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ABSTRACT
Remote monitoring service for elderly people is an effective method to support elderly people with 
safe. In this paper, we tackle to reveal the relationships between quality of elderly monitoring service 
and sensor reliability in remote monitoring service. To achieve the above goal, we propose four step 
methods, generalization by three-actor model, designing the algorithms of the three-actor and 
simulation of RMS. Moreover, we construct the elderly model based on the statistics report. Our most 
important contribution shows that the guideline, which shows the references between sensor accuracy 
and reliability of RMS. This guideline will provide benefit for RMS service provider and end-user.
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1. Introduction

Many countries and societies are faced with an aging society 
(Cutler, Porterba, Sheiner, & Summers, 1990). In order to keep 
their QoL with individual freedoms, their families and car-
egivers need a method to monitor the livelihood of the elderly 
people. They have strong needs for remote monitoring service.

Remote monitoring service for elderly people (abbr. RMS) is 
an effective method to support elderly people with safe (Draper 
& Sorell, 2013). RMS provides an elderly family some methods 
to monitor and confirm elderly people with safety in remote. 
Concretely speaking, if a system detects elderly people becoming 
an anomaly, then the system notifies to their families or caregivers.

Many researchers have tried to improve and develop the 
wide variety of RMS. Fleury et al. (Fleury, Vacher, & Noury, 
2010) have conducted the simulation using the real smart 
home. The smart home collects various data (e.g., When do 
the elderly get up in the morning?), which relatives the lifestyle 
of them. They showed the results of the elderly lifestyle were 
classified as the seven activities with support vector machines.

When providing about RMS, the sensor accuracy is a very 
important factor, because the sensor directly influences the reli-
ability of RMS. Hence, some researchers have tried to improve 
the accuracy of the sensor to provide the high-reliability RMS 
(Najafi et al., 2003; Shin, Lee, & Park, 2011; Sixsmith & Johnson, 
2004; Yu, 2008). In addition, Kangas (Kangas, Konttila, Lindgren, 
Winblad, & Jamsa, 2008) have researched about the assessment 
of the accuracy of the operation of three indoor localization plat-
forms. Shin et al. (2011) have developed an automated system 
with an infrared motion sensor, which assists the independent 
living of elderly. In addition, they showed that their system has the 
accuracies by positive predictive value (PPV) were 95.8. Ogawa 
et al. (2002) have reported that they have conducted a simulation 
that two elderly people were monitored. They developed in like 
a smart house, which collects the information of elderly lifestyle 
with the somehow sensor (e.g. infrared sensor).

However, there are no standards of judgment with regard to 
sensor accuracy for RMS. That may confuse the user of RMS, 
because widely service have provided as stated before. If there is 
a guideline, which shows the relationships between accuracy and 
reliability, that will be help for the user. And using such guideline, 
a user would decide to use RMS by oneself to meet their needs.

In this paper, our most important contribution is to show the 
guideline, which represents the relationships between sensor accu-
racy and reliability of RMS. Specifically we achieve the goal using 4 
step methods, generalization by three-actor model, designing the 
algorithms of the three-actor and simulations of RMS. As the first 
step, we generalize the RMS to capture the perspective with the 
three-actor model, which we have proposed previously (Tokunaga, 
Matsumoto, Saiki, & Nakamura, 2014). That model enables us 
to generalize the RMS by interactions among the three actors. 
Secondly, we design the algorithms that show how to work the 
actor in RMS. Based on the algorithms; we could express how 
often the elderly become ill. Thirdly, decide the aging parameter 
for an elderly model, which is the key actor in this simulation. 
Finally, we conduct some simulations using the elderly model with 
changing the sensor accuracy.

2. Modeling of remote monitoring service for the 
elderly

In this section, we describe an essential component, three-actor model 
(Section 2.1), modeling of elderly (Section 2.3) and watcher (Section 
2.4). We could conduct the simulation of RMS using the components.

2. 1. Three-actor model: a modeling framework of 
remote monitoring service

Figure 1 shows the three-actor model, which we have previ-
ously proposed (Tokunaga et al., 2014). In this model, we can 
generalize various remote monitoring services by three actors 
(called a subject, a watcher, and an elderly) and relationships 
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2  S. TOkuNaga eT al.

among the actors. The subject monitors the elderly people liv-
ing in remote. A typical example of a subject is a family of 
the elderly people or a caregiver. The watcher can be a human 
or machine. For example, the watcher of human would be a 
mailman. In addition, the watcher can be a machine represents 
a system, which monitors the elderly people by some sensors. 
Finally, the elderly represents a generalized elderly person who 
is indirectly monitored by a subject via a watcher.

2.2. Relationships between aging and health for the 
elderly

We assume that “the relationships between aging and health for 
the elderly have a negative correlation.” This concept is based on 
the previous research (Kuwahara, Kuwabara, Utsumi, Yasuda, 
& Tetsutani, 2004; (Suzman and Beard, 2011) Kuwahara 
has researched about the aging with the follow-up method. 
Concretely, he had conducted a questionnaire survey of all 
16,432 urban elderly for 65 years old or more in a city. Three 
years later he also conducted the same questionnaire for the 
same area. His results show that the ADL (Activities of Daily 
Living) was shifted from 80.8% to 77.2%. Also WHO has shown 
the statistic result that a healthy level is decreased as the pop-
ulation aging (Suzman and Beard, 2011). In this research, we 
build the elderly model based on the WHO statistic (Suzman 
and Beard, 2011) In Section 3.3, we have described how to build 
the model based on the statistic.

2. 3. Elderly state model

 

 

Figure 2 shows a transition model of an elderly healthy state. 
Specifically, the elderly model has two states (i.e. normal, ill). 
Focus on the left of Figure 2, Q0 (normal) shows that elderly 
state is normal. On the other hand, Q1 represents the elderly is 
ill. In addition, if the elderly state is normal, which moves from 
a normal state to ill state with the probability q01. Moreover, the 
elderly state the similarly moves other states with the proba-
bility q00, q10, q11 depends on the current elderly state. In the 
following, we show the each of transition algorithms.

First, we explain eq. (1). The left-hand q01 means the prob-
ability of transition. The elderly model moves from a normal 
state to ill state with the probability of q01. The right value α 
means the initial probability of transition. In addition the α 
would be 0 ≤ α ≤ 1. The α means the potential to become ill at 
the first time. The right-hand b∗ f(t) means the aging function. 
Finally, the α+b∗ f(t) would be no more than 1, because of the 
limitation of probability.

Based on the concept that we explained in 2.2, we design 
the aging function if the model has aged, then the possibil-
ity of becoming ill is increased. In other words, this function 
represents healthy level is decreased as the population aging. 
Show the right value b, which means an aging parameter. If 
the b becomes increased, the elderly becomes worth. The right 
value f(t) is the aging function, which represents a decline of 
the health with aging. Besides this, the above function of the 
argument t represents a timeline. The f(t) consists of ε and 
aging gradient, the former is tuning parameter, because in 
this simulation we have thought the long term as simulation 
term. So if the parameter becomes too big, then the model 
tends to become death state, which means the elderly model 
always become ill. To prevent such a problem, we set the tun-
ing parameter as ε, which enables to prevent the death state. 
Moreover, we set the parameter as aging gradient; this could 
set the trend of ill for the elderly model.

 

Next, we explain the eq. (3). The left-hand q10 represents the 
probability of transition. Specifically, if the current elderly state 
is ill, then the elderly model transits the state of ill to normal 
at the probability q10. In addition, if the elderly state is normal, 
which moves from a normal state to ill state with the probability 

(1)q01 = � + b ∗ f(t)

(2)f(t) = q01 + � ∗ (1+aging gradient) ∗ f(t - 1)

(f(0) = 1, 0 ≤ f(t) ≤ 1)

(3)q01 = � − b ∗ f(t) (0 ≤ f(t) ≤ 1, 0 ≤ q10 ≤ 1)

(f(0) = 1, 0 ≤ f(t) ≤ 1)

Figure 1. three actor model.

Figure 2. elderly state model.

Table 1. Regression and empirical parameters by country.

Country b ε q01 q10

A 0.701694915 0.00002711501 0.05 0.95
B 0.76779661 0.00002460707 0.151333333 0.848666667
C 0.666101695 0.00002518301 0.113333333 0.886666667
D 0.470847458 0.00003410494 0.138666667 0.861333333
e 0.616610169 0.00003420245 0.227333333 0.772666667
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INTellIgeNT auTOMaTION & SOfT COMpuTINg  3

of q01. In eq. (2) and (3) we have similarly designed the elderly 
model that the possibility, to become normal, is decreased if the 
elderly model has aged. Based on previously thought, we design 
the probability, which represents the elderly state moves from 
ill to normal. The right value γ represents an initial probability, 
which would be 0 ≤ γ ≤ 1. Moreover, the −b∗ f(t) is a function, 
which means the decrease of a probability to move normally. 
As well as this, Algorithm 1 algorithm of watcher it is the same 
function that we previously explained eq. (2). While we design 
the aging that the possibility, to become normal is decreased, 
we define the probabilityq10 is decreased by b∗ f(t).
 

 

Equation (4) and (5) represents the probability, which the 
elderly state stays the same states. We can calculate the prob-
ability to stay the same state with the probability of transition 
(i.e. q01, q10). For example, in eq. (4), we can calculate how 
probability the elderly model stays normal. In addition, the eq. 
(5) represents a probability the elderly model stays ill.

2.4. Modeling of watcher

Algorithm 1 algorithm of watcher
1: periodic monitor (t,accuracy, elderly status)
2: if time.mod(t) == 0 then
3: estimated elderly state = estimate elderly State (accuracy)
4: end if
5: return estimated elderly state

The watcher is an actor, which has a role to monitor the elderly. 
Specifically the watcher obtains the elderly condition with a 
monitoring sensor;, also the watcher notifies the subject about 
the elderly state. In our model, we hypothecate that the watcher 
obtains using a motoring sensor. We also hypothecate that 
the watcher can estimate the elderly state using the data with 
which the watcher obtains by monitoring sensor. Based on the 
hypothesis, we define the watcher’s Algorithm 1. In the follow-
ing, we explain the algorithm. First, the watcher has an inter-
face we call it periodicMonitor. Concretely, the interface has 
an argument t, which means that how periodically the watcher 
monitors the elderly people.

The line number of 3, estimateEldelyState() is a function to 
estimate the elderly state. Specifically, this function estimates 
whether the elderly state is normal or ill. In this paper, we 
focus that the watcher can estimate the elderly state by a sensor, 
which has some accuracy. Therefore, we do not care a tech-
nology that how the RMS sensor has implemented (e.g. using 
IR sensor). We only focus on the accuracy of the sensor. In 
the estimateEldelyState(), the accuracy is an argument, which 
represents the accuracy of monitoring sensor. In addition, the 
accuracy would be 0 ≤ accuracy ≤ 1. Let us consider an exam-
ple. We assume that the accuracy = 0.85 would be if the watcher 
estimates the elderly by 100 number of times. Then, the result 
would show that the watcher detects 85 number of times in 
accuracy. On the other hand, the watcher fails to detect 15 
number of times. Finally, if the watcher estimates the elderly 
people as ill, then the watcher notify the elderly state as ill 
subjects. Thus, we could actualize the role of the watcher in 
a simple way.

(4)q00 = 1 − q01(0 ≤ q00 ≤ 1)

(5)q11 = 1 − q10(0 ≤ q11 ≤ 1)

3. Simulation and evaluation: simulation of remote 
monitoring service

3.1. Abstract of simulation

Our research goal is to reveal how RMS sensor should be accu-
rate. As an approach to reveal the above question, we developed 
the RMS simulator based on the model, which we explained 
in Section 2.3. We also conduct simulations with five types 
of elderly model (A, B, C, D and E) and some types of RMS 
sensor accuracy. The five types of elderly models are based on 
“Global Health and Aging” that reports the relationships aging 
and healthy in the world (Suzman and Beard, 2011) In the first 
simulation 3.4, we confirm that as the model become aging, 
the model become ill. Second simulation 3.5 aims to reveal our 
research goal. As the third simulation 3.6, we want to confirm 
how the RMS sensor should be accurate so as to be a universal 
sensor, which enables to detect whether the elderly model is.

3.2. Condition of simulation

1.  We set a simulation term as thirty years (i.e.10,950 days) 
in every simulation. And model begins to simulate 
from 55 years old to 85 years old.

2.   The number of trials for each simulation is 100 times. 
In addition, we use the average score as the simulation 
result.

3.  The sensor incorrectly estimates regardless of elderly’s 
status.

In the following, we explain the settings of the simulation in 
detail. In this simulation, we define the status of monitoring as 
follows: Positive means “ill”, negative means “health”.

True positive (abbr. TP) is a ratio that the system correctly 
detected ill days, true negative (abbr. TN) is a ratio that the 
system correctly detected health days, false positive (abbr. FP) 
is a ratio the system failed to identify the health days, and false 
negative (abbr. FN) is a ratio the system failed to identify the 
ill days. In our simulation, we use the frequency of the false 
positive (we describe this as ♯FP). Because this issue is the 
most critical for the user, so we want to confirm the how the 
FP value is changing with aging model and the sensor accuracy. 
Specifically if the accuracy would be 0.9000, we will obtain the 
simulation result that the remote monitoring service will detect 
with 90% reliability.

For example, the fail means that the elderly state is ill, but 
the monitoring sensor detects as normal. The first condition 
shows that how to define the good remote monitoring sensor. 
Moreover, we calculate the power of remote monitoring service 
in each simulation. The second condition represents the term 
of simulation. We assume that in the simulation the elderly is 
monitored in four years.

The third condition shows the number of trials. Each sim-
ulation we conduct some trials. The number of trials in the 
simulation is 100 times. Furthermore, we calculate the average 
of detection power in the simulation. Finally, in this simulation 
the sensor estimates fail ratio. The sensor does not do the dif-
ferent behavior with the difference of the elderly status. Hence, 
if the sensor value is 0.7, then the RMS detects elderly with the 
70% nevertheless elderly status is ill or normal.
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4  S. TOkuNaga eT al.

•   Set the health score A in 50–59 years as the base value 
q01=0.95, which is enough high so as not to become death 
state, and we then convert the relative value so as to set 
the default value of q10 and q01.

3.4. Simulation 1: confirmation of elderly model

3.4.1. Abstract of simulation 1
The simulation 1 aims to confirm that as the elderly model 
is aging, the model become ill. Expected result is that we set 
the more aging parameter b, than we would confirm that the 
elderly model might be sicker, because of the aging parameter. 
We set the 5 types of b, which is based on WHO statistics and 
expected results are below.

•   Confirm point1 E has the lowest healthy score in the 
models, so model E would be worth than that of others.

•  Confirm point2 A is the healthiest model, because the 
table shows that model A has the best health score com-
pared with other countries.

•  Confirm point3. All models become aging, models 
become worth.

3.4.2. Results of simulation 1
Figure 4 shows the result of the simulation. The x-axis means 
the age of model whose term is periodically separated in 
5  years, and the y-axis represents the frequency of ill that 
the model became. The frequency of ill represents how the 
elderly model becameill in the simulation terms (i.e. 10 days, 
5 years). For example, if the elderly model becomes ill 3 times 
in the 7 days simulation, then the frequency of ill becomes 
3. Hence, if the y-axis becomes higher, then the model has 
become worth. For example, focus on the model E has the 
worst (highest) score to become ill (Confirm point 1). On the 
other hand, model A has the best (lowest) score to become ill 
(Confirm point 2). Likewise, we confirmed that the all elderly 
models have become aging and then the model becomes ill. 
Hence, we can confirm that the elderly model becomes sicker 
as the model is aging. In addition to this, when the model C 
is healthier model B when the models are from 55–60 years, 
but when the models are 8,085 years old, then the C is more 
sickly than B. This is because the parameter b for C is bigger 
than that of B.

3.5. Simulation 2: relationship between the RMS sensor 
accuracy and FP

3.5.1. Abstract of simulation 1
In this simulation, the goal is to reveal the relationship 
between the monitoring sensor accuracy and elderly model. 
We conduct the simulation with the 5 types of the elderly 
model. Moreover, we define the accuracy of remote moni-
toring services as the frequency of false positive detection 
(abbr. FP value). Of course, for the RMS end-user the sensor 
accuracy would be higher as possible, but sometimes it may 
cause difficulty in some reason (e.g., cost, limitation of pro-
vider). So in this simulation, we aim to show the relationships 
of sensor accuracy and RMS reliability and we think the RMS 
reliability as FP value, because this value directly represents 
t RMS accuracy. We have conducted the simulation in the 
following steps.

3.3. Building of elderly model

Previously, we introduced statistics reports in Section 2.2. The 
statistics data, which shows the relationships between aging 
and health status. Following, we build some elderly models 
based on the data. Figure 3 shows the reported statistics data. 
Y-axis means healthy score, if the health score is higher than 
the elderly means more normal. And x-axis means the age 
group which represents the specific range of age (e.g. age from 
80 years old to 85 years old). In this simulation, we do not care 
the difference among real countries, so we anonymize data as 
A, B, C, D and E. Concretely, model A represents the gener-
alized model who belongs to some country. For example, the 
average of people in a country A has score 75 when they are 
50–59 years old. Moreover, A represents the healthiest model 
when the people are around 50 years old (see Figure 3). Using 
the data, we have the potential to create a more reality model, 
which is based on the above real data. Following, we call the A, 
B, C, D and E as the model, which represents the generalized 
data in each country. For example, if we parameterize the E 
model, the model should be ill than another model. This is 
because the E has the worst score in other countries. According 
to the WHO statistics data, we decide the parameter, which we 
defined in the eq. (3). Moreover, we conduct the simulation 
using the generated parameter, which enables us to simulate 
with the approximate real situation. We set the elderly param-
eter as following 2 steps. First we compute a regression anal-
ysis using the number shown in Table 1. Then we can obtain 
coefficient (we call it aging gradient in 2.3), which represents 
how the elderly become worth.

•   We have conducted some prepared simulations so as to 
decide the ε parameters in the eq. (3).

Figure 3. Statistical data reported in (Suzman and Beard, 2011).

Figure 4. Relationships aging and number of ill.
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INTellIgeNT auTOMaTION & SOfT COMpuTINg  5

•  step2–2 Using result of step2–1. Confirm the relation-
ship with sensor accuracy and FP value.

•  step2–3 Count the FP value every 5 years. We count up 
from 70 years old to 75 years old (Following we note it 
as 70–75)

3.5.2. Results of simulation 2
Figure 5, 6, 7, and 8 shows the simulation results in simulation 
2. The x-axis represents the model of age and y-axis means 
frequency of false positive (FP) in the simulation. Moreover, 
we show the worst FP value so as to compare. From the simu-
lation result, we focus on the model A and E, the latter is the 
most correctly detected with a sensor, and the other is the most 
incorrectly detected with the sensor. Seeing Figure 5, when the 
sensor accuracy is set as 0.7. The FP for model E whose age is 
55 years to 60 years is about 150 times. On the other hand, FP 
for model A (55–60 years) is only about 50 times. When the 
sensor accuracy is set as 0.95 (see Figure 8), then the FP for 
model E is only 25 times. Next, we confirm the FP for oldest 
age whose age is from 80 to 85. When we set the accuracy 
as 0.7, then the FP for model E is greater than 250 times in 
5 years (see Figure(5)). Whereas set the accuracy as 0.95, then 
the FP for model E is less than 45 times in 5 years (see Figure 
(8)). So, based on the result of simulation 2, we can confirm 
the frequency of FP is influenced with how the elderly model 
becomes ill.

3.6. Simulation 3: how sensors should be accurate for 
the universal?

3.6.1. Introduction of simulation
This simulation aims to reveal how the sensor accuracy is 
required, which has little sensitivity to the difference of elderly 
model. So any user can use, we call it universal in this section. 
Our approach is to increase the RMS accuracy from 0.900 to 
0.999, and we confirm with the most aged term 80 years old 
to 85 years old, which the models become sicker. We confirm 
both the sensor accuracy for elderly and effect the most aged 
period from 80 years to 85 years old. Because the most aged 
model become sickly than other generation, so they need to 
be monitored with high accuracy.

3.6.2. Result of simulation 3
Figure 9 shows the result of the simulation. The x-axis shows 
the accuracy of RMS sensor and y-axis means FP value. If we 
set the sensor accuracy as 0.900, the FP value of E is bigger 
than that of A. However, if we set the sensor as 0.990 and 0.999, 
then there is little difference for FP value among all models. 
So in this simulation result shows that if the sensor is set 0.990 
or more, then the s approximately the 000FP is approximately 
the same (i.e. A: 0.525, B: 0.633, C: 0.475, D: 0.740, E: 1.000). 
Hence, when the user wants to use one RMS so as to keep the 
FP value under 1, then the user should select the sensor whose 
accuracy is 0.999 or more. We could confirm the guideline that 
enables how a sensor should be accurate so as to guard the 
increasing of FP value

4. Discussion

4.1. Guideline for selecting RMS

Based on the result of Section 3.5.2, 3.6.2, we discuss the how 
should select the RMS for the user. For example, thinking about 

•  step2–1 Conduct the simulation for 5 types of the elderly 
model with incrementing the sensor accuracy from 
0.700 to 0.999.

Figure 5. Result of simulation 2: set the sensor accuracy 0.7.

Figure 6. Result of simulation 2: set the sensor accuracy 0.8.

Figure 7. Result of simulation 2: set the sensor accuracy 0.9.

Figure 8. Result of simulation 2: set the sensor accuracy 0.95.
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6  S. TOkuNaga eT al.

reliability. However, in the real RMS for elderly has a dynamic 
severity, which depends on the progressive course of the dis-
ease. We have to consider the transition probability to the 
severity disease with taking into account the disease process. 
For example, when the RMS sensor estimates the status of the 
patient who is in a hospital long time, the RMS sensor may 
estimate the patient is health, that judgment may be either true 
negative (TN) or false positive (FP). However, thinking the 
hypothesis the RMS sensor estimates based on his/her disease 
process. FP means that the patient has the capture a sign of 
the disease. So, the patient estimated as FP has the much high 
probability than that of being estimated as TN. Hence, when 
the RMS sensor estimates based on the above disease process, 
then also transition probability has to take into account his/her 
disease process too. That simulation would have more reality. 
We show the extended four states model, which enables the 
every TN, FN, TP and FP has influenced response to transition 
probability (see Figure 10(a)).

In addition to this, our simulation adopts the two state 
model, which simulate elderly’s health status (ill or normal). 
However, if the model extends that has more states than two, 
the model may have the potential to simulate a wide variety of 
elderly. Using such model, we can simulate the changing the 
sensor accuracy based on progressive course of the disease. 
Figure 10(b) shows the example of the 5 state model, which rep-
resents the progression of cancer. For example, if we consider 
about modeling the cancer patient, then the model would have 
5 states. The 0 state, which is called staging in medical terms, 
represents mild symptoms, and the 4 state means severe symp-
toms. Then we have to simulate about increasing the sensor 
accuracy if the patient’s state transits more severe state. Also, 
it may be possible not only simply increasing sensor accuracy 
also which depends on the patient’s context. Concretely speak-
ing, if the patient state transits from a more mild state such as 
3 to 2, then the RMS judges that the patient needs to be moni-
tored with high accuracy, because the patient needs to monitor 
severe symptoms so as not to be severe. However, considering 
simulation, which has the probability depended on the elderly’s 
status, then we have to quantity numerous influences, and we 
have no method to quantify the numerous influence that RMS 
in the real have. So our future work is to quantify the influence 
of the real, and which will enable a simulation which has a 
similarity of the real world.

4.3. Limitation of proposed method

In this research, we use the simple sensor, which only has the 
fail ratio regardless the elderly status. Our proposed method, 
the sensor estimation is completely independent every time. 
However, usual system has the difference fail ratio, which 
aims to decrease the FP. However, as we discussed in Section 
4.2, the sensor and progression of a disease may be strongly 
involved, but, we have no method how to digitizing the pro-
gression of the disease. There are some reasons that it may 
cause much difficulty to simulate the disease. One reason is 
we think that the absolute lack of data of progression of the 
disease for the consumers. On the other hand, in recent years, 
many devices, which monitors (Kaya & Safak, 2015; Marder 
et al., 2014; Takacs et al., 2014) health status are provided, 
and many devices are connected to the internet, so that ena-
bles a user to manage a personal health record more easily. 
So in the near future we expect that we could use such data 
for the research, and then using such personal health record. 

model A is the healthy model, although the sensor accuracy 
changes from 0.7 to 0.8, there is a few differences about FP. 
Hence, if the user wants to monitor some healthy elderly and 
comparing RMS, which have not so high accuracy, then the 
user may decide with other points (e.g. operational cost). 
On the other hand, the model who has been worth, then the 
simulation result showed that if the sensor accuracy is not so 
high, then the FP become bigger (see Figure 5, 6). Finally, we 
introduce an application example. For instance, when the user 
wants remote monitoring of healthy elderly people who are 
75 years old in 5 years. Then based on our simulation result, if 
the user selects the RMS, which has 90% accuracy, then the FP 
is at most 50 times. So this guideline enables the user to help 
the selecting of RMS. For instance, consider the case the user 
have to monitor many people at once (suppose that day-care 
facility). In this case, the user will decrease the FP value as 
possible, because some people often become ill, but the others 
do not become. If the user selects the sensor 0.999 that will 
help the user to monitor to keep FP value as much as possible.

4.2. Extension of state model

In this paper, we have conducted the simulation to reveal the 
relationships between sensor accuracy and RMS. This simula-
tion has been conducted with simple elderly model whom has 
two states, health or ill. The simulation result shows the user 
how at least the accuracy is required that enables to need the 

Figure 9.  Result of simulation 3: how should sensor accuracy decrease the 
difference of the model?

Figure 10. examples of extended state machines.
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That will enable more complex and more personalized RMS 
simulation.

5. Conclusion

In this paper, we have revealed the relationships between sensor 
accuracy and reliability of RMS. Our research has focused on 
modeling and simulating for remote monitoring service for the 
elderly. Specifically, we have proposed 4 steps methods; gener-
alization by three-actor model, designing the algorithms of the 
elderly and watcher. As the third step, developing the elderly 
model based on the WHO statistics data. Finally, we conduct 
several simulations. The simulation result shows the relation-
ships between the sensor accuracy and the elderly models.
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