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Abstract— Rapid growth of wireless technologies enabled the 

design of a multitude of wearable devices collecting data on 

individuals’ health, behaviour and practices. All these acquisitions 

may be used for on-line decision making (medical or others) but 

can also be stored and saved for further use in analysis and 

research. Scientists welcome that process and request open but 

secure access to the datasets collected by wearables, however the 

ownership of the data is not clear in many cases, there is a lack of 

standardisation in the content and format of the acquired data and 

practical guidelines for dataset use are often missing. We have 

been confronted with the challenge of acquiring data for research 

on optimisation of fall detection algorithms. We present the 

acquisition procedure and the results of an experimental study 

with 16 subjects performing activities of daily living and of 

simulated falls. The subjects were wearing wireless sensor nodes 

with embedded triaxial accelerometer to track their movements. 

Different features from the accelerometer data were calculated 

and used for evaluating accuracy of fall detection.  
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I.  INTRODUCTION  

In the early stage of their development, wearable sensors 
often were single devices monitoring only one health indicator, 
physiological parameter, fitness or another measurable 
parameter. Later such sensor nodes became integrated into 
closed systems for multiparameter monitoring and/or 
measurement. Integrated data was processed by a 
microprocessor built into one of the sensor nodes which had the 
appropriate embedded sensor. In such an architecture, the data 
followed a pathway from the equipment holder to a defined user 
(usually a health professional) through a defined communication 
channel, and there was an immediate action in case of 
emergency, or the data was stored and saved for later use. But in 
some cases, data was discarded after some time or even deleted, 
especially if it was considered not being medical data but just 
behavioural. With the global increase of storage capacity, 
opening of the “clouds”, and the rapid development of tools to 
access and process large amounts of data from multiple sources 
– big data, the advantages of accessing and analysis options in 
health care were perceived not only for monitoring and 
diagnosis, but in prevention and prediction of diseases and/or 
unwanted events for health or in daily life. In a closed 
monitoring system, the protocols and the structure of the data are 
well defined and easy to use for the end user. Such 

configurations are preferred for clinical settings, e.g. in patients 
who just left the intensive care unit. Aging population, increase 
of prevalence and incidence of chronic diseases and the 
consequential burden to the budget of health care, led to change 
of health care policy: the patients should be serviced at their 
home if possible, again by introduction of appropriate 
technology, accepted by the user. The patient empowerment 
policy, defined by European Patients Forum as a “process that 
helps people gain control over their own lives and increases their 
capacity to act on issues that they themselves define as 
important” [1], certainly anticipates free choice of technology 
and monitoring devices ruled for the most part by user 
acceptance reasoning. The devices which individuals are 
voluntarily wearing for the purpose of monitoring one or more 
physiological, wellness, behavioural or other parameters are not 
any more parts of a closed integrated monitoring system, but 
bought “off the shelf” and widely equipped with connectivity. 
These devices may be considered as data sources from the 
Internet of Things or recently introduced, from the Internet of 
Medical Things. However, the generated repositories which 
contain high potential for research, are mainly not a public good 
but are available to companies mainly in IT sector. 

Interest for research and development activities in fall 
detection have been frequently addressed in the projects 
financed by the EC, e.g. Fallwatch, FATE [3, 4] and they 
confirm the presence of the technology for fall detection on the 
market. However, literature reviews confirm that there is little 
standardised reporting on the sensors used [5]. Also, little of the 
datasets generated in the research has been made available to the 
research community [6], and there is a lack of common 
experimental procedure, guidelines for sensor placement 
resulting in large dissimilarity in the values and format of the 
data resulting in no agreement on referent values in activities of 
daily living (ADL) or for fall detection [7]. Our future work goal 
is to explore the possible causes of these disparities by analysing 
the existing publicly available datasets and by creating our own 
datasets in different conditions (e.g sensor placements, sensor 
ranges…).  

Our recent research activities are associated with monitoring 
of health and providing preventive programs and IT tools for 
diabetic and cardiovascular patients as well as the elderly 
population in general. More details on the monitoring system 
and platform have been published earlier [2, 3]. Promoting 
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physical activity, both for strengthening endurance and power, 
while enabling usage of the same monitoring devices for 
tracking of ADL, brought into consideration inclusion of fall 
detection as a common problem in the vulnerable elderly 
population. We have developed a wireless real-time health 
monitoring and alerting system which minimally interferes with 
the everyday life of the monitored person. The system enables 
generation of warnings upon detecting high risk for the health of 
the monitored person. The aim of the system is monitoring of 
persons at risk both at home and outside, in case they leave the 
home. 

For the purpose of fall detection, motion sensors detect a fast 
change in position which may indicate a fall of the monitored 
person and the real challenge is to generate minimum number of 
false alarms while detecting all falls, i.e. to have both high 
sensitivity and high specificity in the fall detection. In threshold-
based detection algorithms for fall detection, the choice of 
appropriate threshold values is crucial for the achievement of 
acceptable algorithm accuracy. Algorithm threshold values can 
thereby be set by analysing signals recorded from a test group of 
subjects performing ADL and simulated falls as we described in 
our previous work [9]. Procedures we used to acquire the signals 
for threshold selection and the results are further analysed in this 
paper.   

 

II. MATERIALS AND METHODS  

A. Subjects and equipment 

For the purpose of this study, 16 healthy volunteers were 
recruited, 11 males and 5 females. They performed ADL and 
simulated falls in three different fashions. They were informed 
on the procedures in the study and agreed with informed consent. 
The age of the subjects ranged from 15 to 44 (mean 23.1, std 
6.7), height from 159 cm to 192 cm (mean 176.4, std 8.9) and 
body mass 55 kg to 93 kg (mean 75.2, std 12.8).  

The subjects were carrying a Shimmer3 sensor node 
(ShimmerSensing, Dublin, Ireland) inertial measurement unit 
(IMU) attached to the right hip with a Velcro belt. The waist has 
been referred to be the optimal position for accelerometer based 
fall detection [8]. The IMU was fitted to the body with the axis 
oriented as shown in Figure 1. 

Shimmer3 contains a triaxial accelerometer, triaxial 
gyroscope, triaxial magnetometer and an altimeter [10]. The 
sensor node has two types of accelerometers embedded: a wide 
range accelerometer with selectable measurement range from 

2g to 16g and a low noise accelerometer with sensitivity 2g 
and less noise). Wide range accelerometer was used for the 

measurements at the selected range of 8g. Data from sensors 
were sampled with a rate of 204.8 Hz and streamed via 
Bluetooth to a PC. 

B. Experiment protocol  

Subjects were asked to perform 15 tasks. Twelve activities 
were considered: walking, fast walking, running, fast running, 
jumping, jumping over obstacles, sitting down, standing up from 
sitting position, lying down, getting up  

 

 

 

 

 

 

 

 

 

 

 

 

 

from lying position, walking down the stairs and walking up the 
stairs and they were followed by three simulated falls on a 
trainer. Three types of falls were simulated by falling on a 2 cm 
thick tatami mat: forward fall, sideways fall and backward fall. 
All activities were conducted in a safe laboratory environment 
as shown in Figure 2. Data from each subject was recorded 
during the sessions. Data was gathered and processed with a 
GUI implemented in Matlab. 

 

Figure 1. Sensor placement - Y axis was pointing up (vertical), X axis 

was pointing backward (antero-posterior plane) and Z axis was pointing 

away from the body (medio-lateral plane) 

Figure 2. Plan of the laboratory setting where the ADL and simulated 

falls were performed in a row: 1) walking, 2) fast walking, 3) running, 4) 
fast running, 5) jumping, 6) jumping high, 7) sitting down, 8) standing up 

from sitting possition, 9) lying down, 10) getting up from lying position, 

11) falling forward 12) falling sideways 13) falling back (walking up and 

down the stairs has been performed separately outside of the laboratory) 
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C. Signal Delimitation 

All the signals were acquired by performing the actions of 

ADL and simulated falls in a row in order to speed up the 

measurement process. For the signals to be used for fall 

detection analysis, the signals had to be delimited in separate 

files containing only one activity or simulated fall. Matlab was 

used to manually delimit the signals by the researchers that 

conducted the measurements with subjects. 

D. Features 

From the acquired raw acceleration signals, we calculated 
the parameter Acceleration Gravity Sum Vector Magnitude 
(AGSVM) using the following equation according to [11]: 

𝐴𝐺𝑆𝑉𝑀(𝑛) =
𝜃(𝑛)

90
∙ 𝐴𝑆𝑉𝑀(𝑛) 

 
where Acceleration Sum Vector Magnitude (ASVM)  is 
calculated by: 
 

𝐴𝑆𝑉𝑀(𝑛) = √𝑎𝑥2(𝑛) + 𝑎𝑦2(𝑛) + 𝑎𝑧2(𝑛), 

and the Euler angle (𝜃) between the vertical device axis and 

the direction of gravitational field is obtained from: 
 

𝜃(𝑛) = tan−1(
√𝑎𝑦2(𝑛) + 𝑎𝑧2(𝑛)

𝑎𝑥2
) ∙

180

𝜋
 

where ax(n), ay(n), az(n) represent x, y and z acceleration 

components of the n-th sample. 

 
Each feature was calculated using accelerometer 

measurements from all subjects and experimental sessions. For 
the calculation of theta, a four-quadrant inverse tangent function 

was used that returns values in the closed interval [-,]. 

III. RESULTS AND DISCUSSION 

From all subjects, AGSVM values were calculated for every 
activity and simulated fall. From each signal recording that 
contained only one activity/fall, the maximal values of AGSVM  
were extracted and were used to plot the boxplot of the acquired 
dataset as shown in Figure 3. 

The boxplot shows high differences in the distribution and 
large values of outliers. Though some median values from ADLs 
involving lower effort from the performers (e.g. 2, 5-8 and 10-
12 in Fig.3) might be used for successful threshold based 
differentiation of those activities from falls (13 – 15 in Fig. 3), 
there is still overlapping of overlay values, e.g. 7 in Fig. 3. In 
ADLs requiring more effort (1, 3-4, 9), median values are close 
to those of the simulated falls. Large differences within the 
recorded group indicate the need for personalized determination 
of features to be used in fall detection and to use more complex 
threshold and machine learning algorithms. 

The authors are aware of the limits of the experiments 
performed for this study. In order to learn more on the 
repeatability of recorded data for these activities within the 
group and deviations in data from a single subject, additional 
recording of ADLs and simulated falls are planned in the 

continuation of the study. In such a way we plan to obtain large 
datasets from younger population without any known 
dysfunctions and to build a well described database. In addition, 
we plan to organize structured acquisition of ADL and fall data 
from elderly population in order to obtain more realistic datasets.  

ACKNOWLEDGMENT  

We thank all the subjects for their participation in the signal 
acquisition process and the Taekwondo club Cigra that provided 
the space and equipment necessary for the measurement process. 

REFERENCES 

 
[1] http://www.eu-patient.eu/whatwedo/Policy/patient-empowerment/, 

accessed 22nd December 2017 

[2] Šeketa G., Džaja D., Žulj S., Celić L., Lacković I., Magjarević R. (2015) 
Real-Time Evaluation of Repetitive Physical Exercise Using Orientation 
Estimation from Inertial and Magnetic Sensors. In: Jobbágy Á. (eds) First 
European Biomedical Engineering Conference for Young Investigators. 
IFMBE Proceedings, vol 50. Springer, Singapore 

[3] Zulj S. et al. (2017) Supporting Diabetic Patients with a Remote Patient 
Monitoring Systems. In: Torres I., Bustamante J., Sierra D. (eds) VII Latin 
American Congress on Biomedical Engineering CLAIB 2016, 
Bucaramanga, Santander, Colombia, October 26th -28th, 2016. IFMBE 
Proceedings, vol 60. Springer, Singapore 

[4] http://cordis.europa.eu/result/rcn/58267_en.html, accessed 22nd 
December 2017 

[5] https://ec.europa.eu/digital-single-market/content/fate-monitoring-
devices-helping-fall-detection, accessed 22nd December 2017 

[6] Patel S, Park H, Bonato P et al (2012) A review of wearable sensors and 
systems with application in rehabilitation. J. Neuroeng. Rehabil, vol. 9, 
no. 1, pp. 21-38 

[7] Casilari E, Santoyo-Ramón JA, Cano-García JM. Analysis of Public 
Datasets for Wearable Fall Detection Systems.Sensors (Basel). 2017 Jun 
27;17(7). pii: E1513. doi: 10.3390/s17071513. 

Figure 3. Boxplot of AGSVM values for falls and activities of daily 

living. Maximum whisker length is specified as 1 times the interquartile 

range. The vertical axis are values of the AGSVM parameter are in units 

of gravitational constant (g). Horizontal axis represents following 

activities/falls: 1-fast run, 2-fast walk, 3-high jump, 4-jump, 5-lie down, 6-
stand up from lying, 7-sitting down, 8-standing up from sitting, 9-slow run, 

10-walking up the stairs, 11-walking down the stairs, 12-slow walk, 13-fall 

on the back, 14-fall forward, 15-fall sideways 

 

59



[8] Pannurat N, Thiemjarus S, Nantajeewarawat E (2014) Automatic Fall 
Monitoring: A Review. Sensors (Basel) vol. 14, issue 7, pp. 12900-12936 

[9] Seketa G, Vugrin J, Lackovic I. (2017) Optimal Threshold Selection for 
Acceleration-based Fall Detection. 3rd International Conference on 
Biomedical and Health Informatics, ICBHI 2017; Thessaloniki; Greece; 
18 November 2017 through 21 November 2017. IFMBE Proceedings 
Volume 66, 2018, Pages 151-155 

[10] Shimmer Sensing Webpage, URL: www.shimmersensing.com, accessed: 
15.9.2017 

[11] N. H. Kim and Y. S. Yu, “Fall recognition algorithm using gravity-
weighted 3-axis accelerometer data,” Journal of theInstitute of Electronics 
and Information Engineers, vol. 50, no. 6, pp. 254–259, 2013. 

 

 

60


