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Fall detection of the elderly is a major public health problem. The probability of falls makes them
dependent on others and restricts their freedom of movement. Although many fall detection methods
have been developed to recognize falls in a real-time, most are inaccurate and inconvenient to use. In
this paper we describe two methods for detecting the fall of a human body that can be implemented
for the smartphones with built-in accelerometer. The first one used the raw data obtained from the
sensor, and the second one - filtered data. In addition to the measuring a load factor, an important role
in the algorithms has also a mobile device orientation to the ground. The assumption for the study was
the localization of the smartphone in a right pocket of trousers - common in right-handed people. The
experiment consisted in simulation the falls from different initial postures (standing, sitting, kneeling)
in four directions (front, back, left, right). The results are satisfactory for detection of falls from a
standing position. In conclusion, correct detection of falls based on the accelerometer built into the
smartphone is possible after the filtration of the raw data, although the location of this device, the
initial body position and direction of the fall have significant impact.

1. INTRODUCTION

There is a demographic decline currently in Poland and other European countries. Low
fertility translates into a relative increase in the number of older people. At present, the
data indicate fertility in Poland at 1.3, this means 1.3 children per family. The scale of this
phenomenon can be illustrated by a simple comparison. Today, we have in Poland 435 740
people at age 20, and 488 730 people aged 65 years. In 2049, according to current forecasts,
the situation has become critical. It is expected that the number of people at the age of 20 will
be 302 570 people (about 133 thousands less), and at age 65 - 589 260 (about 100 thousands
more) [29]. Such statistics suggest a significant increase in the number of the elderly. It may
result in problems with the health care, the national budget will be lower by the lower number
of people depositing money. This is one of the reasons why now we should be interested in
the fate of society. Even it will be possible to reverse the declining demographics, the provided
studies can improve the quality, safety and life expectancy of the elderly.

Older people often struggle with various diseases that are beginning to develop in the elderly.
Many of them, due to the advanced stage of the disease, requires constant care. Mobile devices
allow us to monitor the health to some extent, and with the growing number of embedded
sensors, the possibility of observation of the state of health are more effective.
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The aim of the study was the developing a method for detecting the fall of a human body that
can be implemented for the smartphones. A sudden change in posture is usually the atypical
behavior of the elderly living alone. This may be a consequence of an accident or the result of
disease. The detected anomalies should notify a defined guardian that could provide assistance
to the victim. For the study, it is assumed that the monitored person has a smartphone with a
built-in accelerometer in right pocket of trousers, that is commonly use by right-handed people.

2. STATE OF ART

Falls are commonly defined as “inadvertently coming to rest on the ground, floor or other
lower level, excluding intentional change in position to rest in furniture, wall or other objects”.
Falls are prominent among the external causes of unintentional injury. They are coded as
WO00-W19 in International Classification of Disease (ICD-10) [2], which include a wide range
of falls including those on the same level, different levels, and other unspecified falls. There
are many causes of falls, and their number escalates with age, each year falls one-third of
people over 65 year of age [1]. The number of falls is heighten by diseases such as dementia,
Parkinson disease, or degeneration of the spine and joints, but the cause of the fall may also
be a pharmacological therapy.

The fall may cause damage or broken bones, abrasions and soft tissue injuries. In addition,
the fall can cause psychological problems. Fear of falling may result in mental deterioration,
isolation and general deterioration of life comfort. Scientists studying falls show that the person
who happened to fall can reduce their daily activities due to fear of another fall [31].

Fall detection of the elderly is a major public health problem. Thus it has generated a wide
range of applied research and prompted the development of telemonitoring systems to enable
the early diagnosis of fall conditions [19]. There are various solutions to detect falls. Among
them computer vision based approaches offer a promising and effective way. In [30] authors
describe framework for fall detection based on automatic feature learning methods. In another
paper, authors propose a fall detection system using a motion history image to analyze the
fall behavior [16]. Other solution detects falls by analyzing human shape deformation during a
video sequence [24]. To effectively track the elderly, a smartphone camera can be used to take
real-time pictures along the user’s path as he or she moves about [15]. Then the smartphone
can be used for detecting early-warning of fall based on pre-impact phase and post-fall based
on impact phase [17].

Solutions for fall detection always use sensors. Through data coming from an accelerometer
[8], a gyroscope [7], a magnetometer, and a barometer sensor [6] integrated into device, it is
able to obtain a highly accurate estimation about posture and altitude of the subject. Some of
authors praise they reach almost 100% of accuracy of fall detection from a standing posture of
a human body [21]. Unfortunately, the implementations of their methods are not available for
verification. While the mobile applications that are available (e.g. Fade Fall Detector, Emergency
Fall Detector) are not described in scientific articles, and it is unknown, what algorithms are
implemented in them.

Besides the sensors, a fall detection system using wearable devices, e.g. smartphones [3],
and tablets, can additionally analyze the cameras data [20]. Mobile solutions for falls detection
can be also suplemented by biofeedback monitoring collecting sensed data from body, and then
forwarding them to a smartphone or tablet through Bluetooth [12].

Algorithms for fall detection use various methods: it can be a threshold-based [23], it can use
artificial neural networks [26], a short time min-max feature based on the specific signatures of
critical phase fall signal and a neural network as a classifier [13], or it can use a combination of
information derived from machine learning classification applied in a state machine algorithm
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[4], [18]. Very good results are possible in case of long-term machine learning, when classifiers
can be applied to a large time-series feature set to detect falls [27].

The location of the sensors is very important for the efficiency of detection of falls. One of
approaches is the use of the acceleration data of a widely available smartwatch [10]. Another
studies show that the wrist did not appear to be an applicable site for fall detection [14]. A
system which combines threshold based and pattern recognition techniques in both devices can
be efficiently used in the specificity of the fall detection strategy [28]. High fall detection
performance is able to achieve placing wearable sensor on the waist [22]. Accelerometer
sensors, can also be mounted on the trunk and thigh [8].

Another problem is that many proposed methods considered only one device placement
and did not investigate how different positions influence recognition accuracy. There are also
systems, which use a smartphone worn on an arm, the chest, waist or thigh [25]. Other approach
developed a fall detection system and algorithm incorporated into a custom designed garment
[9]. The accelerometer to detect impacts and monitor posture is attached to a custom designed
vest, prepared to be worn by the elderly person under clothing.

Detection the fall can be also one of the functionalities available in a smart home monitoring
system for elderly people to monitor their health and provide them with a safe and secure
living [11], or making the fall detection system coupled with the wireless intelligent personal
communication node covering a set of sensors [32].

3. DETECTION OF FALLS
3.1. MEASUREMENT OF THE ACCELERATION

The problem of detecting the fall is solved by searching for a specific change in the data
provided by the sensor. An accelerometer is a device that measures proper acceleration in X,
Y, and Z axis. Any change in the spatial position causes the device to obtain other values of
acceleration for each axis. An accelerometer at rest on the surface of the Earth will measure the
acceleration equals g = 9.81m/s? (Earth’s gravity). The quotient of the acceleration vector and
gravitational acceleration results in load factor. For that situation, when on the accelerometer
measures only the Earth’s gravity, load factoring will be 1G.

Growth of the acceleration also results in the
increase in congestion, while the decline in ac-
celeration - decrease of load factor. This is the
critical dependence of the developed methods
to detect falls. It should be converted on the
fly, whenever there are new acceleration values
obtained from the sensor.

The fundamental assumption of the developed
methods is the vertical position of the phone in
the user’s pocket (Fig. 1). This location helps dif-
ferentiate between the upright posture and lying.

It is necessary to calculate the angle of inclination
of the device relative to the Y axis.

!

—

Fig. 1. Smartphone location

CL2

0 = arccos Y (D
<,/a§+a§+a§)

where: [a,] - the acceleration value for the X axis, [a,] - the acceleration value for the Y axis,
[a,] - the acceleration value for the Z axis.
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If calculated value of the angle equals zero degrees - the phone is in the vertical position,
value of 90 degrees implies a horizontal position with the screen facing up or down.

3.2. THE METHOD WITHOUT FILTRATION

Detection of falls bases on the continuous observation of the phone slope angle on the Y axis
and the load factor. Changes in angles are a result of changes in the user’s posture. Changes
in the load factor inform about vertical movement. The algorithm consists of detection the
following stages:

1) free fall - load factor is below the 1G,
2) impact - load factor is more than 2G,
3) inertia - the slope angle is about 90 degrees.

The fall is preceded by a free falling, during which the load factor is below the 1G. At the
time of impact the load factor reaches the maximum value, often greater than 2G. The highest
value can be directly preceded by a few of samples greater than 1G. The set of samples may
contain the maximum value that does not correspond to the fall. For this reason, top 5 values is
searched among 50 samples of the current set (last 3 seconds of the measurement). For them, it
is verified they are preceded by the samples in a downward trend ending at the minimum value
less than 1G. Then the difference between the measured maximum and minimum is calculated,
and compared to the empirically determined threshold. When the threshold is exceeded. The
last stage is the three second intervals at which the user’s phone orientation is tested again. If
the phone is in a horizontal position to the ground, the detected anomalies is finally confirmed.

3.3. THE METHOD WITH FILTRATION

This method also uses stages and ideas known from the method without filtration (the
Euclidean norm, normalization, calculation of the angle (1)). However, the process of detecting
the fall uses RC filters: high-pass and low-pass. High-pass filter allows us to get the value of
the acceleration, which reduces the effect of gravity on the measurement result. In contrast,
low-pass filter corresponds closely to the acceleration related to gravity [24].

First, the RC filter must be calculated:

1

2 f,

where f. is a cut-off frequency determined empirically for best results.
When the free fall and impact are analyzed, data about the acceleration obtained from the

sensor are be converted to load factors for each axis separately. Then the value of smoothing

the high-pass filter is determined. The expression use the calculation of RC (2) and the time
interval dt resulting from the sampling frequency of the sensor.

RC

2)

RC
_ . 3
= Gt + RC ©)
Then the filtered values of the load factor are determined for each axis.
ahn = Qp(Qhn—1 + Qp — Q1) “4)

where

apn—1 - filtered value of the previous measurement,
an, - the value of the acceleration obtained from the sensor,
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a,—1 - the value of the acceleration obtained from the sensor during the previous measure-
ment.

Next, the acceleration in three-dimensional space is calculated using the Euclidean norm. If
the determined value is greater than the threshold value, the next condition (inertia) will be
tested. After about three seconds, a low-pass filtering is provided. As in the high-pass filter, at
the beginning the «; is determined.

dt

" dt+ RC ©)

a
Then, 50 acceleration values are undergoing normalization. The obtained values and the «y,
parameter are used for low-pass filtering.

A = Aoy + app—1(1 — o) (6)

Based on the calculated filtered values, 6 angle is tested in the relation to the Y axis. Then,
after next 3 seconds, the sum of the last high-pass filtered samples is calculated. For them the
position in a space is also determined using the Euclidean norm. The calculated sum allows
verifying the changes in the user’s posture. In the case of being in motion, the fall is likely
to be incorrectly detected. If the motion is not recognized and the angle relative to the Y axis
suggests lying posture, then the alarm of the fall is triggered by the mobile application.

4. EXPERIMENTS
4.1. THE LOAD FACTOR THRESHOLDS

In our methods, the threshold needs to be determined for the difference between the maximum
and minimum value of the sample. Both values must be placed close together in time. The
minimum sample is measured in free fall, while the maximum after the collision with the
ground. Previously obtained acceleration is converted into the load factor, and all axes - to the
Euclidean norm. Fig. 2(a) shows the changes of described values. The difference between the
minimum and maximum during a fall from a standing posture to the front was approximately
2.74G. After the fall from the sitting posture, the difference was about 2.05. A fall from a
sitting position was posture on the left side, and the phone was placed in the right pocket.
During the walk the value was about 1.68. Based on this observation, the parameter was set
to a value of 1.85, in the middle between walk value and the fall from sitting position.

For the method with filtration, the primary threshold is a filtered value of the load factor. The
current load factor is affected by the current sample, the previous sample and the parameter
a. The important factor is also RC' value, which is an essential component needed to define
the cut-off frequency. The value of the cutoff frequency has a big influence on the results.
Well-chosen allows to get significant differences between the fall and the other activities. The
search for good frequency was based on the analysis of several of them in the range 0.1Hz -
0.5Hz. For the cut-off frequency of 0.1 Hz, the influence of previous measurements is more
significant. However, the difference between the fall of the chair, and the upright position is
much smaller. For 0.5H z, fall moments are clearly different on the graph from other physical
behavior, but the impact of previous measurements on the next ones is not so clear. Finally the
frequency of 0.2 Hz was chosen (Fig. 2(b)), which has been implemented in a prototype tool.
The choice was justified by the relatively small impact of the results of previous measurements
for the next, and a large difference between the falls and other physical human behavior.
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(a) measured load factor (b) absolute change of the load factor

Fig. 2. Human physical behavior

4.2. THE ANGLE THRESHOLDS

The second determined threshold is a value of the inclination angle of the mobile device
after the fall. The method with filtration to determine the angle, uses low-pass filter using the
value of the cut-off frequency of the high pass filter. Fig. 3(a) illustrates how the angle is
changing when the calculation uses the method without filtration.

Changing the angle while walking, oscillate very much in the range 0° - 60°. The device did
not moved in a such way, so it is suggesting that the measurement is very inaccurate. Changes
of angles are very dynamic. Immediately after the fall, the value reached nearly 90°. As a
threshold that suggests the fall the value greater than 65° was selected. Although the presented
values after the fall achieve almost a right angle to the axis Y, the falls do not happen always
on a flat surface.

Fig. 3(b) shows the process of changing the angle after filtering its value. The changes are
not as sharp as in the previous method. The algorithm tests the current angle of the device in
9 seconds after suspected detection of a fall. In this case, the fall is considered when value of
the angle is above 60°.

walk fall stand up sit down fall
1 T T 1

walk fall stand up sit down fall
1 i 1 1

angle [degrees]

angle [degrees]

time time

(a) the method without filtration (b) the method with filtration
Fig. 3. Change of the angle

4.3. EVALUATION AND DISCUSS
The developed method was dedicated to the elderly. Its evaluation was based on a large
number of controlled falls. There is some risk of injury, which is much higher for older people.

Hence, it was decided to involve voluntaries in the age range 23-47. It was five men. In our
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opinion, the age of the people had no effect on the detection method falls.

The smartphone, where the prototype application was started, was located in the right pocket
and was placed about 20 cm from the belt. In the standing posture a smartphone in the pocket
was about 68-80cm above the floor (the distance between the floor and the nearest edge of the
device). Persons sitting on the chair hold a smartphone about 60cm above the floor, and while
kneeling: 25-32cm.

Experiments for both methods were performed under the same conditions. Falls were per-
formed with a variety of body postures that can occur in daily activities (additionally, in the
last moment we decided to consider kneeling). The value in the Arm support column means
the use of arms to protect the body against a strong impact on the ground. There was also
a mattress laying on the floor to protect volunteers from injuries. Additionally, an assistant
protected the fall on the back.

Tablel presents the number of detected falls for both algorithms. Voluntaries are numbered
starting from the shortest one. Each person made 10 attempts for each type of events.

Table 1. Result of the experiment

The method without filtration The method with filtration
Arm
Type of fall support Volunteers stats Volunteers stats
1 T2]37475 172371475
From a standing posture... 91,00% 94,40%
... to the front yes 10 9 | 10|10 | 10 98% 10 | 10 | 10 | 10 | 10 | 100%
... to the front no 9 | 10| 10 | 10 | 10 98% 10 10 | 10 | 9 | 10 98%
...on the back no 9 9 | 10| 8 9 90% 9 | 10| 9 9 |10 94%
...on the back; legs bent no 5 4 7 6 6 56% 6 5 8 7 8 68%
...to the right side yes 10 9 | 10|10 | 10 98% 10 | 10 | 10 | 10 | 10 | 100%
...to the right side no 10 9 | 10|10 | 10 98% 10 9 | 10|10 | 10 98%
...to the right side; legs bent no 9 |10 10| 9 | 10 96% 9 | 10| 10 | 10 | 10 98%
...to the left side yes 9 8 9 | 10 | 10 92% 9 9 | 10 | 10 | 10 96%
...to the left side no 9 9 | 10 | 10 | 10 96% 109 | 10|10 | 10 98%
...to the left side; legs bent no 8 9 110 | 9 8 88% 9 9 |10 | 9 | 10 94%
From a sitting posture... 35,71% 71,14%
...to the front yes 2 2 3 1 4 24% 5 5 4 6 7 54%
...to the front no 2 4 2 2 3 26% 5 5 6 8 7 62%
...on the back no 3 3 4 1 3 28% 4 3 7 7 7 56%
...to the right side yes 5 4 6 5 7 54% 7 8 | 10| 9 8 84%
...to the right side no 6 5 7 7 6 62% 8 8§ |10 | 10 | 10 92%
...to the left side yes 3 2 1 2 4 24% 7 6 7 8 7 70%
...to the left side no 2 | 4 3 3 4 32% 8 7 8 9 8 80%
From a kneeling posture... 49,67% 55,00%
...to the front yes 3 1 4 4 3 30% 3 5 6 4 7 50%
...to the front no 5 2 5 7 7 52% 7 7 7 8 8 74%
...to the right side yes 5 6 6 7 8 64% 4 2 5 4 5 40%
...to the right side no 415 9 9 8 70% 5 8 9 8 9 78%
...to the left side yes 3 1 4 5 4 34% 3 4 2 3 4 32%
...to the left side no 4 3 5 7 5 48% 3 6 5 8 6 56%

The smartphone was placed in the right pocket. Algorithms detecting the falls gave much
worse results when where the person fell from a position other than standing on the opposite -
left side. Such dependence is caused by the body damping the forces affecting the accelerometer.
Both methods detecting the falls from a standing posture works very well (91% and 94,4%).
However, with the lower location of the phone, the effectiveness of detection was worse due to
less impact force at the time of the fall (from a sitting: 35,71% and 71,14%, from a kneeling:
49,67% and 55%). The falls, which were performed on the back were not detected well from
a standing posture, when leg remained bent at the knees after the collision with the ground
(56% and 68%). The reason for the lack of detection was too small angle of the device relative
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to the Y-axis. The solution for the improvement of these results may be placing the phone at
waist.

Daily activities such as slow walking, running, climbing stairs not cause incorrect alarms.
However, some actions should not be performed when the phone is out of pocket. For example,
false alarms can be caused by throwing the phone on the table or dropping it on the ground.

5. CONCLUSIONS

The aim of the project was achieved. We developed two methods for detecting the falls and
we implemented them in the research tool for smartphones with Android OS. The first one used
the raw data and the second one - data after processing, in this case: after filtration. The method
with filtration allows to obtain better results than the method using a raw data. The systematic
comparison of fall detection algorithms tested on real-world falls [S] presented that the average
of the thirteen different methods was about 83.0%, maximum value was equal 98%. Our results
of falls from standing posture (about 95%) appear to be quite good. However, we can not be
completely satisfied. There are many factors affecting the accelerometer indications. Most of
them depend on human behavior, while others depend on the influence of the environment.

The assumption of a single threshold for the detection of the fall is a simplification. The
application should recognize the posture just before the fall (standing, sitting, kneeling) to use
appropriate threshold. The correction rate for fall detection is influenced by the position at which
a person wears the smartphone. Such system should provide fluently modifiable threshold.

Mobile phones are relatively large in size, and it is difficult to place them in a particular
part of a dress, which would give the best results in detection of falls. Unfortunately, often
the only place where we can put a smartphone is the pants pocket. On the other hand, every
other place will be higher than the pocket of trousers. This will positively affect the amount
of change of acceleration, and here the effectiveness of the fall detection.

Moreover, the distance of the smartphone from the floor should be known, especially in
the standing posture. Even with the restriction that the device is in the pocket, the influence
on the distance has a human altitude, proportions of the human body (including the length of
the legs) and the cut of trousers (pocket placement). While these features can be measured,
unfortunately there is no certainty in what position will be laying leg and the phone in its
pocket, after a fall. What’s more, the fall may take place on an inclined surface or a large
object. This, unfortunately, can not be predicted.
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