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ABSTRACT

This research aims to early detect falls based on the rapid acceler-
ation changes using the threshold based approach, using a single
accelerometer. We propose the Acceleration Change-based Falls
Detection Algorithm (ACFDA). The ACFDA observes and detects
the rapid change of acceleration in vertical axis and the average
value of signal magnitude vector of acceleration to differentiate falls
from other activities of daily life (ADL). Initial results demonstrates
that our algorithm achieved 100% of sensitivity, 95.65% of specificity
and 96.35% of accuracy when tested with a total of 44 intentional
falls and 230 ADLs in 32 datasets. Future work will focus on devel-
oping other strategies to reduce false alarms for improving both
specificity and accuracy of the algorithm while still maintaining
100% of sensitivity.
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1 INTRODUCTION

According to the United Nations (UN), the population all over the
world are aging rapidly, with the increase of 48% in the number of
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people over 60 years old from 2000 to 2015, and this proportion is
estimated to be around 55% and 133% in the period of 2015 - 2030
and 2015 - 2050, respectively [8]. This trend has led to the need of
developing intelligent healthcare applications for older adults to
support their daily living more independent and safer. Falls are one
of the health problems that affect many older adults in the world.
According to the World Health Organization report, about 28-35%
people aged over 65 and 32-42% people aged over 70 experience falls
each year [1]. Previous studies show that almost 50% of the old aged
have a minor injury after falling, while about 25% of them have a
more serious injury such as fracture [10]. Falls may cause injury
related death to people aged over 79 [15] as well as hospitalization
among older adults [4]. In a research conducted by Vellas et al.,
statistics show that 70% of the old aged fallers could not get up
without support, although 47% of them experienced a non-injured
fall [29]. This research also reports that the capability of admitting
to hospital increases if the fallers remain helpless on the ground
for a longer time. This long lie time may lead to hypothermia,
dehydration, broncho-pneumonia and pressure sores [23], [27]. It
is found to be a marker of weakness, illness and social isolation as
well as to be related to high mortality rates among the old aged [19].
As indicated in [19], more than 20% of the fallers who had been
on the floor for an hour or more admitted to hospital and their
morbidity rates within 6 months were very high. Falls affect not
only patients’ physical health but also their mental health such
as the fear of falling and social isolation among them [17] or the
fear and loss of independence [6]. For this reason, falls detection
systems are necessary to older adults, especially to those who live
alone. These systems can monitor patients’ daily activities, detect
falls automatically and alert their family’s members or caregivers if
a fall is detected. Hence, the fallers can be supported timely and the
consequence of the fall can be minimized. For example, the lying
time on the floor of patients may be reduced [12].

In recent years, falls detection systems have drawn significant
attention of researchers and technologists with the dramatic in-
crease in the numbers of studies on this application. Falls detection
systems operate based on discriminating between falls and Activ-
ities of Daily Living (ADL). In these systems, data which can be
acceleration signals, images, pressure signals,... are collected by sen-
sors and are processed and classified into fall events or ADLs [12].
Based on the devices used, falls detection systems can be classi-
fied into three groups including ambient devices based systems,
camera based systems, and wearable devices based systems. In the
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first type, ambient devices such as pressure sensors, PIR sensors,
Doppler radars, microphones are used to detect falls. These ambient
sensors are cheap and non-invasive, however the major limitation
of ambient device based systems is the effect of environmental fac-
tors on their accuracy [28]. The second type, using cameras, tracks
users’ movements and detect falls based on the inactive state of
users for a long time. Although these systems are less invasive, the
spatial coverage and privacy are the main disadvantages of them.
Frequently, accelerometers and/or gyroscopes are used in the last
type to monitor users’ motion and differentiate falls from normal
daily activities. Wearable devices are portable, cheap and easy to
use, however users need to wear them all the time to avoid false
alarms.

Wearable devices can be smartphones or other devices such
as watches, belts, waists, etc. with embedded motion sensors for
detecting posture and motion of the body. Most motion sensor-
based systems use accelerometers, and some of them incorporate
sensors such as gyroscopes or magnetometers. Information about
the gait, balance, and position of users can be analyzed in order to
identify falls. Wearable devices - based solution is known as the
more preferable solution than others due to its advantages including
high accuracy and mobility [21]. Many studies employ multiple
accelerometers [3], [14] or a combination of accelerometers and
gyroscopes [18] to observe motion patterns of the patients. In these
studies, it is argued that the accuracy of activity classification will
increase when the number of sensors increases. However, a large
number of sensors may result to the patients’ inconvenience.

Many studies use accelerometers which are independent devices
or embedded in smartphones to collect changes in acceleration.
A fall is detected when the Signal Magnitude Vector (SMV) of ac-
celeration in all three dimensions (X, Y, and Z) exceeds a critical
threshold [5], [31]. Other research relies on both threshold and
detection of body orientation after a fall [13], [25] or develops
machine learning algorithms to detect falls [21], [28].

In this paper, we proposed a falls detection algorithm based on
data collected from a single accelerometer which is called Accel-
eration Change-based Falls Detection Algorithm (ACFDA). The
unique feature of our algorithm is that it observes the rapid
change between the maximum and minimum values of acceler-
ation in vertical axis and the average value of SMV to identify falls
from other movements. The tested results show that our proposed
algorithm achieves high sensitivity, specificity, and accuracy without
using any complex computations.

The rest of the paper is organized as follows. Section 2 summa-
rizes some of the existing research on falls detection systems that
used wearable sensing devices. Furthermore we discusses the two
types of algorithms that are employed in many of these systems.
Section 3 presents the processes of data collection and data analy-
sis and proposed our falls detection algorithm ACFDA. Section 4
explains the pilot testing of our proposed algorithm including ex-
perimental results and discussion. The limitations of this work and
future direction is proposed in Section 5.

2 RELATED WORK

Falls detection systems based on wearable devices use data from
sensors that are worn by the users or integrated in the clothes. Most
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of the wearable sensors used are in the form of accelerometer de-
vices [12]. The accuracy of the systems depends on the sensors used
and the type of classifications [28]. This section explores current
work on wearable devices - based falls detection systems.

2.1 Sensing Techniques

In falls detection applications that rely on wearable sensors, activi-
ties are detected using either motion sensors that are integrated in
smartphones or external motion sensors which use accelerometers.

2.1.1  Smartphone-based systems. Smartphones are widely used
to detect falls in many systems due to their cost-effectiveness and
availability. Smartphones integrate inexpensive MEMS sensors in-
cluding accelerometer, gyroscope, compass, magnetometer, proxim-
ity light and pressure sensors. These sensors provide computational
capabilities and allow different algorithms to be applied to increase
the accuracy of the systems [28].

A falls detection using both accelerometers and smartphone
is demonstrated in the study of Basili et al. [5]. The position of
the person (sitting, standing or lying) can be estimated based on
the orientation of the smartphone and the orientation of the ac-
celerometer with respect to the vertical position. A possible fall is
considered based on comparing the acceleration magnitude of the
smartphone and the vertical acceleration component of the device
with 5 threshold values.

Kau and Chen [16] proposed a falls accident detection and rescue
system using a tri-axial accelerometer and an e-compass embedded
in the smartphone for acquiring the posture of motion activities
for older adults. When a fall is detected, a loud sound as a warn-
ing signal will be sent out. Simultaneously, the current position
and important personal information of the patient will be trans-
mitted to the coordination center via 3G network. To distinguish
fall events between ADLs, four features were applied in the pro-
posed algorithm including the reference points for the sampling
of SMV sequence, the slowly varying waveform of SMV, and the
pitch which is the angle between the Y-axis and the ground. In
addition, authors proposed to use frequency component analysis
in the classification process for higher accuracy. Experimentations
were conducted 50 times for each of the nine different kinds of
activities consisting of a fall down event, running, walking, sitting
down, going upstairs, going downstairs, treading, jumping, and
wavering the smartphone. The system’s performance can achieve
up to 92% of sensitivity and 99.75% of specificity.

In a research conducted by Yildirim et al. [31], authors designed
a falls detection application using a smartphone. This application
can run on any Android devices that have an accelerometer and
ability to make calls and send SMS. A fall is detected using a single
threshold for SMV. In order to limit false alarms, an extra screen
is applied to ask if the user is OK or not after detecting a fall. The
testing experiment is performed by 5 people doing five times for
each of the following activities: falling, walking, sitting, jumping,
lying, and climbing stairs. Results show that the system has missed
9 out of 25 falls, and there are 7 out of 25 jumping times which were
identified as falls.

Reusing the sensing and computing capabilities of smartphones
is a cost-effective and easy-to-deploy way of implementing falls
detection systems [6]. However, the capability of the embedded
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sensors, especially with built-in accelerometer are still under discus-
sion and the system’s performance strongly relies on the quality of
the embedded sensors. In addition, information about the manufac-
turer model or the features of the installed sensors in smartphones
are not disclosed which makes it difficult to validate the accuracy of
the systems. Moreover, the range of built-in accelerometers hardly
reach 2g compare to a typical range between 6g and 16g of external
accelerometers. This is one of the limitations of smartphone - based
falls detection systems [6].

2.1.2  Accelerometer-based systems. Accelerometer is the most
widely used device to detect falls out of wearable devices [20]. Accel-
eration data are collected during falls and ADLs using independent
tri-axial accelerometers attached to different parts of the body. The
number of published studies based on accelerometers are higher in
comparison with smartphone - based systems [12].

Kangas et al. [14] proposed three fall detection algorithms based
on data provided by a single accelerometer. To detect a fall, two or
more of these following phases of the acceleration changes occur-
ring during an accidental fall including Start, Impact, Aftermath, and
Posture phase [22] are taken into account. These four phases can ar-
ticulate whether a person is stable or experiences an accidental fall.
In the first algorithm, a fall is detected if a possible impact occurs
and follows a horizontal posture after that. While the second and
the third algorithms detect start, impact, and posture phases. All the
above algorithms are based on the detection of the posture phase
which shows the different orientation of the subject’s body after a
fall. Data from a single 3-axis accelerometer can provide posture
phase detection. However, the accurate estimation of orientation of
the subject may not be obtained by these data, especially in cases
users are trembling or rapidly moving the accelerometer [22].

In the study conducted by Ozdemir [21], a total of 2520 records
of fall dataset was collected from 14 volunteers with six sensor units
placed on different parts of the body including head, chest, waist,
right wrist, right thigh and right ankle. The volunteers performed
36 sets of movements consisting of 16 ADL sets and 20 fall sets
with five repetitions to determine the best sensor positioning for
wearable fall detection devices. Applying this dataset on six ma-
chine learning techniques, namely the k-nearest neighbor (k-NN)
classifier, Bayesian decision making (BDM), support vector ma-
chines (SVM), least squares method (LSM), dynamic time warping
(DTW), and artificial neural networks (ANNSs), the classification
performances of six sensors are investigated. Results show that
waist is found to be the most suitable position for sensor placement
on the body with 99.96% of sensitivity by using k-NN classifier.

A fall detection system base on a tri-axial accelerometer MMA
7260 is designed in [24]. The system can detect the actual fall and the
possible fall direction such as frontward falls, backward falls, and
lateral falls. An actual fall is assumed when the acceleration value
reaches to the positive or negative thresholds in X or Y directions.
The minimum absolute value of thresholds is set to be 1.5g in
cases of fast falls and medium falls. For testing, a total of 100 fall
experiments are performed for five sets of threshold values. The
algorithm achieves the correct detection rate of 95% for frontward
falls, 98% for backward falls, 87% for left-side falls, and 88% for
right-side falls. However, it is not easy to determine the direction of
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the falls if the falls having direction that does not align with front,
back, left, and right directions occur.

2.2 Falls Detection Techniques

Falls detection systems operate based on the principle of distinguish-
ing falls from other conventional movements which are called ADLs.
Falls detection techniques can be classified into two categories:
threshold-based approaches and pattern recognition methods [9].
Threshold-based algorithms compare one or several magnitudes
captured by the motion sensors with certain thresholds to make de-
cision about activities detection. Pattern recognition methods base
on diverse classification techniques such as SVM [16], [21], [28],
k-NN [21], [28], ANNs [21], [28], Naive Bayes classifier [28], deci-
sion trees [32], Hidden Markov Models (HMM), fuzzy logic. These
methods comprise Artificial Intelligence, rule-based algorithms
and machine learning-based algorithms [6]. Some of the threshold-
based algorithms and machine learning-based algorithms that are
applied widely in existing wearable devices-based falls detection
systems are considered below.

2.2.1 Threshold-based Algorithms. Threshold-based algorithms
are applied in many existing falls detection application using wear-
able sensors such as smartphones [5], [31], or external accelerome-
ters and other sensors [13], [14], [24]. In [13], authors determined
thresholds for total sum vector, dynamic sum vector, fast changes
in acceleration signal, and vertical acceleration for falls detection
algorithms using data gathered by a single accelerometer. A fall
is detected by comparing one of the above four parameters with
their defined thresholds and checking lying posture after falling.
Results show that the algorithms can achieve high sensitivity and
specificity up to 100%. However, the algorithms use both threshold
comparison and posture detection.

Basili et al. [5] proposed a system consists of a smartphone
and a 3-axis accelerometer to detect falls. In this system, authors
determine a low threshold for the vertical acceleration component
of the device and four thresholds for the acceleration magnitude of
the smartphone including: a low threshold and a up threshold for
falling state, a low threshold and a up threshold for lying state. Each
activities (sitting, lying, standing up, going upstairs and downstairs)
was performed 20 times, while falling was performed 41 times.
Threshold values are set for three settings: a reference example (A),
an optimization of specificity (B), and the best value of the sum of
sensitivity, specificity and accuracy (C). Results show that in setting
B, no wrong fall has been detected but the system has 8 missed falls.
In converse, the system has detected all the real falls correctly and
has some false positives in setting C.

Authors in [11] presented a falls detection algorithm based on a
wearable sensor system comprised of a 3-axis accelerometer and a
gyroscope. Critical thresholds for total sum acceleration vector and
angular velocity are used for detecting a fall with optimal sensitivity
and specificity. Experiments were performed on 27 young healthy
subjects and 9 middle-age subjects with the sensors attached on the
chest. Movements such as standing, walking, sitting down, standing
up, stepping, and running and 4 different falls (forward, backward,
right/left side) were conducted. Experimentations show that the
proposed algorithm can detect falls with 96.3% sensitivity and 96.2%
specificity.
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In [25], authors develop a falls detection system using the Bosch
BMIO055 tri-axial accelerometer. The vector sum of acceleration
data is compared with two thresholds to check the Free Fall and
Impact states. A fall is detected when a free fall state is followed
by a strong impact state and a horizontal posture. An experiment
with ten healthy people was done to test the performance of this
algorithm. The performed falls are backward, sideward and forward,
and the performed ADLs are walking, sitting, jumping, going upstair
and downstair. In this experiment, 14 falls out of 150 falls were
identified as ADL and all 250 ADLs were classified correctly. The
system achieved 91% of sensitivity and 100% of specificity. The false
negatives mostly are caused by the simulation of falls, especially
by simulating forward falls.

Threshold-based algorithms are simple to implement and have
minimal computational work [12]. Falls detection systems using
smartphones are mainly limited by computing and storage capa-
bilities. Hence, threshold-based algorithms are preferred in these
systems. A simple application run in smartphones can implement
threshold comparison straightforwardly and in real-time [6]. How-
ever, fall detection focusing only on large acceleration can result
in many false positives. For example, the average value of SMV
during running (2.3-2.8g) overlaps with this value during falling
(2.4-5.4g) [11]. To reduce false alarms, many works rely on detec-
tion of body orientation after falling . However these systems may
be affected by activities with similar postures such as sleeping,
reclining [11].

2.2.2  Machine learning-based Algorithms. In a study conducted
by Vallabh et al. [28], the differentiation between falls and ADLs
(including standing, walking, jogging, jumping, walking upstairs,
walking downstairs and sitting on a chair) was performed using
the MobiFall dataset. A total of 38 features were extracted from
the dataset and were filtered to find the most useful features. Five
features consisting of z median, x mean, y mean, x median, and
skewness of SMV were used to train the classification models. Five
different classification algorithms including Naives Bayes, k-NN,
LSM, ANN, and SVM were implemented and evaluated. Results
show that with an accuracy of 87.5%, sensitivity of 90.70% and
specificity of 83.78%, k-NN is the best classifier. Compare to LSM
and Naive Bayes, the k-NN, ANN, and SVM had the better accuracy
and are viable options for implementation.

Yuan et al. [32] proposed a fall detection algorithm and an ADL
classification algorithm for accelerometer-based systems. Fall de-
tection algorithm sets thresholds for six states including FO - resets
state, Activity, Inactivity, Free Fall, FIFO, and Trigger. ADL classifi-
cation algorithm is developed based on decision tree learning. Pilot
tests with a device worn on person’s left wrist was performed re-
peatedly 20 times. The results show that the system has one missed
fall when walking and walking upstair, and has three missed falls
when walking downstair. Three picking up and putting down ob-
jects are identified as false positives. The proposed algorithms are
more power-efficient than conventional algorithms due to allowing
to process accelerometer data completely locally. However, these
algorithms need to be developed for eliminating false negatives.

Compare to threshold-based algorithms, machine learning based
algorithms are more sophisticated, however if they lead to bet-
ter detection is questionable. Nevertheless, the machine learning
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algorithms demand high mathematical skills and are computation-
ally intensive [12] that may not respond in real-time [11]. Results
from [4] show that all the five machine learning algorithms in their
research (Logistic Regression, Naive Bayes, k-NN, Decision tree, and
SVM) provided sensitivity and specificity of at least 90%, while the
studied threshold-based algorithms (Kangas2Phase, Kangas3Phase,
BourkeUFT, BourkeLFT, and Bourke4Phase) have sensitivity and
specificity from 0 to 100%.

The effectiveness of machine learning algorithms versus thresh-
old based is not the focus of this paper, but based on the literature
review above we decided to apply threshold based approach as it
offers more accuracy and simplicity. We also found the algorithms
in the studies reviewed are not clearly documented, therefore we
not only present the experimentation data, but a clear articulation
of the algorithm is accompanied in the following sections.

3 DESIGN

The scope of this study is to determine the parameters and thresh-
olds for falls detection, using motion data measured by an ac-
celerometer.

3.1 Preliminary

In many falls detection algorithms based on threshold approach,
falls are identified by comparing SMV with upper and/or lower
thresholds [5], [11], [13], [25], and the thresholds are determined by
experimentation in many studies [11]. Similarly, this study gathered
motion data using a single tri-axial accelerometer and analyzed the
collected data to investigate the difference between accelerations in
falling and ADL. The results were used to develop our algorithm.

3.1.1  Data Collection. Intentional falls including forward, back-
ward, left-side and right-side falls and ADLs including walking,
sitting, standing and lying were performed by one subject (female,
aged 36 years). Accelerations during these activities were measured
with the accelerometer fixed on the chest of the person which is
the same place as in [11], [16]. The position of the accelerometer
was identical all the times when data were collected.

Data collection was performed in the two following steps:

Step 1: Collecting sample patterns. Accelerations were collected
in this step for data analysis in order to identify the difference in ac-
celeration between falling and ADL. Each activity was performed 20
times at different locations. Walking, standing, and sitting were per-
formed separately, each event was recorded in a 60-second dataset.
While each fall event was performed along with a lying state af-
ter that with a total of 20-second duration. The number of each
activities in sample patterns is summarized in Table 1.

Table 1: Number of activities in sample patterns

Activities Number

Walking 20
Standing 20

Sitting 20
Lying 20
Falling 20
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Table 2: Number of activities in test patterns

Activities Falling Idle Standingup Walking

Number 44 126 56 48

Step 2: Collecting test patterns. In this step, data was collected
from the same subject for testing the performance of the proposed
falls detection algorithm. 32 datasets was recorded, each dataset con-
sists of a mixed set of activities (walking, sitting, standing, falling,
lying, standing up). A total of 44 intentional falls and 230 ADLs
collected for testing is summarized in Table 2. These patterns are
used for validation to determine the sensitivity, specificity, and
accuracy of ACFDA.

3.1.2  Data Analysis. Data analysis was performed using MAT-
LAB program to find the maximum, minimum, and average values
of accelerations in each axes and in the SMV for each of the follow-
ing activities: falling, walking, standing, sitting, and lying. SMV is
calculated from sampled data as indicated in Eq.[1]:

SMV =/x% + y? + 22 (1)

Where x, y, z are normalized accelerations in X, Y, and Z axes.
Raw accelerations gathered by the accelerometer are normalized
from digital count into gravity unit (g) as illustrated in Eq.[2].

[g] (2

a
a_normalized = ——
1024

Where a is raw accelerations in each axis.

Algorithm 1 summarizes the data analysis process. Raw accelera-
tion data collected in sample patterns are loaded from accelerometer
to a computer (line 1) and are converted to gravity unit (line 2).
SMV is calculated for each sample point (line 3). The maximum,
minimum, and average values of accelerations in each axis (x, y, z)
and in the SMV are identified (line 4).

Algorithm 1 Pseudocode code for Data Analysis

Input: Raw data (¢, Ax, Ay, Az) from Accelerometer.
Output: max, min, average of x, y, z, SMV.
Method:
1: Receive raw data (t, Ax, Ay, Az) from Accelerometer.
2: Convert raw accelerations (Ax, Ay, Az) into normalized accel-
erations (x, y, z), Eq. [2].
3: Calculate SMV, Eq. [1].
4: Find max, min, average of x, y, z, SMV.
5. When End of data = Exit.

Table 3 summarizes accelerations in falling patterns. All the
values in this table are in gravity (g). Each row of this table illustrates
the data analysis results of each falling pattern.

Accelerations of falling patterns from Table 3 are represented
in the form of quartile box as shown in Figure 1(a). Similarly, ac-
celerations of ADL patterns including walking, standing, sitting,
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Figure 1: Accelerations in falling and ADL patterns

and lying are represented in Figure 1(b), 1(c), 1(d), and 1(e), respec-
tively. The summarized acceleration tables for these patterns are
not illustrated in this paper.

From Figure 1, it can be seen that SMV of acceleration in standing,
sitting and lying patterns are nearly the same at around 1g. These
activities are grouped into one state called Idle.

Additionally, from Figure 1, it can be seen that SMV in falling
patterns ranges from 0.01g to 7.95g, a lot more fluctuation com-
pared with the Idle state. In addition, the average value of SMV in
falling patterns is above 1.1g, while this value in other activities is
around 1g. However, the majority of falling patterns has SMV value
between 0g and 3g which has some overlapping with this value



MobiQuitous 2017, November 7-10, 2017, Melbourne, VIC, Australia H. Nguyen et al.

Table 3: Accelerations in falling patterns

Activities x_max x_average X _min y_max y_average y_min z max z_ average z_min SMV_max SMV_average SMV_min

Fall1 1.50 0.01 -1.57 1.56 0.44 -0.77 2.67 0.96 -0.47 2.84 1.31 0.24
Fall2 1.41 0.04 -1.13 1.48 0.52 -0.59 2.75 0.77 -0.41 2.80 1.19 0.14
Fall3 1.46 0.03 -1.09 1.76 0.43 -0.76 5.14 0.88 -0.34 5.63 1.24 0.22
Fall4 0.73 -0.02 -1.46 2.92 0.50 -0.71 4.93 0.81 -0.39 4.95 1.22 0.19
Fall5 1.32 0.07 -1.36 2.30 0.44 -0.93 3.72 0.86 -0.23 3.97 1.23 0.23
Fall6 1.13 -0.06 -2.30 3.97 0.32 -2.08 2.36 -0.10 -4.17 491 1.35 0.18
Fall7 0.65 0.04 -0.91 3.27 0.47 -1.49 1.28 -0.08 -3.35 4.02 1.23 0.17
Fall8 1.04 -0.17 -1.96 4.88 0.36 -1.99 2.64 -0.04 -3.05 5.11 1.30 0.15
Fall9 0.91 -0.01 -1.75 4.57 0.54 -1.90 2.86 0.00 -2.43 4.73 1.33 0.10
Fall10 0.82 0.01 -1.29 2.00 0.42 -1.70 2.21 0.20 -3.40 3.64 1.30 0.08
Fall11 0.90 -0.18 -2.45 3.63 0.56 -0.95 1.63 0.05 -1.54 3.99 1.14 0.08
Fall12 1.20 -0.18 -2.11 2.49 0.54 -1.11 1.52 -0.05 -1.70 2.95 1.18 0.10
Fall13 0.85 -0.15 -2.72 2.57 0.59 -1.58 1.54 0.03 -1.79 3.02 1.15 0.01
Fall14 0.95 -0.14 -3.36 2.48 0.58 -1.28 1.85 0.12 -0.99 3.53 1.11 0.12
Fall15 0.96 -0.11 -3.71 4.00 0.60 -1.97 1.79 0.13 -1.75 4.38 1.19 0.15
Fall16 6.61 0.31 -1.27 2.38 0.58 -1.13 1.39 0.18 -1.96 6.74 1.21 0.16
Fall17 7.66 0.42 -1.23 1.91 0.44 -1.04 1.56 0.21 -2.14 7.95 1.29 0.12
Fall18 6.25 0.36 -1.14 1.99 0.49 -1.64 2.53 0.12 -3.52 7.24 1.26 0.08
Fall19 5.41 0.44 -0.90 1.97 0.45 -1.91 1.77 0.14 -2.78 5.97 1.24 0.13
Fall20 441 0.41 -1.01 1.98 0.40 -4.27 1.73 0.09 -3.14 5.01 1.24 0.05

3.2 Acceleration Change-based Falls Detection
Algorithm (ACFDA)

In this paper, we proposed our algorithm based on defining thresh-
olds for the rapid change of acceleration in vertical axis (y_diff)
and the average value of SMV (SMV_average) which is summarized
in the pseudo-code below. This algorithm allows to identify falls
from normal daily activities including walking, standing, sitting,
| _ lying and standing up after falling. The algorithm was computed
in MATLAB program.

~
T
L

y_diff [g]

P

——

0 ——

C \ . L ] Algorithm 2 Pseudocode code for ACFDA

Falling Walking Idle Input: Raw data (¢, Ax, Ay, Az) from Accelerometer.
Output: Falls detection results.
Figure 2: Difference between maximum and minimum val- Parameters: window length (w); threshold for y_dif f (thy);
ues of acceleration in vertical threshold for SMV _average (ths).
Method:

1: Initialize parameters:

w = 2s; thy = 2.0g; ths = 1.1g.

2: Receive raw data (¢, Ax, Ay, Az) from Accelerometer.

3: Convert raw accelerations (Ax, Ay, Az) into normalized accel-
erations (x, y, z), Eq.[2].

4: Analyze the normalized data in each 2s window to find:
y_max; y_min; y_average; y_diff; SMV (Eq.[1]);
SMV _average.

5: If (y_dif f >= thy) and (SMV _average >= thg) then Falling.

6: Else Normal activities.

7: When End of data = Exit.

in walking patterns. On the other hand, the acceleration in y-axis
(y-axis is the vertical direction corresponding with the position
of the accelerometer) has more fluctuation compared with other
activities.

The rapid change of acceleration in vertical axis (y_diff) in falling,
walking, and Idle states was calculated using the difference between
the maximum and minimum values in the period of time that ac-
tivities occurred. These changes of falls and ADLs are shown in
Figure 2. As being illustrated in this Figure, acceleration in vertical
axis in falling activity has the most fluctuation which is usually
larger than 2g. While this value in walking activity and Idle state
are around 1g and 0g, respectively. There is no overlapping in this The first step (line 1) initializes parameters used in this program
Figure, which helps us propose ACFDA. including window length, threshold for y_diff and threshold for
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SMV_average. Raw data collected from the accelerometer in the
format of .csv files are loaded into the program (line 2). Raw accel-
erations are divided by 1024 to obtain normalized accelerations [7]
(line 3). The algorithm analyzes through these normalized data
in windows with 2 second length and detect activities for each
window. In the data analysis process (line 4), in each window, the
maximum, minimum, average values of y-acceleration which are
shown as y_max, y_min, y_average in the above pseudo-code are
identified. Simultaneously, the rapid change of acceleration in y
axis in each window (y_diff) is computed by subtracting y_max
and y_min. SMV is calculated as illustrated in equation (1) and
SMV_average is identified. In the activity detection process (line
5), two comparisons are performed to detect falls. If (y_diff >=
thy) and (SMV_average >= thg) then it is assumed that a fall has
occurred, otherwise the activities are identified as normal activities.
The size of the window can range from 1 to 7.5 second to contain
at least one cycle of a single activity [30]. In this experimentation,
a window length of 2s was chosen (line 1) for capturing the largest
change in y-acceleration when a fall occurs. The two thresholds
are initialized (line 1) based on our results obtained in 3.1.2.

4 EXPERIMENTS

To collect motion data for developing and evaluating our proposed
ACFDA, experiments were performed on one healthy subject (fe-
male, 36 years old). The subject simulated 4 different fall tests
(frontward, backward, left-side, and right-side fall) and performed
ADLs including walking, standing, sitting, lying, and standing up
after falling. The subject involved in collecting sample data and test
data is the same. Motion data were collected by a single tri-axial
accelerometer fixed on the chest of the subject when performing
the above activities.

4.1 Setup

The device used to collect motion data in this work is the accelerom-
eter model X8M-3 [7]. X8M-3 includes a tri-axial 14-bit accelerom-
eter with a range of +/-8g and the resolution of 0.001 g/count.
This device enables users to select sampling rate in the range of 6,
12, 25, 50, 100, and 200 Hz. Acceleration is collected in X, Y, and
Z axes and stored real-time in 2GB internal flash memory. The
collected data can be transferred to Windows or Linux operating
system via USB interface without special software required. Data is
written to files in text format, each data line includes a time entry
(), the raw accelerometer sensor readings from the X, Y, and Z
axes (Ax, Ay, Az). These raw data is signed digital counts and are
converted to g by dividing the value by 1024 [7]. The accelerometer
was configured with the sampling frequency of 50 Hz, similar to
the chosen sampling frequency in [24]. With the fixed position
of the accelerometer, the measured data Ax, Ay, Az correspond to
accelerations in the three following axes: X (lateral: left - right), Y
(vertical: up - down), and Z (direction: front - back).

Data analysis and falls detection algorithms are written in MAT-
LAB (MATLAB and Statistics Toolbox Release 2016b, The Math-
Works, Inc., Natick, Massachusetts, United States) to receive the
collected data from X8M-3 device, display and analyze accelerations
as well as display falls detection results. All the data and results are
stored for later analyses.
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Figure 4: Falls detection result

4.2 Performance Evaluation

To test our algorithm, test patterns were applied as inputs for falls
detecting program. A total of 32 test patterns were tested. The
number of each activities in the test patterns was summarized in
Table 2.

An example of testing pattern is illustrated in Figure 3. In this
pattern, data were collected when user performed the following
activities: walking (10s), standing (5s), sitting (10s), walking (10s),
left-side falling and lying (10s), standing up and standing (10s),
walking (10s), right-side falling and lying (10s), standing up and
standing (10s), walking (10s), and standing (5s). Data are represented
in this Figure are normalized accelerations in three axes. The result
of applying our proposed algorithm with thy = 2.0g and thg = 1.1g
on this testing pattern is illustrated in Figure 4. In this pattern, two
falls are detected correctly, and all other activities are identified as
ADLs.

In general most falls detecting algorithms can produce the fol-
lowing four possible outcomes:

- True Positive (TP): a fall is detected properly.

- False Positive (FP): a fall is detected when no fall has occurred.
This outcome also is known as false alarm.

- True Negative (TN): no fall is detected when no fall has oc-
curred.

- False Negative (FN): no fall is detected when a fall has occurred.
This case is also called missed fall.

Based on these possible outcomes, the performance of the algo-
rithm is represented including sensitivity, specificity, and accuracy
which are given by [2]:
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Table 4: Performance of the ACFDA

thy (9 TP TN

FP FN Sensitivity Specificity ~Accuracy

2.0 41 226 4 3 93.18% 98.26% 97.45%
1.6 43 225 5 1 97.73% 97.83% 97.81%
1.3 44 220 10 0 100% 95.65% 96.35%
. TP
Sensitivity = ————— = 100 3)
TP + FN
TN
Specificity = ————— * 100 4
pecificity = o TN @)
) TP+ TN 100 6
= %k
CUraY = TP+ TN + FP+ FN

Sensitivity is the ratio between truly identified falls and all falls
which defines how successfully the algorithm detects falls. Speci-
ficity is the proportion of the algorithm to correctly identify ADLs
and indicates how successfully the algorithm detects ADLs. Ac-
curacy indicates how well the algorithms identify both falls and
ADLs. It is derived from the rate between truly give decisions and
all decisions.

Table 4 shows the performance of the ACFDA with different
thresholds of thy and thg = 1.1g.

When thy is set to 2g, ACFDA can detect 41 out of 44 falls, it
cannot detect 3 falls, 4 standing up states after falling are detected
as falls. In this case, the algorithm achieves 93,18% of sensitivity,
98.26% of specificity and 97.45% of accuracy. However, false negative
need to be eliminated because it may be dangerous for users if a fall
occurs but the system cannot detect it. A simplest way to improve
sensitivity of the algorithm is to decrease th,.

When thy is decreased, the number of falls which are detected
increases. It results in the increase in sensitivity. This is because
when a high threshold is set, some weaker falls may be classified as
safe activities. However, when a low threshold is set, fall positives
may increase because strong daily activities may be classified as
falls. As we can see from Table 4, when thy is selected as 1.6g, the
number of false negative decreases from 3 to 1 comparing to thy =
2.0g, while the number of false positive increases from 4 to 5. The
sensitivity and accuracy of the algorithm are improved, although
the specificity reduces slightly. When thy, is chosen as 1.3g, all falls
in the test patterns are detected correctly, however the number
of false positive increase to 10, resulting to the reduction in both
specificity and accuracy of the algorithm. In this experimentation,
all the false positive cases are the result of the standing up states
after falling.

An algorithm having high scores for all sensitivity, specificity and
accuracy is desirable. However, in term of the key purpose of falls
detection, it can be pointed out that the success of the algorithm
mostly depends on the frequency of false negative because it is
the most dangerous and unwanted case [21]. False negative is a
serious mistake for the algorithm and for a reliability of the system,
hence it is expected to be 0. Falls detection systems must achieve
very high score in sensitivity and accept the trade-off between
sensitivity and specificity. False positive is a lesser concern, however
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it needs to be avoided as well to prevent confusion and unnecessary
escalation [21].

4.3 Discussion

This study was conducted to investigate the accelerations collected
from a body attached accelerometer when performing intentional
falls and activities of daily living. The purpose of this study is to
determine the important parameters and their threshold values for
distinguishing falls from ADLs. Our algorithm considers the fast
change of acceleration in vertical axis (y_diff) and the average value
of SMV (SMV_average). It achieved up to 100% of sensitivity and
95.65% of specificity, based on a single accelerometer attached at the
chest. Although previous studies have achieved some significant
results, accuracy of the strategies that applied thresholds for SMV
is still below desired levels. For example, the system designed by
Yildirim et al. [31] has 9 false negatives out of 25 falls and 7 false
positives out of 25 jumpings. However, their work mainly focused
on designing and realization of the fall detection system rather than
on developing falls detection algorithms. On the other hand, despite
of using complex and sophisticated computation, falls detection
algorithms based on machine learning approach mentioned in lit-
erature review still cannot detect some falls. For instance, authors
in [32] used five features related to all x, y, z, and SMV to train five
classification models. Their best classifier achieves 90.70% of sensi-
tivity and both specificity and accuracy are under 90%. Compared
to previous works, our ACFDA has all the three performance ratio
including sensitivity, specificity and accuracy above 90% for three
chosen thresholds for y_diff.

In this work, from the experimental data collected, a subset of
data (sample patterns) is analyzed to identify the thresholds for
y_diff and SMV_average. Determining the optimal thresholds is
difficult due to improper selection of low thresholds may increase
false positives, while improper selection of high thresholds may
lead to the rise in false negatives [11]. Results from Table 4 illustrate
that determining thy = 1.6g for y_diff is the best choice for optimiz-
ing both sensitivity and specificity. In this case, ACFDA achieves
97.73% of sensitivity, 97.83% of specificity, and 97.81% of accuracy
which are much higher than prior results reported in literature. In
order to optimize sensitivity up to 100%, thy = 1.3g is chosen, hence
all false negatives are eliminated. However, in some circumstances,
other daily activities such as going upstair or downstair may have
y_diff around this low thy (data of going upstair and going down-
stair are not presented in this paper). The purpose of adding lower
threshold as 1.1g for SMV_average in our proposed algorithm is
to limit these incorrect classifications. In this case, ACFDA still
identified 10 standing up states after falling as falls. These false
positives can be eliminated when applying other strategies after
detecting falls such as sending message to patients for checking
the patients are fine or not as in [31] or checking whether posture
phase is horizontal (which means a real fall) or vertical (not a real
fall) as in [13]. Alternatively, other devices such as cameras can be
used to track patients’ movement after detecting a fall to identify
is it a real fall or not. Therefore, the number of datasets for sample
patterns as well as the number of subjects who take part in data
collection phase should be increased for setting threshold values
more properly.
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This research focused on differentiate falls from slow motion
activities. However, daily living activities consist of various activ-
ities which have slow or fast changes in accelerations. Falls may
not be differentiated from fast motion activities such as running
or jumping based on determining lower thresholds for fast change
of acceleration in vertical axis and the average value of SMV. In
order to identify falls from these strong activities, ACFDA need
to be improved. For example, the average value of acceleration
in vertical axis (y_average) can be checked. From Table 3, we can
see that y_average values of all the falling patterns (the light cyan
column) are lower than 0.6g. In the mean while, these values of
other activities such as walking, standing, running, and jumping are
approximate 1g (data of running and jumping states are not shown
in this paper). In addition, ACFDA mainly focuses on identify falls
from ADLs. The scope of this study does not focus on distinguishing
among these states: lying, sitting, and standing. Identifying lying
state correctly may support falls detection systems to detect falls
more accurately because a fall usually occurs along with a lying
state after that. From Figure 1, it is clearly seen that y_average in sit-
ting and standing states is around 1g, while y_average of lying state
is much lower (around 0g). Therefore, determining upper threshold
or lower threshold for y_average can be used for differentiating ly-
ing state from sitting and standing states. Furthermore, the changes
of accelerations in X, Y, and Z axes could be analyzed to identify the
orientation of falling activity including frontward fall, backward
fall, left-side fall, and right-side fall. This analysis may be useful for
distinguishing lying between other idle states as well.

5 CONCLUSION AND FUTURE WORK

Falls detection is an important application in the area of ambient
assisted living, especially in older adult care. Falls detection systems
based on wearable sensors have drawn significant attention of
researchers recently, mostly making prediction based on collecting
data from both accelerometer and gyroscope.

This study introduced an algorithm called ACDFA for falls detec-
tion using a single accelerometer that makes ACFDA less complex
than many prior studies. Using two threshold comparisons, ACFDA
can detect falls with higher accuracy compared to previous related
work. The proposed algorithm is a simple threshold method, hence
ACFDA can be applied in falls detection systems that do not require
robust computational platforms.

Likewise most of the previous studies, our thresholds and algo-
rithm was developed based on collecting motion data from a young
and healthy subjects. Despite the possible difference of actual data
collected from the older adults, it is predicted that unexpected falls
would experience higher changes in accelerations than intentional
falls [11]. Therefore, applying ACFDA in real-world scenarios may
still be effective. However, this algorithm need to be improved to
enhance specificity while still remaining high sensitivity. Our fur-
ther work will focus on applying other strategies after detecting
falls to eliminate all false alarms.

In addition, in future work, we propose the validation of our
algorithm using data collected from other sources such as built-in
accelerometers in smartphones and the combination of external ac-
celerometer and smartphone. Although the 8XM-3 mini accelerome-
ter used in this work is convenient due to its small size, light weight,
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and long-life battery (up to 4 days working continuously) [7], col-
lecting accelerations from other devices is useful to help us further
develop our algorithm. Using multiple sensors to collect data for
evaluating the proposed algorithm is necessary when taking into
account the sensing heterogeneity for activity recognition [26]. Ad-
ditionally, in our experiment, the sensor was attached to the chest
of the subject. The sensor position will be tested in different places
such as chest, waist in our further research to determine the opti-
mum placement of sensors, targeted at optimizing falls detection
accuracy and enhancing patients’ convenience when using this
device. Simultaneously, the number of subjects who take part in
data collection process should be increased to investigate the vari-
ability in ADLs across users. Furthermore, our future studies may
focus on testing and comparing machine learning algorithms with
threshold-based algorithms over prolonged natural usage. Despite
so many features being considered and complex algorithms being
used, the accuracy gains have not surpassed standard threshold-
based algorithms.
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