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Abstract—We propose a room-level place recognition system
which uses energy harvesting elements as both sensor and power
source. As energy harvesting elements, we focus on solar cells.
In our previous work, by combining multiple types of cells and
learning the difference of the generated power, we succeeded
to distinguish ten places thanks to different characteristics of
solar cells according to their materials. However, since the
previous research focused on investigating the feasibility of our
fundamental idea, it used a microcomputer board that requires
an additional battery to measure the amount of generated power.
Hence, it did not reach the level to utilize the energy harvesting
elements as a power supply required for running the whole
system. In this paper, we re-design our previously proposed
mechanism to measure the amount of generated power of the
energy harvesting elements and propose the novel mechanism to
measure the amount of generated power by using the generated
power without any additional battery. In stead of measuring
the amount of generated power, our system has the circuit that
counts how many times the electrolytic capacitor has been fully
charged. The capacitor used is the minimum size required for
reading the time stamp and write it to the memory. Finally, we
can measure the amount of generated power by counting the time
stamps recorded per unit of time. We designed and implemented
the new circuit on PCB, and applied our system to room-level
place recognition. As a result, we confirmed that our system can
accurately distinguish the eight places.

I. I NTRODUCTION
Research to understand the relationship between stress and
depression based on lifelogs and lifestyle habits is widely
studied [1], [2]. Lifelogs require activity information and
location information, and many studied have been conducted
to estimate activities using wearable devices [3]. Although
location information can be easily obtained outdoors by using
GPS (Global Positioning System), and the most popular indoor
positioning methods are using Wi-Fi [4], [5] and iBeacon
[6], [7]. In these methods, radio waves transmitted from
the environment are received by a mobile device such as a
smartphone, and the position is estimated from the received
signals. Therefore, it is necessary for a mobile device to always
operate the application to know the position, hence battery
consumption becomes a problem. In addition, it is difficult
to install facilities such as Wi-Fi base stations and iBeacon
devices at work place or public place for the purpose to acquire
the lifelog personally.
Previous research on position estimation has focused on
the accuracy as coordinates, but in lifelogs it is sufficient

to recognize room level position, so a system that can be
driven continuously with low power consumption is desirable.
As such a method, we have proposed the place recognition
system which uses energy harvesting elements as a sensor
(Hereafter, research of Umetsu et al.) [8], [9]. The idea to
use energy harvesting elements as a sensor was also proposed
by Khalifa et al. [10], but it focused only on the kinetic energy
harvesting elements as a motion sensor for activity recognition.
On the other hand, we focus on the place recognition by using
different energy harvesting elements, especially solar cells.
Our previous work [9] has shown that the amount of power
generated by solar cells varies with the amount of light and
the wavelength of light received, and that the characteristics
of solar cells differ depending on the material of the solar
cell. Therefore, if the light source is different from place
to place, each place can be identified from the difference
in the power generation amount of the solar cell. Unlike
kinetic energy harvesting elements, multiple solar cells made
of different materials are available. Thus, if solar cells with
different characteristics are combined, it is possible to expect
location recognition with high accuracy.
However, research of Umetsu et al. focuses on investigating
the feasibility of our fundamental idea that utilizes the multiple
energy harvesting elements as a sensor. Therefore, it used a
microcomputer board that requires an additional battery to
measure the amount of generated power.
Since we aim to utilize the energy harvesting elements
as not only sensors but also the power supply for running
the whole system, we re-design our previously proposed
mechanism to measure the amount of generated power of the
energy harvesting elements and propose the novel mechanism
to measure the amount of generated power by using the
generated power without any additional battery.
Our key idea is to stop measuring the amount of generated
power directly. Therefore, our new system does not have a
circuit to measure the amount of generated power. Instead, it
has the circuit that counts how many times the electrolytic
capacitor has been fully charged. The capacitor is the minimum size required for reading the time stamp and write it to
the memory. Finally, we can measure the amount of generated
power per unit time by counting the time stamps per unit time.
At first, we designed and implemented a circuit to investigate the feasibility of our idea. Then, we observed that our

system can record the time stamp by using the generated
power of energy harvesting elements and the number of time
stamps recorded in the memory changes depending on the
places. In addition, we evaluate the performance of place
recognition by using our designed system. We select eight
places in our University and measure the amount of generated
power by using our system. To the collected data, we apply the
machine learning algorithm to distinguish the room. Finally,
we evaluated the accuracy by K-fold cross-validation and got
a good result for practical use.
The contributions of this paper are two folds.
•

•

Design, implementation and evaluation of a circuit which
can measure power generation amount of energy harvesting elements with the power obtained from the environmental power generation, and the result showing that
the power generation amount can be measured without a
battery to run a microcomputer.
We showed that we can identify 8 places with 92%
of accuracy by machine learning from the generation
amount of multiple energy harvesting elements for each
place.

III. O UR PROPOSED SYSTEM
Fig. 2 shows the circuit of the proposed system and Fig.3
shows the block diagram of the system. For SC1-SC3 in the
Fig.2, we use single crystal silicon and dye sensitized type
solar cells shown in Table I. The single crystal silicon type
is manufactured by cutting out single crystal silicon, so it is
excellent in power generation efficiency and durability.
The other is a solar cell that improves the light receiving
sensitivity to visible light by absorbing the dye on the surface
of titanium oxide, and can obtain high voltage output even in
a low illuminance environment. In addition, solar cells SC1,
SC2 and SC3 are connected in series.
The proposed system operates by self-generated power, so
the system stops whenever it does not generate electricity, and

II. A SSUMPTION AND PREVIOUS SYSTEM
We assume that people will usually visit/stay some rooms
(at most 10) in daily life such as in the office or in the school.
Therefore, we do not aim to recognize many places. Also, we
do not compete for the position accuracy. As shown in Fig.1,
we assume that the light environments such as brightness,
color temperature, are different from room to room. Also, we
assume that our system will be implemented in nameplates
and run as a wearable device.
Our previous system proposed by Umetsu et al. used
Adafruit Feather 32u4 Bluefruit LE to measure the voltages
of connected energy harvesting elements. Since this board
consumes more energy than generated power of energy harvesting elements, we supplied the power from the external
Li-Po battery.

Fig. 2. Overview of circuit

Fig. 3. Block diagram of the system
TABLE I
KIND OF SOLAR SELL TO USE
name

SC1

SC2

SC3

silicon single crystal
OPP55A161BI
880
50*105

dye sensitization
FDSC-FSC1G
0.18
56*91

silicon single crystal
OPL20A25101
500
60*90

image

type
model
power [mW]
size [mm]

Fig. 1. Overview of proposed system

the internal clock is also stopped. we use an external RTC
module to acquire time. In addition, power consumption is
reduced by using flush memory to save data. We set serial
pins to collect data from flush memory, and send it to computer
after connecting USB conversion module.
Fig. 4 shows the flow of the system. The microcomputer
basically waits in the sleep state, returns from the sleep state
when the capacitor is charged with a certain amount of power,
records time and voltage, and shifts to the sleep state again.
Voltage is also measured simultaneously with time, but when a
solar cell is connected to an electrolytic capacitor, the amount
of power generation of solar cells in that environment can not
be measured. Therefore, the proposed system measures the
voltage as a power generation ratio instead of the amount of
power generation. By repeating this cycle, the location of the
user is estimated from the time required to charge the capacitor
and the voltage ratio of each solar cell.
For example, Fig.5 shows a time-series graph of charging of
a capacitor and discharging of a microcomputer. If the intensity
of light is large, the amount of power generation is large and
time to charge the capacitor is short, and if the intensity of
light is small, the amount of power generation is small and
time to charge the capacitor is long. Therefore, it is possible
to indirectly determine the power generation amount per unit
time by finding the number of times the data is written into
the flush memory.

IV. E XPERIMENT OF P LACE R ECOGNITION
We performed an experiment for place estimation by using
the developed system. In this experiment, the proposed system
was installed and measurements were made in 8 places:
“Toilet, printing room, student room, seminar room, professor
room, secretarial room, convenience store, and cafeteria”. But
in this experiment, we only measure the stationary state of the
rooms in order to estimate which room the user is staying in.
The proposed system performs the intermittent operation that
repeats the operation when power more than a certain level
is accumulated in the capacitor, so the number of times of
writing the time stamp is different. Therefore, the number of
writes per unit time is calculated from the stored time stamp,
and the number of writes per unit time and the generated
voltage of each solar cell are used as feature quantities
of machine learning. We used random forest as a machine
learning algorithm, and performed learning with K-fold crossvalidation. Data is converted from time stamps to the number
of writes per unit time. In addition, since the measurement
error is large immediately after the start of measurement and
immediately before the end of the data, we extract 100 data
from the central portion of the data group. Table II shows
the classification results. From the table, we can state that the
overall result is very satisfactory, with F-value more than 90%.
V. C ONCLUSION
In this paper, using energy harvesting elements as a power
source as well as a sensor, we developed a place recognition
system by utilizing the power generated by energy harvesting
elements. In addition, by using the charging time of the
capacitor as the key feature for evaluation, we achieved place
estimation accuracy as compared to the research of Umetsu
et al. However, since the proposed system operates by using
the generated power, there is a problem that the system stops
when the power generation amount is small, for example, in
places where illuminance is 200 lx or less. Since this problem
is inevitable in the proposed system, we need to design a
mechanism through which the sufficient amount of power
generation. Future prospects include place recognition based
on continuous measurement and development of a smartphone
application for displaying place recognition results in real time.
ACKNOWLEDGMENT

Fig. 4. system flow

A part of this study was conducted with the support of JSPS
research expenses (18H03233) and JST PRESTO (16817861)
TABLE II
R ESULT OF CLASSIFICATION

Fig. 5. Charging time change with generated power

place
toilet
printer room
student room
seminar room
professor room
secretary room
convenience store
cafe
average

precision
0.99
0.83
0.93
0.74
1.00
1.00
1.00
0.94
0.93

recall
0.99
0.91
0.78
0.78
1.00
1.00
0.94
1.00
0.92

f1-score
0.99
0.87
0.85
0.76
1.00
1.00
0.97
0.97
0.92
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