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Abstract

The increase in life expectancy fueled by the development of medical technol-
ogy and the aging of the world’s populations have created a labor shortage in
the nursing care industry in Japan. In addition to supporting the daily lives
of seniors, elderly care facilities monitor and manage the amount of physical
activity of their occupants to maintain their health. To reduce the burden of
such work, activity amount estimation has been proposed using acceleration
sensors, smartphones, and cameras, although it has not been widely used due
to installation costs. Therefore, this study proposes a method that estimates
the number of steps taken using BLE beacons as sensors to achieve a low-cost
activity-amount estimation. A BLE beacon is attached to the soles of footwear,
and the number of steps taken by a person is estimated from the received ra-
dio wave strength that changes with walking movements. In an evaluation
experiment, participants walked 100 steps at an arbitrary speed, and then the
actual number of steps was compared with the estimated number. We found
that the estimation accuracy was 91.6%.
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1 Introduction

The average life expectancy in Japan continues to increase due to the de-
velopment of medical technology and improvements in medical systems [1].
According to a 2020 report from the Ministry of Health, Labour and Welfare
[1], in 2020 Japan’s average life expectancy was 81 for men and 87 for women.
Unfortunately, the number of seniors residing in long-term care facilities is
increasing, and the nursing care industry is facing a serious staff shortage.
According to a 2020 government report on the nursing industry [2], 60.8% of
nursing care establishments are suffering from a worker shortage. High work-
loads are cited as one of the causes of shortages. For example, elderly care
facilities require assistance in daily living as well as the monitoring and man-
agement of their activity levels for daily health maintenance. The amount of
one’s activity is deeply linked to the maintenance of health. If one does not
walk for a long period of time, leg muscles might weaken, increasing the risk of
becoming bedridden. If a person becomes bedridden, disuse syndrome might
develop, which leads to declines in both physical and mental functions. There-
fore, careful daily monitoring of the physical activity in seniors is critical to
prevent injuries and illnesses. To reduce this task’s burden, activity estimation
and action recognition have been proposed using acceleration sensors, smart-
phones, cameras, and other devices [3, 4, 5, 6, 7]. However, these systems have
not yet been widely implemented due to installation cost issues.

As a solution, we previously proposed an activity estimation method us-
ing BLE beacons for elderly care facilities [8]. That study targeted wheelchair
users who struggle to move around by themselves, not seniors who can walk by
themselves. However, estimating the amount of activity is desirable regardless
whether the user is in a wheelchair or an able-bodied person who can walk
unassisted when actually using a system that estimates the amount of activ-
ity. In this study, we extend our previous study and propose a method that
estimates the number of steps taken by seniors who can walk on their own. As
in the previous study, BLE beacons are used for estimation, and we describe
a new sensor application example for them.

As shown in Fig. 1, in our proposed new method, we attached a BLE
beacon (Fig. 2) to the soles of footwear. Then the number of steps taken by
a person is estimated based on the received signal strength of the BLE bea-
con at a receiver. Until now, BLE beacons have been used as beacons that
emit radio waves for advertising distribution and location estimation; there
are few examples of their use as sensors. The radio waves transmitted from
BLE beacons are attenuated depending on the distance from the receiver and
the shielding conditions. Especially in footwear, since changes received signal
strength based on the steps during walking, the BLE beacon can be expected
to be used as a sensor. Since this method is intended for nursing care facilities,
minimizing such management costs as battery replacement and equipment in-
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FIGURE 1: Outline of proposed method

FIGURE 2: BLE Beacon

stallation costs are prioritized. In this regard, BLE beacons are energy-efficient
and can operate for a long period of time, and their small size and weight sim-
plify installation. In addition, since BLE beacon signals can be received by a
smartphone, no special equipment is required for receiving them. Each bea-
con can also be identified by its UUID, Major, and Minor information, and
so multiple BLE beacons can be monitored with one smartphone. However,
the radio wave output of BLE beacons is weaker than that of Wi-Fi, etc., and
such output may be affected by radio noise from building structure, mate-
rials, and network devices, making accurate estimation impossible. We solve
this problem by achieving stable estimation by applying digital filters to the
measured data and studying the optimal receiver locations.

The following is the structure of this paper. In Section 2, we introduce
existing research on human-motion sensing and describe its features and prob-
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lems. Section 3 describes a method for estimating the number of steps taken
using BLE beacons to solve the problems of current methods. In Section 4,
we evaluate the effects of the differences in footwear materials and receiver
installation positions. In Section 5, we evaluate the method proposed in this
study, and finally, Section 6 summarizes its results.

2 Related Work

This section introduces existing research on human-motion sensing and de-
scribes its features, merits, and demerits. Existing research is mainly con-
ducted by two methods: wearing sensors or installing them on the environment
side. Each method is introduced in a separate section.

2.1 Research on Sensing by People Wearing Sensors

Many studies have investigated the use of various sensors, including acceler-
ation sensors and angular rate sensors, in methods where they are worn by
people [3, 9, 10, 11]. Since these studies can directly measure motion data,
they are less susceptible to measurement noise and provide accurate sensing.
By applying this feature, research aimed at indoor behavior estimation, mon-
itoring, and position estimation, which are difficult to position by GPS, has
been proposed as Pedestrian Dead Reckoning (PDR) [12, 13, 14]. However,
while accurate sensing is possible, it is unsuitable for long-term sensing be-
cause it requires subjects to wear the sensor at all times, which places a heavy,
unrealistic burden on them.

As a solution, some proposed methods have attached a sensor to
shoes/footwear because they are generally used on a daily basis [15, 16]. This
reduces the subject’s mental and physical burden because she no longer needs
to be aware of the equipment required for sensing.

Other studies utilize sensors built into smartphones for behavior recogni-
tion and monitoring at nursing homes [4, 5, 17]. Since smartphones are carried
and used every day, the operational cost can be reduced compared to using
dedicated sensors. The smartphones currently on the market are equipped
with many high-precision sensors, such as acceleration, gyro, and ambient
light sensors, all of which can be easily handled through APIs provided by the
OS. This feature allows low-cost implementation and distribution as smart-
phone applications after implementation. Moreover, since smartphones are
widely used, easy to obtain, and can be operated by GUI, changing settings
and visualizing the acquired data are simplified.
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2.2 Research on Sensing by Installing Sensors on the Envi-
ronment Side

Research is also being conducted on sensing methods that install sensors in
the environment using cameras [18, 19, 20], radio waves [21, 22, 23, 24, 25],
and changes in power consumption [26, 27]. In camera-based methods, a land-
mark object and its coordinates are linked in advance, and a camera detects
the landmark and estimates its position. Because the object’s absolute position
can be estimated from image data, unlike position estimation using acceler-
ation sensors, estimation errors are not accumulated. Other studies use this
feature for wheelchair navigation and trajectory tracking [18, 19, 20]. Such
studies can be easily implemented by people without specialized knowledge
because a location-estimation environment can be created simply by identify-
ing a landmark. However, since the subject’s picture must constantly be taken
during sensing, a system is required that protects individual privacy.

Next, in a sensing method using radio waves, research with Wi-Fi and
Doppler radar is being conducted [21, 22, 23, 24, 25]. These methods indi-
rectly estimate motion using channel state information (CSI), which changes
with human motion, and the frequency information of the reflected waves.
Since the estimation can be performed invisibly and without direct contact,
the burden on the sensing target is small and privacy is protected. However,
because of this feature, estimating continuous or detailed motion is difficult.
In addition, in sensing using radio waves, the estimation accuracy tends to be
affected by the distance to the receiver and the presence or absence of obsta-
cles. Therefore, the optimum installation position must be considered when
installing the equipment.

Finally, in the area of sensing methods that use changes in power consump-
tion, research has attached devices that measure power consumption to home
appliances and estimated in-home behavior from their use status [26, 27].
If home appliances consume electricity only when they are being used, the
changes between two states (in use and not in use) can be used to recog-
nize their operation. Conversely, even if a home appliance always consumes
electricity, its operation can be recognized from the changes caused by switch-
ing to the operation mode. If the operation of home appliances were to be
recognized, rough behavior recognition could be performed by combining the
time-series usage information and the home-appliance-location information.
This method’s installation is easy and has no risk of privacy violation. On the
other hand, it is inapplicable to non-electrical furniture, and the estimation’s
granularity depends on the number of appliances. As a solution, previous stud-
ies [26, 27] achieved more detailed estimation by combining multiple sensors
with different characteristics.
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3 Step-Count Estimation Using BLE Beacon

In this research, we used a combination of BLE beacons and smartphones. In
previous research [4, 17], some studies used smartphones alone to estimate an
object’s movement, but if there are multiple targets, the number of smart-
phones needed for each target increases the financial cost. In the past, we
researched object state estimation [28], sleep position recognition [29], and
wheelchair movement recognition [8] and established the monitoring of vari-
ous locations, people, and objects as our research goals. Since using multiple
smartphones for estimation is cost prohibitive, we only used one smartphone
as a receiver. Just one BLE beacon was also used from the viewpoint of in-
stallation and operation costs.

3.1 Equipment Installation

Our proposed method attached a BLE beacon to the sole of footwear (right
foot) to estimate the number of steps taken based on changes in the received
radio wave strength while walking. To prevent the BLE beacon from interfering
with walking, a hole was made in the center of the footwear based on the size
of the BLE beacon (Fig. 3), which was embedded in the footwear. Although
the holes could be made on either the top or the bottom of the footwear,
since foot sizes differ from person to person, we placed the BLE beacon in the
center of the footwear to ensure that the foot is directly above it. The BLE
beacon used in this research is very thin and it does not get caught on the
ground because it has holes according to its thickness. In addition, since it is
not necessary to consider vigorous movements in the elderly, the possibility of
the BLE beacon coming off is low if a strong tape is used. On the other hand,
since it takes several minutes to several tens of minutes to prepare one shoe,
the installation cost is high for facilities with many occupants. This point
should be able to solve by creating dedicated smart shoes.

FIGURE 3: Attachment of a BLE beacon to footwear
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The BLE beacon’s receiver is a smartphone, installed on the floor in the
center of the target room. In many cases, such microcontrollers as Raspberry
Pi are used as receivers for BLE beacons, although their operation requires a
separate power supply from the main unit. In contrast, a smartphones is inte-
grated with a battery and can be operated by itself. In addition, smartphones
are widely used devices that can receive BLE radio waves and be operated
with a GUI, simplifying their operation even for those who are unfamiliar with
digital technology.

3.2 Collection of Signal Strength Data and Noise Reduction
Processing

This method uses a smartphone as a BLE beacon’s receiver and a proprietary
application. Existing apps have suffered from such problems as BLE beacon’s
radio wave scan intervals that cannot be changed and no function for recording
to a file. Therefore, in this research, we used an Android application we created
(Fig. 4). Since it allows users to set scan intervals and select BLE beacons to
be recorded, specific slippers can be measured at an arbitrary time resolution.
The measured data are saved in a CSV format for easy handling by a program
that analyzes the measurement results. In addition, the application can run in
the background and uses only a small amount of power during BLE scans, and
so its impact on the battery power is negligible. As a specific value, Tanaka et
al. [30] evaluated the power consumption of a BLE USB dongle during a BLE
scan to be 52.8 mW. This value is about half of the 108-mW consumption of
a white LED4 with a 3-mm diameter.

FIGURE 4: Android Application to Measure BLE Beacon’s Received Signal
Strength

Figure 5 shows the waveform of the received radio field intensity when
making 100 steps in a room (Fig. 6) with a BLE beacon attached to the
slipper. The first and last 15 seconds are static, and the rest of the time the

43-mm white LED manufactured by LG Innotek (LEBWL34A06AA00)
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FIGURE 5: Received Signal Strength (Raw Data)

FIGURE 6: Room Floor Plan and Receiver Location and Walking Route

user is walking. The waveform of the received radio wave strength shows little
change in the stationary section, although it changes significantly up and down
in the walking section (around 20 to 100 seconds). This result suggests that
the received radio wave strength fluctuates based on the walking motion. If we
can extract the fluctuation at each step, we can estimate the number of steps.
However, this raw data contain noise, which affects the accuracy of the step-
count estimation. We reduce such noise with an FFT and a high-pass filter
(cutoff frequency of 0.5 Hz). The FFT analyzes the frequency components,
and the high-pass filter removes the noise components that are unrelated to
changes during walking. Fig. 7 shows a frequency analysis by FFT and the
result of applying the high-pass filter, which shows that the removal of noise
components is unrelated to walking and clarifies the difference between the
stationary and walking components (step component).

3.3 Peak Value Detection and Step-Count Estimation

The number of steps is estimated using the peak values of the waveform after
the high-pass filter was applied. Peak values are the maximum or minimum
values within a certain range, and in this study, they correspond to the points
where the amplitude of the received radio wave strength is the largest or small-
est. Here we considered a method using the number of peaks of the maximum
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FIGURE 7: Result of Applying FFT and High-pass Filter Result

and minimum values for step-count estimation, even though the peak value
of the latter may not be detected correctly due to its small amplitude. There-
fore, this method uses only the peak number of maxima as an indicator for
estimating the number of steps. Incidentally, peaks are detected by searching
for all local maxima above a specified height and leaving those whose distance
between the maxima is greater than a threshold value.

In addition, depending on the walking and radio wave conditions of the
BLE beacon, noise that cannot be removed by a high-pass filter may be gener-
ated, causing the peak values to be misjudged. To prevent this, we set thresh-
old values for the time intervals between the peak values and their respective
amplitudes to suppress false detection. The time threshold was set at 1.5 sec-
onds and the maximum threshold at 4 ∼ 15. Fig. 8 shows the results of the
peak value detection.

Once the peak value is detected, the number of peaks is totaled, and the
number of steps is estimated. In this study, since the BLE beacon is attached
only to the right shoe/slipper, the estimated number of steps is twice the
number of peaks. Therefore, the number of peaks in Fig. 8 is 48, although the
estimated number is 96, which is twice the number of peaks.
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FIGURE 8: Peak Value Detection and Step-Count Estimation
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4 Evaluation of Different Footwear Materials and Re-
ceiver Installation Locations on Received Radio Wave
Strength

In this study, we estimated the number of steps based on the received signal
strength of a BLE beacon that changes with walking motions. However, the
received radio wave strength is easily affected by obstacles and the distance
from the receiver. Therefore, we must evaluate how the footwear materials
to which the BLE beacons are attached, the walking speed, and the receiver
location affect the received signal strength. We measured the received signal
strength of footwear made of various materials, walking speeds, and receiver
installation positions and confirmed the effects of these differences on the
received signal strength.

4.1 Evaluation of Different Materials and Types of Footwear
on Received Radio Wave Strength

We prepared slippers made of three different materials and a pair of sneakers
to determine whether there is a difference in the received radio wave strength
due to differences in materials and types of footwear (Fig. 9). The footwear
materials were polyvinyl chloride, synthetic resin, rubber, and rayon into each
of which a small hole was drilled in the sole where a BLE beacon was placed
(Fig. 3). In this state, the leg was lifted according to a 60-bpm metronome
sound (once per second) to measure the received radio field intensity of each
material. Fig. 10 shows the results. The first 15 seconds are static.

The measurement results showed no significant change in the received radio
wave strength, regardless of the material or type. The minimum value of the
received radio wave strength gradually decreased with time, caused by the fact
that the body moved away from the receiver while raising the legs. Therefore,
we can ignore the influence of the footwear material in this method.

FIGURE 9: Footwear List
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FIGURE 10: Received Signal Strength in Slippers of Each Material

4.2 Evaluation of Different Walking Speeds on Received Sig-
nal Strength

In this study, the number of steps is estimated by capturing the area where the
strength of the received radio wave increases when the foot leaves the ground
while walking. However, since walking speeds differ from person to person,
perhaps the received signal strength does not change easily depending on the
person. For example, if a person walks quickly, the time that the feet are off
the ground is shorter, and so the change is shortened and more susceptible to
noise, which complicates the estimation. Therefore we prepared a metronome.
The participants raised their legs at three speeds (60, 120, and 180 bpm), and
we measured the received radio wave strength at each one. We measured the
leg raising on the spot instead of walking because the distance to the receiver
changes when measured by walking, and noise unrelated to walking is added,
complicating any comparison. The results are shown in Fig. 11. We used a
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FIGURE 11: Received Signal Strength at Multiple Leg Lift Speeds

rubber slipper for the measurement, and users were stationary for the first 15
seconds.

The measurement results show that even when the user lifts his legs at
a high speed of 180 bpm (three times per second), the received radio wave
strength changes firmly in accordance with the movement. Since this study
targets elderly care facilities, the actual walking speed is slower than 180 bpm
in most cases. Therefore, the effect of walking speed on estimation accuracy
is relatively inconsequential in this method.

4.3 Evaluation of Different Receiver Heights on Received
Signal Strength

When sensing with radio waves, the receiver’s installation position is an im-
portant point that determines the accuracy. In particular, when measuring
indoors, such obstacles as home appliances and furniture, which attenuate the
received radio wave strength, must be addressed. In this study, we installed
receivers at three different heights (floor, metal desk’s top, and ceiling), and
the received radio wave strengths were compared and evaluated when the user
walked through a room (Fig. 6), as indicated by arrows. A rubber slipper was
used for the measurement, and it was kept stationary for 15 seconds at the
beginning and after each round. Fig. 12 shows the results.

From the measurement results, we observed differences in the received
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FIGURE 12: Received Signal Strength at Multiple Receiver Heights

radio wave strength fluctuation range during walking that depended on the
receiver’s height. When it was installed on the floor the fluctuation range of
the received radio wave strength during walking was approximately -95 to
-70 dBm and approximately -90 to -60 dBm when it was installed on the
ceiling. The ceiling-mounted receiver was less affected by obstacles than the
ground-mounted receiver. In addition, the results for the case where the re-
ceiver was placed on a desk resembled those when it was placed on the ceiling.
Because the desk is metal, we expected its received radio wave strength to be
more attenuated than when it was placed on the floor or ceiling. Contrary to
our expectations, no such effect was observed probably because the measure-
ment environment is indoors, and radio waves are scattered by reflections and
diffraction.

The above results indicate that the range of variation in the received radio
wave strength depends on the receiver’s installation position. However, since
the received radio wave strength changed markedly in accordance with the
walking motion, the effect on the step-count estimation is small. Therefore,
when deciding the receiver’s installation position, no problem is likely to be
caused by focusing on the cost of installing and maintaining the receiver in-
stead of the influence of obstacles. In addition, although this research targets
one room (Fig. 6), it is conceivable that the system could be installed in a
hallway. Even in such a case, the above results suggest that it can be handled
by installing receivers at intervals of about 8 m.
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5 Evaluation

We conducted an evaluation experiment to verify the estimation accuracy of
our proposed method. Its estimation accuracy was calculated by comparing
the estimated results with the actual number of steps taken by healthy subjects
in their twenties.

5.1 Selection and Setup of Experimental Terminals

Since a Bluetooth sensor’s accuracy varies from device to device, the device
used for the experiment should correctly capture the changes. We previously
evaluated the differences in received signal strength among three different
models of devices: ZenFone 4, Xperia XZ2, and Nexus 6P [28]. In this eval-
uation, we opened and closed the lid of a safe with a BLE beacon installed
inside and collected and compared the received radio wave strength for each
device. ZenFone 4 and Xperia XZ2 showed significant changes when the lid
was opened and closed, and the Nexus 6P showed only small changes overall,
with some fine noise. In this way, even under identical conditions, the re-
ceived signal strength values varied from device to device. Therefore, we used
Xperia XZ2, which showed good results, as the BLE beacon receiver in this
evaluation.

In addition, since we attached the BLE beacon to the soles of footwear,
a smaller device is preferred. Therefore, in this evaluation experiment, a
FCS1301 (Fig. 2) from Focus Systems, Inc. was used because of its small
size, lightweight, and simple installation. The BLE beacon was installed on
the sole of a rubber slipper (Fig. 3), and the receiver was installed as shown
in Fig. 6. The BLE beacon’s transmission strength was set to 0 dBm, and the
transmission interval and the receiver’s reception interval were both set to 100
ms. This value of 100 ms is the shortest transmission interval that can be set
for the BLE beacon (FCS1301) used in this study, and the operation time at
this setting is approximately less than one month.

5.2 Evaluation of Estimation Accuracy in Step-Count Esti-
mation

To confirm the accuracy of the estimation of the number of steps, the subjects
walked around a room (Fig. 6), as indicated by arrows. As an experimental
setting, we told them that the study was designed for elderly care facilities and
asked them to make 100 steps at an arbitrary speed to estimate the number
of steps. The final accuracy of our five subjects was their average values of
the correct answer rates. The starting position was identical for all; the end
point was determined as the point at which 100 steps were made. In addition,
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they began their walking by taking their first step with their right foot, which
stopped there for 15 seconds before and after walking.

The parameters in the estimation process were a high-pass filter with a
cutoff frequency of 0.5 Hz, a peak detection threshold of 4 ∼ 15, and a peak-to-
peak time threshold of 1.5 seconds. Fig. 13 shows the results of the step-count
estimation, and Table 1.1 shows the estimated percentage of correct responses.
“Accuracy” in the table is calculated as (100 - absolute value of “Difference
from Correct Number”) / 100. The average correct rate was 91.6%.

TABLE 1.1: List of Estimated Correct Answer Rates

Subject ID Estimated Steps Error Accuracy
1 96 -4 Steps 96.0%
2 108 +8 Steps 92.0%
3 86 -14 Steps 86.0%
4 96 -4 Steps 96.0%
5 88 -12 Steps 88.0%

Average Accuracy 91.6%
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FIGURE 13: Results of Estimation Data of Walking 100 Steps

5.3 Discussion of Experimental Results

The evaluation experiment results showed that the average estimation accu-
racy of the number of steps was 91.6%, confirming the proposed method’s
effectiveness. It used FFT and a high-pass filter to extract the walking com-
ponent from the received radio wave strength data to estimate the number
of steps. As a result, the estimation was performed without being affected
by the noise component that was unrelated to the walking motion. However,
Japanese Industrial Standards (JIS) require that pedometer error be within
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3%. Unfortunately, this study’s accuracy fails to meet this standard [31]. But,
this study ascertained the amount of walking by seniors in a nursing home,
this error rate is sufficiently accurate for estimating the number of steps taken.

In the evaluation in Section 5.2, we conducted the evaluation assuming that
the elderly were in good health, but some people are not. Therefore, we also
conducted an evaluation assuming elderly people who have a sliding walk at
low speed. However, since there was only one subject and it is difficult to fully
evaluate and discuss the results, they are presented here as reference results.
As an experimental setting, subjects were asked to walk around a room (Fig.
6) 5 times (160 steps) as indicated by the arrows, and the number of steps
was estimated. They began their walking by taking their first step with their
right foot, which stopped there for 15 seconds before walking and after each
lap. The parameters in the estimation process are the same as in Section 5.2.
Fig. 14 shows the results of the step-count estimation. The average correct
rate was 67.5%.

Actual number of steps : 160 Estimated Steps Count : 108

Peek Value (Maximum)

FIGURE 14: Results of Estimation Data of Walking 160 Steps

We identified several points that can improve future estimation accu-
racy. First, although the amplitude changed significantly with walking, there
were some places where the peak value was insufficiently determined and was
not captured. Conversely, in the estimation results for Subject 2, two peaks
were detected incorrectly even in the stationary section, perhaps because the
threshold setting for the peak detection was inadequate. In this evaluation
experiment, the maximum threshold for peak detection was set between 4 ∼
15, and the time threshold between peaks was set at 1.5 seconds, although
the values of these parameters were derived from a limited number of data.
Therefore, more data must be collected to study the optimal threshold values
to improve the estimation accuracy.

6 Conclusion

We proposed a method to estimate the number of steps taken by senior citizens
by attaching a BLE beacon to the sole of their footwear based on the received
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radio wave strength that changes with walking motion. Although conventional
human-motion sensing methods use acceleration sensors, Wi-Fi radio waves,
and cameras, our new method employed a BLE beacon. The radio waves
emitted from BLE beacons are easily affected by differences in distance from
the receiver and shielding conditions. We focused on this feature and used BLE
beacons as sensors to develop a low-cost method for estimating the number of
steps taken. However, since the measured data are subject to noise, we used
FFT and a high-pass filter to reduce the noise and improve the estimation
accuracy.

In an evaluation experiment, five subjects walked 100 steps at an arbitrary
speed, and their actual number was compared with the estimated number.
The estimation was 91.6% accurate. Although this accuracy does not meet
the JIS error standard of 3% for pedometers, it does suggest the feasibility
of estimating the number of steps with the same level of accuracy. Since the
purpose of this study was to determine the amount of walking by seniors in
a nursing home, accuracy to the level of one step is not required. Therefore,
this method, which was 91.6% accurate, is an effective method for estimating
the number of steps taken.

Our future work has two issues and prospects: additional evaluation and
research expansion. Regarding the former, this paper’s evaluation experiments
were conducted with healthy subjects in their 20s, not with elderly subjects.
Since the walking speed and rhythm of seniors depends on their health, the
same step-counting algorithm that we used for younger people may not yield
correct estimation results. Therefore, we must evaluate whether our method’s
estimation accuracy is sufficient in a real environment with seniors in nurs-
ing care facilities. In addition, since the effects of walking speed and receiver
location are evaluated independently, it is desirable to perform a combined
evaluation. For the latter, our previous work proposed state estimation using
BLE beacons, sleep position recognition, and wheelchair movement recogni-
tion. These studies monitored various locations, people, and objects using only
BLE beacons. If such systems can be achieved in the future, they might not
only replace other sensors but also be used in combination with other methods
for more comprehensive monitoring. As shown in Table 1.2, the accuracy of
BLE beacons is presently inferior to the most suitable device for each sens-

TABLE 1.2: Comparison of BLE beacons with existing methods

Sensor Cost
Power Installation

Accuracy
Consumption Location

BLE Beacon Low Low Footwear Low – Med
Accelerometers Low Med Body High

Camera Med – High High Environment Med
Smartphone High High Body High
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ing, although they have advantages of price, power consumption, and burden
on the target person. Since BLE beacons are an ideal sensing method, we
will further evaluate their accuracy and expand our research to pursue their
potential as sensors.
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