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Abstract—Fall is a precipitous drop from a height, or from a
higher position, which may be accompanied by injuries. This is
one of the most dangerous and fearful situation in the elderly
living. This is the reason, fast and early detection of the fall
is very important to save and rescue the people and avoid the
badly prognosis. In this article we are presenting a threshold-
based fall detection algorithm that processes data from common
sensors in modern smart phones, such as triaxial accelerometer
and magnetometer in order to detect falls. The algorithm uses
Signal Vector Magnitude (SVM) peak value, base length and
post-impact velocity to distinguish falls from most of daily
activities. However, the SVM curve in a period produced by
running is similar to a fall (a running curve can be regarded as
the combination of multiple fall curves). Accordingly, residual
movement is taken into account to identify running and fall.
In addition, the vertical acceleration is observed to increase
detection accuracy. In the experiments, the data are collected
by simulating fall in four directions: forward, backward, left
and right. The simulations are conducted by young people. The
final experiment includes data from 120 simulated falls and 150
daily activities. Compared with previous methods, the proposed
method achieves higher sensitivity and specificity.

Index Terms—Accelerometer, Fall Detection, Magnetometer,
Residual Movement, Smart phone

I. INTRODUCTION

FALL is a fearful and dangerous in the elderly people’s
daily life. Each year, there are more than one third of

people aged over 65 years old falling [1], [2]. The immediate
rescue to fall would greatly alleviate the hurt. The automatic
detection of fall events could help reducing the response time
and significantly improve the prognosis of fall victims.

Nowadays, a number of fall detection methods have been
proposed [3]. According to the methods of data acquirement,
fall detection methods can be divided into three categories.
The first category can be called context-aware method which
usually utilizes pressure sensor to detect the people whether
fall or not [4], [5]. This kind of method will be out of
work if the pressure is not under the user’s weight after
fall. The second category is camera-based method which is
installed as an important part of in-home auxiliary system
[6], [7], [8], [9], [10], [11], [12], and the fall events are
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detected by analysing the video pictures [13], [14], [15], [16],
[17], [18], [19] with classification techniques. The whole
system is usually expensive and only works at the video-
surveillance place. The third category is the acceleration-
based method which is now the most popularly used one [20],
[21], [22], [23], [24], [25], [26], [27], [28], [29], [30]. At the
beginning, the acceleration-based system uses body-attached
sensors such as accelerometers and gyroscopes to acquire
kinetic data from human motion. Through it can detect the
fall event, it is not portable. The modern smart phones
have been equipped with various build-in sensors which can
be directly utilized for fall detection [25], [26], [27], [28],
[29], [30]. In this paper, we proposed a threshold-based fall
detection method by using the triaxial accelerometer and
magnetometer which are common sensors in most kinds
of modern smart phones. Four features are extracted from
accelerometer and magnetometer raw data to distinguish fall
event from activities of daily living (ADL) such as walking,
going upstairs, going downstairs, and jumping. In addition,
the algorithm also takes residual movement into account after
the fall to improve the accuracy as a running curve can
be regarded as the combination of multiple fall curves. As
long as all feature values meet the condition of the threshold
values we set, we can recognize the fall.

The remainder of this paper is structured as follows. In
section II, we present an overview of related works. We
introduce the algorithm design in Section III and imple-
mentation in Section IV. In Section V, we evaluate our
system with extensive experiments. Section VI summarizes
the conclusion of the paper.

II. RELATED WORKS

As mentioned above, the existing fall detection methods
can be divided into three categories. As the development of
smart phones, the acceleration-based fall detection systems
can be conveniently applied in real world applications, and
thus attract more and more attentions.

At the beginning, researchers proposed some acceleration-
based fall detection methods by attach the acceleration sensor
on tester’s body. It is quite inconvenience, but provides
preliminary knowledge for us to refer to. Yang et al. [20]
used the two wireless acceleration sensors embedded with
Naive Bayes algorithm to implement a wearable real-time fall
detection system which has an advantage both in accuracy
performance and model building time. The system attached
sensors to the chest and the thigh provides acceleration infor-
mation to detect forward, backward, leftward and rightward
falls. Wang et al. [24] proposed a low-power fall detection
algorithm based on triaxial accelerometer and barometric
pressure signals. The algorithm dynamically adjusts the sam-
pling rate of an accelerometer and manages data transmission
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between sensors and a controller to reduce power consump-
tion. Pham et al. [23] presented a fall alert system using an
accelerometer sensor for elderly people based on threshold
algorithm. The algorithm calculates Signal Magnitude Area
(SMA) to distinguish fall events from daily activities. If this
value is greater than the predefined threshold, the system
recognizes as a fall and then displays a warning.

For the reason that the update of Micro Electro Mechan-
ical System (MEMS) motion sensors technology and the
popularity of mobile phones which are equipped with 3-
axis accelerometers and other motion sensors, there is no
doubt that smart phones have become ideal devices for fall
detection which are popular in researchers in recent years.

Dai et al. [28] designed a fall detection system, called
PerFall, which is the first pervasive fall detection system us-
ing mobile phones. The algorithm is based on accelerometer
thresholds: the total acceleration and the vertical acceleration
need to compare with predefined thresholds which is adjusted
with collected data. Sposaro et al. [30] proposed a fall alert
system called iFall which used triaxial accelerometers for fall
detection. The algorithm is based on acceleration magnitude
thresholds and timeouts detection. If a fall is detected, the
system will send a request for help to the caregivers. Tiwari
et al. [25] presented a detection mechanism for free fall
condition using an Android based smart phone with an
in-built triaxial accelerometer. In this algorithm value of
acceleration is analysed for the time it was close to 0. In
this time we obtain the net displacement. If the obtain value
of displacement crosses a threshold predefined value than
free fall condition is confirmed.

III. ALGORITHM DESIGN
In this section, we propose a threshold-based fall detection

algorithm which mainly utilizes four features which are
identified from the analysis of the signal vector magnitude
(SVM) to recognize the fall event from human activities.
The four features are the SVM peak value, the base length
of the triangle, post-impact velocity and residual movement
respectively. In addition, the vertical acceleration is added
to the approach as a verified feature. The threshold values
are chosen based on the data set including different types of
fall data (including forwards, backwards, sideways) and ADL
(including walking, running, jumping, going downstairs and
going upstairs), as is shown in Fig. 1(c) and Fig. 2.

A. Algorithm Features and Thresholds
Human body movement can be reflected by acceleration.

When people is walking, going downstairs, going upstairs,
jumping, running, or falling, acceleration data varies. For
simplification, SVM is calculated as follow to eliminate
the sensitivity of mobile phone in aspect of position and
direction.

SVM =
√
A2

x +A2
y +A2

z (1)

where Ax, Ay , and Az represent the accelerating speeds
of the X, Y, and Z axes of the accelerometer respectively.
SVM values are shown in Fig. 1, the horizontal axis rep-
resents the time (ms) and the vertical axis represents the
SVM values(m/s2).The algorithm defines the three features
mentioned in [31] to distinguish fall event from ADL below:

(a) Vertical acceleration

(b) Fall event

(c) Running activity

Fig. 1: This figure shows the waveforms of (a) vertical acceleration, (b)
fall event, and (c) running activity. The horizontal axis represents the time

(ms) and the vertical axis represents the SVM values (m/s2).

1) SVM peak value (denoted as P): Most falls have a
higher SVM value than daily activities as shown in Fig.
1(b), so the SVM peak value is a good choice in the design
of the fall detection algorithm. From the Fig. 2(a), (c), and
(d), we can know that the waveforms of walking, going
downstairs and going upstairs and find that SVM peak
values of them are all lower than a given thresholds. So,
it can detect falls totally but there are still some ADL
mistaken for fall.

2) The base length of the triangle (denoted as B): It
is formed by the peak value and the 10 (m/s2) horizontal
axis as shown in the short solid line of Fig. 1(b). When a
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fall happens, there is a short time impact and the shock is
quickly absorbed by the human body. Therefore, the base
length should be smaller in case of a fall compared to the
case of daily activities.

3) Post-impact Velocity (denoted as V): As what is shown
in the shaded area of Fig. 1(b). When the event meets P and
B threshold, it can be deemed to a possible fall. The velocity
after the impact is utilized to distinguish sudden moves, like
jumping, quickly sitting on a bed or physical exercise. By
the analysis of the experiment data, P, B, and V values which
produced the optimal results in terms of accuracy are selected
in Table I:

TABLE I: Fall detection algorithm features and associated optimal
thresholds

No Features description Code Threshold Fall sign

1 Peak value for SVM P 23.4 (m/s2) ≥
2 Base length B 0.5 s <

3 Post-impact velocity V 0.5 m/s <

Although the three features mentioned above can be used
to separate fall event from most of ADL, running activity
cannot be distinguished. So, the algorithm takes residual
movement into account to recognize the running activity.

4) Residual movement: When the fall happens, the first
peak value reaches the threshold we set. And then, the
second peak value follows which lower than the threshold
we set. At last, the acceleration back to normal. However,
when we are running, the peak values all exceed the pre-set
threshold and the time interval between the peak values is
smaller than the one in fall experiment. The waveforms of
running activity and fall event are shown in Fig. 1(b) and
(c). Furthermore, we set a variable count in our algorithm,
which increases every time in condition that four features
mentioned above are satisfied in order to describe the
residual movement [32]. If the values of count are between
10 and 15, algorithm takes the event as the fall. Otherwise,
algorithm takes the event as running.

5) Vertical acceleration: Additionally, fall detection algo-
rithm adds the vertical acceleration as a verified procedure.
Before and after the fall, the waveform of the vertical acceler-
ation is similar to SVM’s. In this study, we utilize the vertical
acceleration value |Av| [33] as a verified procedure. And
the vertical acceleration can also take running-to-walking as
non-fall to improve the accuracy. The vertical acceleration
value |Av| which is computed as:

|Av| = |Ax sin θz +Ay sin θy −Az cos θy cos θz| (2)

where θy and θz denote its pitch and roll values which is
determined by a mobile phone’s accelerometer and mag-
netometer sensor. If the value of |Av| is larger than the
threshold Th|Av| we pre-set, it will be considered as a
possible fall. In the algorithm, we set Th|Av| value for 30.
Before and after a fall event, the vertical acceleration value
will change which is illustrated in Fig. 1(a).

(a) Walking

(b) Jumping

(c) Going downstairs

(d) Going upstairs

Fig. 2: Activities of daily living.
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IV. IMPLEMENTATION

We have developed fall detection system which is imple-
mented in the smart phone using the algorithm proposed in
this paper. The system mainly consists of three main screens
as shown in Fig. 3(a), (b), and (c). Our application is simple,
smart and efficient as its biggest advantage. Fig. 3(a) shows
the main screen of the system and the raw data of sensors.
Fig. 3(b) depicts some parameters of fall detection algorithm
including SVM threshold, vertical acceleration threshold and
sensor speed value, which can be set by the participant. Fig.
3(c) depicts some parameters of warning message including
the telephone number of the emergency contact, time-out
and SMS content which can be set by the participant before
monitoring application. Once a fall condition is detected, the
system will send a warning message. The message contains
the participant’s longitude, latitude, detailed address and fall
information to emergency contact as shown in Fig. 4.

V. EXPERIMENTS

We evaluate the effectiveness of the proposed algorithm
with extensive experiments. In this section, we briefly intro-
duce our experimental environment and restricted condition.
Then we introduce how the data are collected. In addition,
we also present performance of system and compare it with
that of existing algorithms. Finally, we present resource
consumption of the system.

A. Experimental Environment

In our experiments, we used the smart phone built-in
three-axis accelerometer and magnetometer to realize the
fall detection algorithm. The sampling frequencies of the
accelerometer and magnetometer values are both 15Hz. Fur-
thermore, results indicate that fall detection using a triaxial
accelerometer attached to the waist or head is more efficient
[34] from previous studies. So, all subjects are required to
attach the smart phone to the waist to get data compared to
attach to the head which is more convenient in our study.

B. Data Collection

Since elderly people are not suitable for simulating falls,
our data is derived from healthy young subjects who volun-
teer to perform the simulate falls and the ADL tasks.

We selected 10 young subjects, including 6 male and 4
female, with an average age of 25 ± 3 years, average height
of 170 ± 10 cm and an average weight of 70 ± 12 kg. Each
participant performed four types of falls (including forwards,
backwards, sideways). The simulation of each kind of fall
was conducted for 2 minutes and was repeated three times. In
addition, each participant performed five types of ADL tasks
(including walking, running, jumping, going downstairs and
going upstairs) and each kind of ADL was conducted for
5 minutes and was repeated three times. In total, we obtain
data for 120 falls and 150 ADL.

C. Detection Performance

We measure the detection performance in terms of sensi-
tivity and specificity. The sensitivity defined in (3) is used to
measure the algorithm’s ability to determine real falls from
the set of simulated falls.

Sensitivity =
TP

TP + FN
×100% (3)

where TP is the true positive representing a fall occurs and
the system properly detects it. FN is the false negative rep-
resent a fall occurs but the system does not announce it.

On the other hand, the specificity defined in (4) is used to
measure the algorithm’s ability to mistake normal activities
for falls.

Specificity =
TN

TN + FP
× 100% (4)

where TN is the true negative representing a non-fall move-
ment is performed and the system does not announce a fall.
FP is the false positive represent the system announces a fall
although it did not occur.

• Thresholds Robustness
To evaluate how robust these thresholds are, we can vary

these thresholds and the algorithm’s performance which can
be re-evaluated. By the analysis of the experiment data, the
thresholds listed in Table I produce optimal results. Modify-
ing these thresholds can degrade performance. However, it
is important to see how much the algorithm’s performance
will change.

First, P, B and V values were changed so that the risk of
false positive or true negative could increase. For instance,
if the peak value P becomes smaller, more daily activities
may be identified as falls and false positives will increase.
Similarly, if the peak value P becomes greater, more falls
may be identified as daily activities and true negative will
increase.

When the thresholds have a 5% variation to increase the
false positive, two jumping events and two running events
were identified as falls. This led to a specificity of 92.67%.
When the thresholds have a 10% variation for increasing,
false positive was generated by the algorithm, thus obtaining
88.67% specificity.

The thresholds were also modified so as to increase
the true negative. When a 5% variation for reducing the
threshold, three falls were misinterpreted as daily activities,
which led to 88.83% sensitivity. Similarly, When a 10%
variation for reducing the threshold, four fall events weren’t
detected, which led to 87.5% sensitivity. Table II shows the
results obtained using the thresholds variations presented. In
general, the algorithm provided satisfactory results.

TABLE II: Algorithm performance using different threshold values

Threshold values
Algorithm performance (%)
Sensitivity Specificity

Optimal values(see Table I) 90.83 95.33

5% variation from optimal values so as
to increase the risk of false positive

90.83 92.67

10% variation from optimal values so
as to increase the risk of false positive

90.83 88.67

5% variation from optimal values so as
to increase the risk of true negative

88.83 95.33

10% variation from optimal values so
as to increase the risk of true negative

87.50 95.33

• Locations and Sensors
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(a) Main screen

 

(b) Threshold settings

 

(c) Emergency contact settings

Fig. 3: User interfaces in fall detection system.

 

Fig. 4: The content of a warning massage.

Due to smart phone internally installs multiple sensors,
fall detection algorithm uses only acceleration and magne-
tometer. Firstly, the experiment evaluates the accuracy of
acceleration in the chest and waist. From Fig. 5, it can
be seen that there is the better accuracy in the chest with
accuracy of 90.4%. Obviously, the movement of chest is
the better indication of fall detection. Secondly, when smart
phone is placed in the waist, the accuracy with one sensor
is lower than algorithm with two sensors. So, in this paper,
both acceleration and magnetometer are used to detect the
fall event.

• Performance Comparison
By a series of experimental tests, the experimental results

are shown in Table III below. Table III shows the number of
samples each activity in parenthesis. It can be observed that
the accuracy of this algorithm is quite high as shown in Table
III. Among experimental data, walking, going down-stairs,
and going upstairs are correctly identified and recognition
rate achieve the 100% in our data set. There are five

Fig. 5: Accuracy variance of different location and different numbers of
sensors.

jumping events mistaken for fall and two running events
mistaken for fall. The main reason of the phenomenon is that
young subjects are different from older people in simulating
jumping and running activities. Finally, our algorithm can
recognize 109 falls from 120 simulated fall events.

TABLE III: The result of the experiment tests

Samples
Walking
(30)

Going
down-
stairs
(30)

Going
up-
stairs
(30)

Jumping
(30)

Running
(30)

Fall
(120)

Fall 0 0 0 5 2 109
Non-Fall 30 30 30 25 28 11

Both Cao’s method [35] and Fang’s method [36] are
compared to our method. Table IV lists the result of the
three methods and shows the best part in our algorithm’s
result. Cao’s method is based on three axis accelerations and

Engineering Letters, 24:2, EL_24_2_06

(Advance online publication: 18 May 2016)

 
______________________________________________________________________________________ 



only considers the resultant acceleration values. The reason
that we compare with Cao’s method is to illustrate that two
sensors can obtain more information to distinguish the fall
event. As for the Fang’s method, it also puts the device in
the waist and we can compare the sensitivity and specificity
when two devices are put in the similar position in aspect
of performance. By contrast, we find that our algorithm has
better performance.

TABLE IV: The result of the three methods

Ours Cao Fang

Sensitivity (%) 90.83 92.75 72.22

Specificity (%) 95.33 86.75 73.78

D. Power Consumption

To test power consumption, we fully charged the two
SONY Z3 phones and then monitored the power states
continuously for 6 hours respectively. One of them was
remained without the fall detection application, while the
other ran the application continuously. Fig. 6 presents the
two curves of battery level states versus time during the time
period of 6 hours. If the application keeps running normally
until the battery power is exhausted, it will last more than
20 hours.

 Fig. 6: Power consumption: the solid line shows the battery levels when
the phone runs without the fall detection application; the dash line

presents the battery levels when the monitoring daemon and the pattern
recognition in the fall detection system run.

VI. CONCLUSION

This paper proposed a fall detection algorithm that utilizes
the smart phone with built-in accelerometer and magne-
tometer sensor to recognize the fall event from the human
activities. We firstly select ten subjects simulate ADL and
fall events to collect raw data which is to observe the
difference in human activities and get the option thresholds.
Considering the trade-off between recognition accuracy and
computing load, the sampling rate of 15Hz is adopted by
the algorithm. In addition, the algorithm uses the peak value
of SVM to detect fall events totally but there are still some
ADL mistaken for fall. In order to improve the accuracy,
base length of the triangle (B) and post-impact velocity (V)
are made the distinction between a real fall and some ADL,
like jumping, quickly sitting on a bed or physical exercise.
However, when the subject is running, the waveform of
which is similar to the waveform of the fall event meets the
thresholds above. So, our approach considers the residual

movement to distinguish with the real fall event and running
activity. Finally, the algorithm uses the vertical acceleration
to monitor the subject’s body posture for verification.
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