point).

TABLE XI
THE MEAN AND STANDARD DEVIATIONS OF

PHYSICAL ACTIVITY PERCENTAGE

Fig. 9. Three-month data of physical activity percentage (a day per data
point) in different doses of Quetiapine and validated by the 3 assistants.

Fig. 10. The box plot of physical activity percentage (a day per data
point) over 3 months including the 3 assistants.

The observed data confirmed that the seniors rested in a
reclining chair bed from 12:00 PM to 1:30 PM. The physical
activity percentage decreased significantly during this period
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TABLE XII
THE MEAN AND STANDARD DEVIATIONS OF PHYSICAL

ACTIVITY PERCENTAGE

TABLE XIII
THE AVERAGE PHYSICAL ACTIVITY PERCENTAGE

OF THE CLASS AND THE NAP

(Table XIII). We also observed that Assistant 3 rested from
12:45 PM to 1:30 PM. These three assistants ate lunch from
12:00 PM. After lunch, Assistants 1 and 2 did arts and
crafts and Assistant 3 rested. We then generated a detailed
normalized histogram (the sum of the histogram is normalized
to 1) for them. Fig. 12 shows a normalized histogram of
Fig. 10 removing the napping data from 12:00 PM to 1:30 PM.
We observed that there is a high bar at x = 0.

III. DISCUSSION

A. Fall Detection
First, we simulated the falls and recorded the data. We con-

sidered the resources and removed the initial conditional
difference (wore sensor on the left or right wrist and rotated
the position). We used SVM for our fall detection parameter
and introduce a pattern recognition method for fall detection.
Our simulated data were training data sets and the day care
center data were the test data sets. We achieved a highly
reliable result using simulated data (100% sensitivity, 96.88%
specificity, 98.04% accuracy, 94.7% precision, 100% recall,
and 97.3% F-measurement). Next, we used the same algorithm
for 584 person-day and total during for about 3 months.
We separated the subjects into two groups: the seniors
(n = 15, 79.9 ± 10.8 years old) and the youths (Assistants
1-3, n = 3, 21.7 ± 0.6 years old). A real fall was
a very low-frequency event. There were 2 senior falls
with no injury. Our algorithm for the seniors demon-
strated 100% sensitivity, 99.75% specificity, 99.75% accuracy,
0.17% precision, 100% recall, and 0.34% F-measurement.
We saw precision and F-measurement drop when com-
pared to the simulated vs. real condition. The main reason
was that real falls are infrequent and if the algorithm
had false positive, this translates to less precision and
F-measurement. If no real falls happened, the precision was
always 0. From the senior data, the algorithm demonstrated

2.3 false alarms during the day and one false alarm in 2.4
(= 5.5/2.3) hours (in the night, the false alarm was less). The
youth data showed 99.29% specificity, 99.29% accuracy, 0%
precision, no recall, and no F-measurement. The algorithm
for the youths demonstrated 6.4 false alarms during the day
and one false alarm in 0.87 (= 5.5/6.4) hour. There was a
reduction in specificity and accuracy for the youths (compared
to loss from 100%, the youth assistants were triple of the
seniors −0.71/−0.25 = 2.84). From Tables VIII (the seniors)
and 9 (the young assistants), we concluded that our proposed
algorithm was more suitable for the seniors, because their falls
tend to be quicker, generating higher g-value activity. If the
seniors demonstrated a fall-like activity based on the higher
g-value, there was a higher likelihood of indicating a fall. The
younger cohorts could easily perform a fall-like activity and
generate higher g-value without falling, resulting in higher
false positive alarms.

Our algorithm was based on the fall pattern recognition
(4 phases), using state machine method. If there was a fall,
the subject might be conscious or unconscious. If they could
still move, they could use alert service for help. If they were
unconscious, we used a pre-specified period with zero physical
activity to detect and confirm the fall. Our limitations included
the following: 1) false alarms still existed and 2) the younger
cohort performed higher g-value activity, which simulated a
fall.

Ahmad and Khan [21] detect the following activity recog-
nitions: walking, walking up-stairs, walking down-stairs, run-
ning, and jogging which are interesting but different from our
fall detection.

Mathews et al. [32]–[34] proposed a series of methods
about dictionary learning. They used dictionary pair learning
based on maximum correntropy criterion (more insensitive to
outliers) and a class specific regularizer term (better classi-
fication). They differentiated more activities, using 3 IMU
sensors in different positions. Compared to our application:
1) activities did not include falls, 2) accuracy decreased when
using only one IMU sensor, 3) matrix multipliers required
higher power consumption, 4) more data were necessary for
user independent measurements, and 5) 100% sensitivity must
be maintained.

Wang et al. [15] explained many important topics regarding
deep learning on sensor-based human activity recognition.
Mathews [30] proposed a real-time activity recognition using
convolutional neural networks. They recognized 6 different
activities using accelerometer data from smartphone. Our band
did not perform CNN calculations. If we do upgrade our band
to perform CNN, the band cannot be used over 45 days due
to significant power consumption issue.

Lee et al. [31] introduced explainable artificial intelligence
in the following applications: NLP, biomedical, and malware
classification. The basic problem of misclassified samples was
our features could not distinguish the real fall and fall like
activity. We need more features to separate them.

Our selected features were small pieces of motion. The
sequences of these features composed a fall or fall-like activity.
These features were hand-crafted. We used an automatic
feature selection approach if we had enough dataset from many
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Fig. 11. Physical activity percentage (5 minutes per data point) with time. Solid lines are the averages of each time slot.

subjects who sustain a fall. On the other hand, the machine
feature selection method required many more features to
calculate in order to detect a fall. This requirement would not
allow our band to maintain power over 45 days.

B. Physical Activity
Using our proposed method, physical activity percentage

was measured to assess physical activity. We then proceeded
to assess whether the algorithm can distinguish the behavior
of the seniors taking different doses of Quetiapine. The senior
with highest dose of Quetiapine demonstrated lowest level of
physical activity percentage (19.71% in Table XI and 20.76%
in Table XII). We found that Senior 3 and Assistant 3 (56.06%
vs 55.61%, p > 0.05) and Assistants 1 and 2 (61.15% vs

60.47%, p > 0.05) also had similar level of the physical activ-
ity percentage. Since the assistants coached the seniors, their
physical activity percentage should be similar to the seniors
who participated in the class but within individual physical
limitations. There were many reasons why the physical activity
percentage varied. The reasons could not be attributed only
to the dose difference. Ideally, we preferred to monitor the
physical activity percentage with different doses in the same
person or increase the sample size. Baseline activity level prior
to their starting the medication should be obtained.

From Fig. 11(a), (c), and (d), we clearly knew that the
seniors rest from 12:00 PM to 1:30 PM. The pattern of one
month data also indicated the physical activity percentage of
the senior citizens. The seniors with high physical activity
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Fig. 12. Normalized histogram for the senior citizens (1-4) and assistants (1-3).

percentage will have more points in upper region (from the
definition of y-axis). It recorded the senior’s physical activity
percentage pattern. We used the pattern data to check if they
had changed during the month. We also employed the pattern
data to classify the group of the seniors.

Fig. 11 shows the activity tracking of each subject over one-
month period. The tracking demonstrated each subject with a
unique activity pattern. We used this footprint to track each
month to know the activity trend of each subject. We also cat-
egorized these footprints into different groups by unsupervised
learning and data clustering algorithms. We knew the charac-
teristics of each group, which correspond to optimized lifestyle
for each group or each subject. These findings demonstrated

the unique ability to delineate the activity for each subject,
emphasizing the importance to personalize the data for each
subject. AiCare is employing artificial intelligence such as
machine learning to assist in detecting and understanding the
individual activity difference.

The normalized histogram generated interesting data.
Fig. 12 (c) and (g) demonstrated different patterns compared
to (a), (b), (d), (e), and (f). Fig. 12 (a), (b), (d), (e), and (f)
showed that they have the most percentage in the zero zone
(14.34%, 3.35%, 6.89%, 5.81%, and 5.94%) while (g) exhib-
ited insufficient data (n = 70) and indicated different pattern.
The data represented the highest similar physical activity
percentage in the zero zone (rest). This finding was reasonable
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since senior citizens rest when they were able to do so. From
zero zone percentage, we also knew the reasonable value for
each subject. If a subject exhibited small value in zero zone
(for example: 0%), we would know why it was abnormal.
It may be the early stage of the disorder. But this designation
would require more data to infer this finding.

IV. CONCLUSION

In this study, we demonstrated the requirements to detect
falls and assess physical activities for the seniors, employing
RB from the AiCare System. We propose two IMU applica-
tions, high impact detection and physical activity level mea-
surement. Our main contribution for fall detection used pattern
recognition method by state machine detection. It demon-
strated high sensitivity, specificity, and accuracy. Low-power
consumption was possible by only using triaxial accelerometer.
While false positive alarm still existed, this algorithm was most
effective for the activity level of the seniors.

We used state machine method to detect a fall and we
defined four phases to detect a fall with higher accuracy and
fewer false alarms. No one used the same method before.
On the other hand, our system also used alert service and
physical activity to help fall detection.

For physical activity, we proposed a method to distinguish
the different level of physical activities. Specifically, the effects
of medication and the different doses were distinguished.
We thought our proposed method could be a good tool to
assess the baseline physical activity level and the subsequent
changes in activity level. Furthermore, our proposed method
also allowed fall detection. If the subjects were conscious,
they were able to press the button to activate the alert service.
If they were unconscious or immobile, we could use zero
physical activity percentage for a pre-determined duration to
confirm a fall after a high impact motion.

Our system aimed to help the nursing care infrastructures to
have better tools for easier management. We tried these tech-
nologies to help the seniors and the senior care infrastructures.
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