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Automatic Activity Report Generation System

using BLE Beacon∗

Tatsuya Morita

Abstract

As the world’s population of senior citizens continues to grow, the burdens

on the professionals who care for them (carers) are also increasing. In nursing

homes, carers often write daily reports to improve the resident’s quality of life.

However, since each carer needs to simultaneously care for multiple residents, they

have difficulty thoroughly recording the activities of residents. In this thesis, we

address this problem by proposing an automatic daily report generation system

that monitors the activities of nursing home residents. The requirements for the

system in nursing homes are: it is possible to identify multiple residents(Req

1), it requires no complicated operation and the burden of wearing is light(Req

2), it does not violate resident’s privacy (Req 3), it can be introduced at low

cost(Req 4), and it can respond to new residents immediately(Req 5). In order to

sastisfy these five requirements, we propose Bluetooth Low Energy (BLE) beacon

based activity recognition system. The proposed system estimates the multiple

locations (areas) at which residents are situated with a BLE beacon through a

variety of methods for analyzing the RSSI values of BLE signals and recognizing

the activity of each resident from the estimated area information. In addition,

in the BLE beacon, we implemented a classifier which recognizes the following

action: “sit,” “stand,” and “walk.” That is, our BLE beacon can recognize what

∗Master’s Thesis, Graduate School of Information Science, Nara Institute of Science and

Technology, NAIST-IS-MT1651114, March 15, 2018.
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kind of actions the resident perform. The recognized information is stored in a

database with timestamps. Then, the server automatically generates daily reports

based on them. The requirements are satisfied as follows: The BLE beacon can

identify residents by ID (Req 1), it is compact and lightweight and does not

require operation (Req 2), only radio waves are used (Req 3), only low price

devices are used compared with smartphones (Req 4), and it is robust against

individual difference (Req 5).

To show the effectiveness of the proposed system, we conducted an experi-

ment for five days with four participants in cooperation with an actual nursing

home. We evaluated the proposed system’s effectiveness through 1) comparison

of machine-learning algorithms, 2) comparison of smoothing methods, 3) compar-

ison of time-windows, and 4) evaluation of generated daily reports. Evaluation

experiments relvealed the most effective combination pattern among 156 patterns

to accurately generate daily reports at F-measure of 80 %.

Keywords:

activity recognition, indoor localization, BLE Beacon, machine learning, nursing

home
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