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I. INTRODUCTION

Recently there are many kinds of research to develop
the system, which can improve Quality of Life (QoL) by
using information obtained by IoT devices. According to
the 2018 whitepaper on information and communication
in Japan[1], it is expected that 40 billion IoT devices will
be used in 2020 because of their technological progress
and lower price. Moreover, the cabinet office, government
of Japan, is promoting “Society 5.0” as a science and
technology policy[2]. It means the human-centric society
where the new system highly integrating the cyberspace
and the physical space solves both economic growth and
social challenge.

In order to realize such a highly smart society, it
is necessary to develop awareness functions, which in-
volve human identification and action recognition in the
environment where many IoT sensors are installed. In
such a context, not only we have studied some human
identification functions based on an accelerometer[3], a
RGB-D camera[4], or a center of gravity (COG) sway
measure[5], but we have studied some action recognition
functions based on ambient information including object
existence (scene recognition)[6], the use histories of elec-
trical appliances[7].

This paper reports on the two studies: a human identifica-
tion method and an action recognition method on the basis
of an accelerometer and a smart plug network. Especially,
the former is described on the basis of our paper[3].

This paper consists of four sections. The section I said
the background of our studies as an introduction. In the
section II, we describe about an accelerometer-based hu-
man identification method. In the section III, we explain
about an action recognition method based on a smart plug
network and an accelerometer. Finally, in the section IV,
we propose a new system architecture towards ubiquitous
sensing environment.

II. ACCELEROMETER-BASED HUMAN IDENTIFICATION
FOR MULTI-WALKING STATES

In this study, we propose a novel method to identify
humans as well as three walking states (‘walking on the
flats’, ‘going up stairs’ and ‘going down stairs’). Specifi-
cally our method can identify the three walking states and
subsequently identify humans based on a specific classifier
for respective walking states.

A. Proposed Method

Figure 1 shows the processing steps of the human
identification method, which is divided into an enrollment
process (blue line) and an identification process (red line).

In the enrollment process, first, three dimensional ac-
celeration time series data (ax(t), ay(t), az(t)) for each
walking state is measured from human subjects. Next, pre-
processing and feature extraction are respectively applied to
the obtained acceleration data. The extracted feature vector
is used for creating a walking state recognizer and several
human identifiers. Three kinds of identifiers are created in
total since a human identifier is created for each walking
state: ‘walking on the flats’, ‘going up stairs’ and ‘going
down stairs’.

In the identification process, measurement, preprocess-
ing, and feature extraction of the acceleration time series
data are respectively applied in the same manner as them
at the enrollment process. Then, the walking state is recog-
nized using the walking state recognizer, a human identifier
is selected based on the result, and the human identification
is performed by the selected identifier.

Fig. 1. Processing Steps of Human Identification Method

B. Preprocessing and Feature Extraction

In the preprocessing step, we calculate a resultant ac-
celeration a(t) from three-dimensional data (ax(t), ay(t),
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az(t)). After that, we do clipping of a stable walking
interval. The clipping window is defined as Nw sample
points. But the first Np sample points are dropped as an
unstable interval. That is, Nw−Np = Ns sample points are
used for walking state recognition and human identification.
This means, let the sampling frequency be fsHz, we use
Ns/fs seconds time series for recognition.

In the feature extraction step, we make multi-dimensional
feature vector, which consists of static features and dynamic
features. The static features are fundamental statistical
quantities: mean (ā), median (ã), summation (Sa) and
standard deviation (σa). The dynamic features are power
spectrum based on Fourier transform and model coefficients
of auto regressive (AR) model. We use the power spectrum
of 10 low frequencies (f1 to f10). Also we use the AR(2)
model and two model coefficients (φ1, φ2) and the variance
of residual (σ2

d) are used as features. Finally we use 17
dimensional feature vector F as follows.

F := (ā, ã, Sa, σa, f1, f2, f3, f4, f5,

f6, f7, f8, f9, f10, φ1, φ2, σ
2
d).

(1)

C. Walking State Recognition / Human Identification

Figure 2 shows the relation between the walking state
recognition and human identification. The first step is the
walking state recognition. After that, the human identifica-
tion separately performed for three walking states.

Fig. 2. The 1st step is to recognize the walking state (walking on the
flats/going up stairs/going down stairs), The 2nd step is to identify humans
based on the specific identifier for the respective walking states.

For the comparison, we employed five classifiers: k
Nearest Neighbor (k-NN), Classification And Regression
Trees (CART), Naı̈ve Bayes Classifier (NBC), Linear Dis-
criminant Analysis (LDA), and Support Vector Machine
(SVM).

D. Experiments and Results

We collect the experimental data using a smartphone as
an accelerometer. The number of human subjects is 10, and

each human subject performs the three kinds of walking 10
times. Consequently, we collected 300 samples of data. 2-
fold cross-validation is performed to evaluate identification
accuracy. 300 samples data is divided into two sets so as
to include the almost same class size.

Figure 3 shows the recognition result of the three walking
states. The best walking state recognition of 95.7% accu-
racy was achieved by Linear Discriminant Analysis.

Fig. 3. Recognition Accuracy of Walking States

Figure 4 shows the result of human identification. The
best performances of 85.0% accuracy ( ‘walking on the
flats’), 90.0% accuracy (‘going up stairs’) and 77.0%
accuracy (‘going down stairs’) were achieved by Linear
Discriminant Analysis. The best successive identification
result was estimated as 80.4% accuracy. Moreover, in the
four classifiers which exclude k-Nearest Neighbor, we show
that it has an effect to identify humans using a specific
classifier for respective walking states.

Fig. 4. Identification Accuracy of Human
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III. ACTION RECOGNITION USING SMART PLUG
NETWORK AND ACCELEROMETER

In this study, we propose a method of human action
recognition based on smart plug network and accelerometer.

A. Proposed Method

Figure 5 shows the processing steps of the action recogni-
tion method, which is divided into a learning phase colored
in blue and an action recognition phase colored in red.
In this study, we recognize two kinds of human actions:
actions that human uses appliances, and fundamental ac-
tions (‘move’, ‘motion’ and ‘rest’). The former can be
recognized from the data based on the smart plug network
because the use of appliances causes the change of the
current. Meanwhile, the latter can be recognized by the
accelerometer that human wear.
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Fig. 5. Processing Steps of Action Recognition Method

The smart plug network is used as an instrument for
measuring the amount of electric current in appliances. We
employ the XBEE smart plug produced by Digi Interna-
tional Corp. It has a built-in Zigbee wireless communication
module and can collect data from multiple plugs through
Connect Port X4 which is a routing gateway (see Figure 6).
The actions that human uses appliances are indirectly esti-
mated from the current change of the smart plug connected
to each appliance.

Fig. 6. XBEE Smart Plug and Connect Port X4

On the other hand, the three-dimensional acceleration
time series data (x(t), y(t), z(t)) is measured by a smart-
phone with an accelerometer. This time series data is
used for recognizing three fundamental actions (‘move’,
‘motion’ and ‘rest’). Moreover, we capture the video data
for the target environment by an RGB camera to make the

action labels to the measured time series data. Next, the
preprocessing and the feature extraction are applied to the
acquired acceleration time series data. The extracted feature
vector and the action labels are used for learning a human
action recognizer.

B. Action Recognition Based on Smart Plug Network

As some appliances for recognizing actions, we selected
five appliances: a TV, an air cleaner, an electric kettle, a fan,
and a laptop PC. In order to recognize the use of appliances
from the current change of the smart plugs, we have to
determine the threshold values for discriminating whether
the electric appliance was used or not. As a result of
the preliminary experiment, we determined the thresholds
shown in Table I.

TABLE I
THRESHOLD OF ON/OFF FOR EACH APPLIANCE

Item Threshold (A)
TV 0.6

Air Cleaner 0.1
Electric Kettle 6

Fan 0.3
Laptop PC 0.6

C. Action Recognition based on Accelerometer

The three fundamental actions (‘move’, ‘motion’ and
‘rest’) are recognized by accelerometer-based time series
data. We calculate the resultant acceleration a(t) from the
three-dimensional acceleration time series data (x(t), y(t),
z(t)).

a(t) =
√
x(t)2 + y(t)2 + z(t)2 (2)

where, t denotes the discrete time stamp. We collect data
on the three fundamental actions. Each time series data is
segmented by every two seconds, and feature extraction
is done for the two-seconds data. The extracted features
are Cmax (the maximum change of acceleration), Vsum
(the summation of the variance of acceleration), Vmean

(the mean of the variance of acceleration), Vsd (the stan-
dard deviation of the variance of acceleration), Vmax (the
maximum of the variance of acceleration), and Vmed (the
median of the variance of acceleration). For example, the
calculation of Cmax is described as follows.

Cmax = max{a(t)} −min{a(t)}
(t = 1, . . . , N)

(3)

where N denotes the number of the sampled points for
2 seconds, and max{.} (min{.}) denotes a function to
return the maximum (minimum) value of the argument. The
sampling frequency of the accelerometer is 200 Hz, so N
is 400.

Action recognition has been done by a recognizer based
on a machine learning algorithm. In this study, Support
Vector Machine (SVM) is employed as the recognizer. For
learning the SVM, we prepared 400 segmented data for the
three fundamental actions.
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D. Experiments

To evaluate the proposed method, the experimental data
was collected from an accelerometer of a smartphone and
several smart plugs installed in an environment. Figure 7
shows the experimental environment and the position of
each appliance. Each appliance is connected to the smart
plug. Also each human subject wears a smartphone on his
right hand.

Fig. 7. Room Layout and Appliances in the Experimental Environment

We have prepared the two kinds of action scenarios. 4
human subjects acted according to either of the following
two action scenarios:

• Action Scenario 1:
stand at the start position → turn on the air cleaner
→ turn on the fan → sit on the chair I → stand up
from the chair I → turn on the TV → boil water with
the electric kettle → sit on the chair II → turn on the
laptop PC

• Action Scenario 2:
stand at the start position → turn on the fan → sit on
the chair I → stand up from the chair I → sit on the
chair II→ turn on the laptop PC→ stand up from the
chair II → turn on the air cleaner → turn on the TV
→ boil water in the electric kettle → sit on the chair
I

Moreover, we have captured the video data of the exper-
imental states by some RGB cameras in order to evaluate
whether the recognition results are correct or not.

E. Results

Figure 8 shows the time line graph of the action recog-
nition based on smart plugs. The light blue bar shows
the power is off and the red bar shows the power is on.
Compared with the result and the recorded video data, We
can find that the timing of the use of appliances is perfectly
recognized.

Figure 9 shows the time line graph of the three funda-
mental action recognition based on an accelerometer. The
green bar denotes ‘move’, the yellow bar denotes ‘motion’,
and the light gray bar denotes ‘rest’. The upper bar of the
graph is the result of SVM and the lower bar is true data
which was manually created by the recorded video data.
We can find that the result of SVM is almost similar to the

Fig. 8. Action Recognition Result Based on Appliances

true data. However, there are some differences at the time
of around 20 seconds, 35 seconds and so on. Especially, the
‘motion’ action seems to be confused to the ‘move’ action
and also seems to be the opposite case.

Fig. 9. Action Recognition Result Based on Accelerometer

Table II and Table III show a confusion matrix in the
action scenario 1 and 2 respectively. From these tables, we
can clearly find that the ‘motion’ action and the ‘move’
action are slightly confused. The recognition accuracy of
the ‘motion’ action is 0.61 in average and it is the worst
of them.

TABLE II
CONFUSION MATRIX IN ACTION SCENARIO 1

Predict
AccuracyMove Motion Rest

Move 41 17 0 0.71
True Motion 23 41 0 0.64

Rest 0 0 58 1.00

TABLE III
CONFUSION MATRIX IN ACTION SCENARIO 2

Predict
AccuracyMove Motion Rest

Move 60 6 0 0.91
True Motion 12 17 1 0.57

Rest 0 0 85 1.00

Table IV shows precision, recall and F-measure for each
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action scenario. We can find that the accuracy of around
80% is achieved in the both of action scenarios.

TABLE IV
RECALL, PRECISION AND F-MEASURE

Precision Recall F-measure
Action Scenario 1 0.78 0.78 0.78
Action Scenario 2 0.83 0.86 0.84

IV. CONCLUSION: TOWARDS CONTEXT-AWARE
SYSTEM

The above two studies are the development of funda-
mental functions for being aware of the situation in the
real space. In addition to them, we have developed various
awareness functions, but in order to understand the real
world situation with various sensors using them, we need
a foundation to integrate many sensors and recognition
functions. Therefore, we are considering a new system
architecture, called ‘CASA: Context-Aware System Archi-
tecture’, shown in Figure 10.
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Fig. 10. CASA: Context-Aware System Architecture Based on Ubiquitous
Sensing Environment (Prototype)

The proposed architecture consists of four components:
Sensing, Formalizing, Reasoning, and Delivering. We de-
fined the role of each component as follows.

• Sensing: To measure multi-dimensional and multi-
variable data by various IoT sensors.

• Formalizing: To convert sensor data into the sym-
bolic representation (context representation) through
machine learning algorithms.

• Reasoning: To infer the high level contexts and user’s
requirements by reasoning.

• Delivering: To provide the appropriate information and
services to users in accordance with the consequence
derived by reasoning.

Since these four elements are cyclically processed, this
cyclic process is named ‘awareness cycle’. Under the
current condition, this is a prototype model and a work
in progress. We are challenging to develop the system so
as to realize permanent awareness cycle.
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