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Abstract Aiming to realize the application which supports users to enjoy walking with an appropriate
physical load, we propose a method to estimate physical load and its variation during walking only with
available functions of a smartphone. Since physical load has a linear relationship with heart rate, our
purpose is to estimate heart rate with a smartphone. To this end, we build a heart rate prediction
model which predicts heart rate variation from walking data including acceleration and walking speed
by machine learning. In order to understand unexpected change of physical load, we focus attention on
oxygen uptake which has a similar property to heart rate and use it as an input of the model. Moreover, to
adapt to difference of heart rate variation among individuals, we apply such techniques as categorization
of users depending on their profiles and heart rate normalization. We applied the proposed method to
actual walking data on various routes by different persons and confirmed that the method estimates
heart rate change with 6.92 beat per minute on average.
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1. INTRODUCTION
Walking is not only effective to reducing body fat and

improving muscle strength, but also it is simple and
convenient for everyone to try without special equip-
ments. However, walking with high physical load gives
non-negligible load on heart and joint, resulting in de-
creasing motivation for walking, and even hazardous for
elderly people or patients of particular diseases. Con-
versely, walking with low load may result in no effect
[9]. Therefore, for sustainable and effective walking, ev-
ery person must be able to control physical load during
walking within an adequate level depending on his/her
physical condition. Although physical load can be mea-
sured by a heart rate monitor, the cost of purchasing a
costly or special device spoil simplicity and convenience
of walking. So it is desirable that physical load can be
measured by a device used in daily life such as a smart-
phone.

As context estimation methods during exercises with
the smartphone, physical activity recognition techniques
[8, 18] and walking distance estimation technique [4] are
proposed. However, to the best of our knowledge, there
is little work on estimating physical load during exer-
cises with a smartphone. Some methods [20] have been
proposed to estimate exercise intensity in real time, but
they do not consider the difference of physical condi-
tions among individuals. In addition, they require users
to equip with a heart rate monitor. There is a method
that estimates heart rate [22], but this method targets

daily living situations (where heart rate is rather stable)
and does not take individual difference into account,
too. In this paper, aiming to realize the walking sup-
port system which does not deteriorate the advantages
of walking (i.e., simplicity and convenience) and adapts
to individual difference of physical condition, we pro-
pose a method to estimate physical load and its vari-
ation while walking along various walking routes. The
proposed method provides users with a support for sus-
tainable and effective walking through pace control for
keeping adequate load.

To estimate physical load of each individual with a
smartphone, we have the following challenges. First, the
smartphone cannot directly measure heart rate which
is closely related to physical load. Second, heart rate
unexpectedly changes depending on exercise intensity.
Third, heart rate change differs among individuals de-
pending on physical condition of each individual. For
the first and third challenges, we set appropriate cat-
egory-specific values to some parameters and devise a
physical load estimation method for each category de-
fined based on user profiles. To realize the method,
we construct a heart rate prediction model by apply-
ing machine learning to the walking data measured by
a smartphone and the heart rate data measured by a
heart rate monitor. To tackle the second challenge, we
focus attention on oxygen uptake which has a property
similar to heart rate change, and realize accurate heart
rate prediction based on the oxygen uptake calculated



by temporal change of exercise intensity and duration.
We evaluated accuracy of our heart rate prediction

method. In our experiments for 17 subjects and 5 dif-
ferent walking routes, our method predicted heart rate
with error of only 6.92 beat per minute on average.

2. WALKING SUPPORT SYSTEM
In this section, first we show the fact that the phys-

ical load can be estimated by the heart rate. Then,
we clarify requirements and provide our basic ideas for
predicting heart rate variation with a smartphone. We
also describe our proposed system which makes users
maintain the appropriate pace of walking.

2.1 Index of physical load
Since physical load during exercise is closely related

to exercise intensity, RPE (Rate of Perceived Exertion)
[3] or heart rate is used as an index of measurement.

RPE is used for measuring the subjective physical
load of each individual and known as “Borg scale” de-
fined as 15 levels of subjective physical load, shown in
Table. 1. There is a linear correlation between RPE and
heart rate, where each RPE level corresponds to one-
tenth of heart rate [2]. This scale is effective to quan-
titatively evaluate the subjective physical load, but it
requires questionnaire or other means to know the phys-
ical load of users. Therefore, RPE is not suitable when
minute tracking of physical load change is needed.

Table 1: Borg scale
Rating RPE Rating RPE

20 12
19 Very, very hard 11 Fairly light
18 10
17 Very hard 9 Very light
16 8
15 Hard 7 Very, very light
14 6
13 Somewhat hard

Due to the above problems of RPE, heart rate is of-
ten used as an index of physical load recently. In our
proposed method, we also adopt heart rate as the index
of physical load.

2.2 Requirements and basic ideas
As we described in Section 1, the walking support

system should not spoil simplicity and convenience of
walking and should allow the user to keep appropriate
physical load during walking. Thus, it is desirable that
the system can estimate heart rate and its temporal
change during walking without costly or special devices.

In general, the heart rate varies as exercise intensity
changes (i.e., changes of walking speed or gradient). Al-
though walking speed is changed by the user’s intention,
it looks for the system that the change occurs unexpect-
edly. In order to allow the user to walk with the appro-

priate physical load, the system is required to quickly
follow and flexibly respond to those changes.

In addition, there are individual variations in the
heart rate change depending on age, exercise habits,
and so on. Therefore, the system should be able to esti-
mate how the physical load (i.e., the heart rate) of each
user changes depending on the user’s physical condition.

As a result, we can summarize the system require-
ments as follows:

1. measure the physical load by commodity devices
2. estimate the temporal change of physical load dur-

ing walking
3. adapt to individual difference depending on the

user’s profile

To satisfy the requirement 1, we focus attention on
the smartphone as a commodity device, and estimate
the physical load with only functions available on the
smartphone, aiming to reduce the cost of purchasing
a costly or special device and the labor for equipping
the device. However, the smartphone cannot directly
measure physical load or the heart rate. Thereby, we
devise a new method that estimates the heart rate by
constructing a model which learns association of the
walking data such as acceleration, walking speed, gra-
dient and location measured by the smartphone with
the heart rate measured by a heart rate monitor.

To satisfy the requirement 2, we utilize the fact that
the physical load during walking changes depending on
the variation of exercise intensity, which can be cal-
culated by the walking speed and the gradient of the
walking route [12]. However, we see that heart rate
does not instantly change like exercise intensity, but it
gradually changes and converges toward a certain value.
Accordingly, it is difficult to exactly associate exercise
intensity with heart rate by only detecting the change
of walking speed and gradient of the route.

We solve this problem by focusing on oxygen uptake
which has a feature similar to heart rate. We use it as
an input of our heart rate prediction model. However,
since the smartphone cannot also directly measure the
oxygen uptake, we develop a new method to estimate
it, which we describe in Section 3.2.

To satisfy the requirement 3, we need to consider the
individual difference in the cardiopulmonary function
capacity and the heart rate at rest which are dependent
on existence of sport habit, age, gender, etc. The trend
of heart rate change or the magnitude of the heart rate
differs by them.

There are some existing methods that build the heart
rate estimation model for every user[13]. However, those
methods require to collect the walking data of all users
in advance, and cannot estimate the physical load for a
new user whose data is not available yet. In our pro-
posed system, we create several categories based on user



Figure 1: Outline of the proposed walking support system

profiles. Assuming that the heart rate of users in the
same category changes similarly, we try to adapt the
system to the individual difference in the heart rate
change by setting appropriate values to some param-
eters for each category. In addition, we remove the dif-
ference of the magnitude of heart rate by normalizing
heart rate data so that the model learns the only the
changing pattern of heart rate. Due to space limitation,
we omit the details about these techniques for absorb-
ing the individual difference in the heart rate change.
Details of these techniques can be found in [17].

2.3 System design
The proposed system targets users who want to take

exercise through walking. The system is implemented
as an application for smartphones with a triaxial accel-
eration sensor and GPS.

Fig. 1 shows an outline of the proposed system. The
system consists of a shared database and a server on
cloud and a smartphone carried by users. The shared
database accumulates walking data measured by accel-
eration and GPS sensors of a smartphone. Here, the
walking data consists of acceleration amplitude, walking
speed, gradient, oxygen uptake and location on walking
routes. The shared database also accumulates physical
load and heart rate estimated by the system. The walk-
ing data in the shared database are categorized to some
groups based on user profiles.

Each user is supported during walking through the
smartphone application. In the following, we describe
pace making function for maintaining appropriate walk-
ing pace.

Pace making function
The system supports a user to maintain an appro-

priate walking pace by the following steps: First, while
the user is walking, the walking data collected by the
smartphone is uploaded to the server at regular inter-
vals (Fig. 1 (2)). The server estimates the user’s heart
rate by inputting the walking data to the heart rate
prediction model built in advance on the server, and
checks whether the current physical load of the user is
appropriate or not (Fig. 1 (3)).

Physical load level is determined according to the
classification of exercise intensity defined by the ACSM’s
guideline. It is shown in Fig. 2.

Figure 2: Classification of exercise intensity (for
exercise within 60 minutes).

This index is called HRR (Heart Rate Reserve) and
indicates the normalized exercise intensity in which the
heart rate at rest and the maximum (defined by 220 −
age) correspond to 0% and 100%, respectively. HRR is
calculated by the following Karvonen formula[7].

HRR =
HRm − HRrest

220 − AGE − HRrest
(1)

where HRR [%] represents the heart rate reserve, HRm

[bpm] is the measured or estimated heart rate, HRrest

is the heart rate at rest and AGE is age. The physical
load is determined by applying the value of HRR to the
classification table of Fig. 2.

The smartphone application suggests the user to ad-
just walking speed by giving an advice such as “walk
more slowly” and “walk faster” (Fig. 1 (3)–(5)), when
the current physical load is not appropriate or is likely
to go out of the appropriate range (e.g., Moderate or
Hard in Fig. 2). The user can maintain the appropri-
ate physical load by following the advices given by the
smartphone.

The user can optionally upload the subjective phys-
ical load and possibly the measured heart rate (only if
the user is equipped with heart rate monitor) during
or after walking, in order to contribute to improvement
of the estimation accuracy. This optional data along
with the walking data are accumulated in the shared
database.

3. PREDICTING HEART RATE VARIATION
WITH SMARTPHONE

In order to predict heart rate variation during walk-



ing, we construct the heart rate prediction model which
associates walking data with heart rate. We utilize a
neural network to construct the model, since there is a
nonlinear relationship between changes of walking data
(acceleration amplitude, walking speed, etc.) and heart
rate. The non-linear correspondence of walking data
(an input of the model) to heart rate is learned and
formed on a neural network.

To capture the effect of exercise intensity and its du-
ration to heart rate change, our method utilizes oxygen
uptake as an input to the estimation model, since it has
a similar feature to heart rate change.

We build heart rate prediction models in three phases:
walking data measurement, feature extraction and model
construction.

3.1 Walking data measurement
As we described in Section 2.2, heart rate changes de-

pending on the change of walking speed and gradient.
In the preliminary experiment for measuring accelera-
tion data while walking on treadmill, we confirmed that
walking at different speeds and/or with different gradi-
ents lead to different acceleration amplitude. In addi-
tion, heart rate is closely related to oxygen uptake since
the heart rate during exercise increases or decreases to
supply necessary oxygen amounts over the body de-
pending on the exercise intensity change. Considering
these observations, we use (i)–(iv) acceleration ampli-
tude (X-, Y- and Z-axes and composite of all axes), (v)
walking speed, (vi) gradient and (vii) oxygen uptake to
predict heart rate because of their big impact to heart
rate variation.

3.2 Feature extraction
Below, we present methods to extract the features

(i)–(vii) described in the previous subsection.

3.2.1 Acceleration amplitude
We measure acceleration data during walking with a

3-axes acceleration sensor and extract acceleration am-
plitude for each of X-, Y- and Z-axes and for their com-
posite as follows.

First, DC components (i.e., direct current with fre-
quency 0Hz produced as a result of applying the acceler-
ation data to the Fast Fourier Transform) are removed
in the acceleration data, and all the measured data are
divided into fixed size half overlapped time windows.
Second, for each window, we calculate the average am-
plitude.

We extract other features in a similar way from half
overlapped time windows of the same window size W .

3.2.2 Walking speed
In principle, we derive walking speed by dividing walk-

ing distance by walking duration. However, since loca-

tions measured by GPS and the distance calculated by
those locations contain non-negligible errors. So, we de-
termined to use dead reckoning [11] which estimates the
relative location from a reference point by using iner-
tial sensors such as accelerometers and gyro sensor. We
calculate walking speed as follows.

Sk = Dk/W (2)
Dk = STk × SL (3)
SL = Dtotal/STtotal (4)

where, Sk[m/sec], Dk[m] and STk[step] represent walk-
ing speed, walking distance and step count in k-th time
window, respectively. In addition, stride length SL[m/
step] is calculated by the total walking distance Dtotal[m]
and the total step count STtotal.

We utilize existing techniques [14, 23] for estimating
step count. These techniques estimate step count by de-
tecting the timing called cross point that the absolute
value of acceleration waveform crosses a certain refer-
ence value. We empirically set the reference value to
one-half of the acceleration variance.

In Fig. 3, we show examples of the cross points de-
tected from acceleration data by red circles. The wave-
form shown in this figure is vertical acceleration data to
which the differential function for determining deriva-
tive and the smoothing filter are applied. From the fig-
ure, we see that we can easily estimate the step count as
one fourth of the number of the detected cross points.

Figure 3: Detection of cross points.

3.2.3 Gradient
We calculate the gradient on the target walking route

by the following equation.

Gk = 100 ∗ (ADk/Dk) (5)

where, Gk[%], Dk[m] and ADk[m] represent the gradi-
ent, walking distance, and difference of elevation in the
k-th time window, respectively. Here, ADk[m] is calcu-
lated as the difference between the 1st location and the
last location among all the locations sensed by GPS in
each time window.

3.2.4 Oxygen uptake
When an exercise is taken, oxygen uptake does not

instantaneously change to the value corresponding to
the exercise intensity, but it approaches to a steady



state within 2 to 3 minutes after the start of the exer-
cise. The value corresponding to the exercise intensity
is called oxygen demand.

When taking an exercise with a fixed intensity, the
increment of oxygen uptake denoted by U [ml/kg/min]
and the decrement of oxygen uptake denoted by D[ml/k-
g/min] are calculated by the following equations [1].

∆U = Ke−
τu
t (6)

∆D = K(1 − e−
τd
t ) (7)

where K[ml/kg/min] and t[s] represent oxygen demand
(i.e., oxygen required for the exercise) and the elapsed
time, respectively. Moreover, τu [s] and τd [s] repre-
sent parameters representing the time to converge to
the oxygen demand, respectively.

Assuming that oxygen demand exactly matches the
theoretical value of oxygen uptake with a certain exer-
cise intensity, the oxygen demand K[ml/kg/min] can be
calculated as follows.

K = R + H + V (8)
R = 3.5 (9)
H = 0.1 × speed (10)
V = 1.8 × speed × gradient (11)

where R, H and V represent oxygen uptake at rest, oxy-
gen uptake by horizontal component of walking speed,
and oxygen uptake by vertical component of walking
speed (i.e., difference of elevation), respectively, and
speed[m/min] and gradient[%] represent walking speed
and gradient on the target walking route, respectively.

As shown above, variation of oxygen uptake can be
calculated, if oxygen demand and exercise duration are
known. However, it is a problem that walking speed and
gradient during walking vary unexpectedly. Therefore,
we calculate the variation of oxygen uptake according
to the variation of oxygen demand periodically with a
fixed time interval.
Let P denote the time interval for oxygen uptake calcu-
lation, and Ki and Vi denote oxygen demand and oxy-
gen uptake at time ti(i = 0, 1, 2, 3 · · · ), respectively. We
calculate Vi by three steps: (Step1) calculating oxygen
demand, (Step2) determining the trend of oxygen de-
mand variation, and (Step3) calculating oxygen uptake
variation.

In Step1, oxygen demand Ki is calculated by us-
ing average walking speed and gradient during interval
[ti, ti+1]. In Step2, we compare Ki with oxygen uptake
Vi−1 at the previous interval [ti−1, ti], and determine
the trend of variation: increase, decrease or no change.
In Step3, oxygen uptake Vi is calculated according to
the determined trend. In the case of no change, we con-
sider that exercise intensity did not change, and oxygen
uptake variation follows the previous trend.

We update the oxygen uptake during walking by re-
peatedly calculating the above equations over time.

3.3 Model construction by machine learning
By using the input parameters derived in previous

subsections, we construct the heart rate prediction model.
We use the data mining tool WEKA[21] to build the

model. In this tool, the multilayered neural network
that has an input layer, a middle layer, and an output
layer is available.

We apply supervised learning as the learning method.
Thereby, we let the model learn the relationship be-
tween given inputs and outputs using the training data
on the neural network. We give the walking data (re-
ferred to test data, hereafter) measured in the time
interval between a certain time ti and ti+w (where w
shows the window size) including acceleration data and
walking speed to the model and obtain the heart rates
at the time ti+w as an output.

4. EVALUATION
In this section, we evaluate the heart rate prediction

accuracy of the methods proposed in Section 3.

4.1 Experimental settings
4.1.1 Experimental environment

We used a wristwatch type wireless heart rate mon-
itor, SUUNTO t6d [19] and a smartphone, Sony Er-
icsson Xperia active [15] for the experiments. Every
subject mounted the monitor and the smartphone on
the body so that the acceleration direction of horizon-
tal and vertical axes follows Fig. 4. Sampling period
was empirically set to 20 milli seconds for the acceler-
ation, 2 seconds for heart rate and 3 sconds for GPS.
We set the window size W to 24 seconds based on the
sampling periods of the sensors used. We asked 17 sub-
jects consisting of 14 male and 3 female students of our
laboratory who are all 20’s.

To collect data, we asked each of the subjects to walk
on five different routes. Fig. 5 shows gradient of each
route where horizontal and vertical axes show distance
and the altitude, respectively. The distances of routes
A, B, C, D, and E are 1,000m, 1,700m, 1,000m, 1,000m,
and 1,100m, respectively.

4.1.2 Inputs of a heart rate prediction model
In order to identify the best combination of input pa-

rameters producing the most accurate heart rate pre-
dictions, we conducted preliminary experiments. We
tested all combinations of no more than 5 input param-
eters (31 combinations) from all 7 parameters explained
in Section 3.2. As a result, we selected the combination
of four input parameters, oxygen uptake (VO), gradient
(G), and X- and Y-axes of acceleration (AX and AY)



Figure 4: The smartphone is mounted around
the waist of each subject so that the acceleration
directions, x-, y-, and z-axis follow the figure.

Figure 5: Gradients of five walking routes used
for experiments. Vertical and horizontal axes
show the altitude and the distance from the
starting point, respectively.

which produced the smallest mean error of the predicted
heart rate with small individual difference.

4.1.3 Categorization
This time, we focused only on existence of sport habit

and defined the following three categories.

• Category1: users who have taken 30 minutes or
more exercise at least twice a week for more than
one year

• Category2: users who are neither in category1 nor
category3

• Category3: users who have taken almost no exer-
cise (recently and in the past)

Through questionnaire, 2, 11, and 4 subjects were
categorized into category1, category2, and category3,
respectively.

4.1.4 The prediction accuracy calculation
For each of the five walking routes with 17 subjects

data, we constructed a model with each subject’s self-
data. The results which will be presented in Section 4.2
show the error between the heart rate predicted from
a model and that measured by a heart rate monitor.

The error was averaged over samples (each sample is
the difference between the heart rates measured and
predicted for a time window, respectively) during the
total walking time (about 15 – 20 minutes) for every
subject and every route (i.e., there are 20 combinations
for each subject).

4.2 Experimental results and discussion
The results for all the subjects and all the routes are

shown in Table 2. The table suggests that our pro-
posed method achieved 6.92 bpm mean error for heart
rate prediction where the mean error varied among the
routes (even with the same subject) and among the sub-
jects (even with the same route).

It is known that the heart rate varies even during rest
situation. With preliminary experiments, we confirmed
that the heart rate variation during rest situation is
about 7 bpm on average. From this fact, we can say
that the prediction results shown in Table 2 are fairly
accurate.

As an examples of accurate prediction of heart rate
change, we show the result of Subject10 in Fig. 6. From
this result, we see that our proposed method can almost
accurately track the heart rate change.

The mean errors for Subject12 and Subject15 are a
bit larger than the others as seen from Table 2. One of
the primary factors to increase errors is that the gradi-
ent (increasing/decreasing rate) of the heart rate vari-
ation may not be exactly learned. As seen from Fig.
7 that shows the heart rate change of Subject12, the
big error was produced between the measured and the
predicted heart rate when the rate increases. This is be-
cause some error may be introduced in the estimation
of walking speed and walking distance due to GPS er-
ror and inaccurate information of altitude, resulting in

Figure 6: Prediction of heart rate change (Sub-
ject10, routeA)

Figure 7: Prediction of heart rate change (Sub-
ject12, routeA)



Table 2: Prediction results for various walking routes (mean absolute error)

Subject Category routeA routeB routeC routeD routeE Means

Subject1 1 8.57 9.80 8.61 3.78 10.59 8.27
Subject2 1 3.67 11.47 5.39 3.62 2.27 5.28
Subject3 2 3.76 3.19 2.96 7.57 5.43 4.58
Subject4 2 3.88 10.07 3.88 4.19 10.92 6.59
Subject5 2 9.84 5.12 4.50 11.67 5.42 7.31
Subject6 2 5.30 9.98 5.20 5.97 2.28 5.75
Subject7 2 3.69 6.38 9.41 8.05 5.79 6.67
Subject8 2 5.86 7.42 4.77 13.30 6.07 7.48
Subject9 2 11.95 7.27 6.66 10.66 6.35 8.58
Subject10 2 3.35 3.35 3.02 3.59 7.17 4.10
Subject11 2 3.29 3.68 4.25 7.16 4.06 4.49
Subject12 2 5.26 5.78 9.58 16.52 12.34 9.89
Subject13 2 7.74 5.67 4.93 13.91 6.00 7.65
Subject14 3 6.34 8.21 4.39 13.82 1.61 6.87
Subject15 3 14.99 5.57 5.82 18.98 3.06 9.68
Subject16 3 8.24 5.14 4.71 14.94 8.36 8.27
Subject17 3 7.52 5.31 7.14 8.87 1.08 5.98
Meanr - 6.65 6.67 5.63 9.81 5.81 6.92

the error of oxygen uptake estimation. Moreover, some
subjects may have quite different physical characteris-
tics from other subjects in the same category.

5. RELATED WORK
The requirements of the proposed walking support

system shown in Section 1 are (i) simply estimating
physical load without special devices, (ii) estimating
the minute change of physical load depending on exer-
cise intensity variation, and (iii) adapting to individual
differences. In this section, we briefly survey existing
studies with respect to these requirements.

5.1 Physical activities recognition during ex-
ercise with smartphone

Recently, the smartphone has become a commodity
device and it incorporates various sensors and functions
such as acceleration, gyro, and GPS sensors. Thereby,
many efforts have been devoted to detecting human’s
physical activities during exercise with smartphone.

Khan et al. [8] and Sun et al. [18] proposed meth-
ods to recognize daily physical activities by using a tri-
axial acceleration sensor of a smartphone. They clas-
sified some activities with different exercise intensity
(e.g., walking, running, down-stair, up-stair, etc.), and
achieved the recognition accuracy of about 94%.

There are many other studies utilizing the smart-
phone to recognize physical activities such as estimating
the step count during walking [10, 14], identifying users
moving direction [5], and estimating user’s location by
dead reckoning [4, 6, 16].

However, to the best of our knowledge, there are

no smartphone-based methods which directly estimate
heart rate or physical load during exercise.

5.2 Heart rate prediction
As an approach without the heart rate monitor, Xiao

et al. [22] proposed the heart rate prediction model
using a neural network. They used acceleration data
of each axis measured by a triaxial acceleration sen-
sor and the heart rate predicted in the previous time
step as inputs and achieved the mean absolute error
of about 5 bpm. This result suggests that a neural
network is useful for associating exercise intensity with
heart rate. However, the proposed model is not appro-
priate for our purpose, because it targets daily living
activities in which heart rate variation is much smaller
than physical activities like walking. They neither take
into account the individual difference of heart rate.

5.3 Exercise intensity estimation
Tapia et al. [20] proposed a method that recognizes

physical activities such as sitting, walking, running, and
cycling and estimate their exercise intensity with an ac-
celeration sensor and a heart rate monitor. This method
is costly for users to equip with a heart rate monitor,
as mentioned before. Moreover, they classify the exer-
cise intensity of physical activities into some types (e.g.,
2mph 0% grade) defined by the authors, so they can-
not estimate quantitative exercise intensity. It does not
take into account individual difference, too.

6. CONCLUSIONS
In this paper, we proposed a method which estimates



the physical load and its minute change during walk-
ing only with available functions of a smartphone. We
also presented the walking support system based on
the method, which facilitates users to efficiently find
an appropriate walking route taking the physical condi-
tion into account and do walking within the appropriate
range of the physical load.

Our evaluation experiments showed that the proposed
oxygen uptake estimation technique is effective for accu-
rate heart rate estimation considering individual differ-
ence. In addition, by determining some characteristic
parameters for each category, our method could esti-
mate the heart rate with accuracy of about 6.29 bpm
on average when 17 subjects walked on five different
routes.

Our future work includes consideration of more de-
tailed classification of users with more diverse profiles
(e.g., considering age) and investigations of the effec-
tiveness of the proposed system in various conditions
such as long walking routes and existence of walking
speed navigation.
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