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Abstract: Lots of countries have gradually become an aging society, therefore, the safety issues 
of the elderly attract more and more attentions. Falling is one of the major reasons for the 
accidental injuries of the elderly, and many times such accidents have become irreparable regrets 
because of the delayed arrival of the ambulances. In this study, we propose to attach to the cane 
with intelligent embedded system with acceleration detection ability. Such system is able to 
collect the 3D acceleration data of the cane when it is used by the elderly in real time. We analyse 
the data with finite state machine in order to detect the fall accidents of the elderly. The smart 
cane is able to send alarm and location of the elderly to the hospital as soon as such accidents are 
detected, so that the ambulance can be dispatched immediately after the accident happened. 
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1 Introduction 

Year after year, the percentage of the elderly has been 
increasing substantially in the population of Taiwan. 
According to the data published by Ministry of the  
Interior in August 2011, the percentage of the people  
who are 65 years old or older has been up to 10.78% 
(http://sowf.moi.gov.tw/stat/indices/list.xls). One of the 
main reasons that cause injury for the elderly is the 
accidental incident; among them, the most frequently 
happened is the fall. Therefore, it is very important for us  
to study how to prevent such accident from happening,  
how to detect such event and how to contact the emergency 
unit immediately after such event happened in order for the 
patient to receive the appropriate medical care in time. 

Currently, the trigger mechanism of most fall incident 
reporting systems totally relies on the falling elder to press 

the button of the device. However, if, after the accident 
happened, the elderly is in a status of coma or disabled so 
that he or she cannot press the button, such mechanism fails. 
Recently, many studies have been conducted for the purpose 
of automatic detection of the fall accidents. Most of them 
applies a large number of acceleration sensors, level sensors 
or applies the technique of movement detection or image 
processing. All of the above automatic detection system 
require a large number of sensors installed in the living 
environment before they can work successfully. However, 
to install so many sensors on the body of the observed 
elderly may hinder the flexibility of their movement, and the 
sensors installed indoor cannot detect the accidents 
happened outdoor. 

There are many accessories that the elderly may take 
with or wear on, for example, necklaces, bracelets, watches 
or canes. If we would like to embed sensors (acceleration 
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sensors or GPS sensors) on these objects for the purpose of 
the fall detection, then canes are the best choices. This is 
because for any embedded system to work for a reasonably 
long period, the battery capacity is extremely important.  
If the battery capacity is too small, and the system needs to 
be charged several times a day, the embedded system will 
become useless in practical situation. For necklaces, 
bracelets or watches, the physical size is too small to put 
into a large battery, which results in low power supply and 
short running time. Another disadvantage of the watches or 
bracelets is that the frequency of the movement of the hands 
is too high. If we put acceleration sensors on watches or 
bracelets for the purpose of the fall detection, then the 
acceleration signal collected by the device will contain high 
frequency signal all the time and it becomes extremely 
difficult to detect abnormal situation from them. On the 
other hand, canes are widely used among the elderly. The 
size of the cane is usually big enough to contain a large 
battery, which ensures the long running time of the 
embedded system. Although the elderly may accidentally 
drop the cane when they finish using it, it is possible to 
prevent the false detection of the fall event through delicate 
product design. For example, it is possible to put a button on 
the cane, serving as the on/off switch of the fall detection 
mechanism.  

In this study, we propose to implement a smart cane 
using embedded system. We hope to add more functions  
to the cane which is a common assistive tool for the elderly. 
Such system will not put extra burden to the elderly,  
and can be used both indoor and outdoor. In our vision,  
such system is able to intelligently detect the accident of 
fall, and contact the emergency unit once such accident 
happens. 

We propose to install a three axis acceleration sensor  
on the cane which continually collects acceleration data.  
By analysing the data, it is possible to detect whether the 
accident of fall happened. A GPS system is employed to 
provide the detailed location information so that the 
emergency unit is able to arrive at the location where the 
accident happens. In order for the system to be able to send 
signals even in an outdoor environment, the proposed 
system employs GSM/3G network interface. We propose to 
use ARM-based embedded system as development platform 
because it has the advantage of low power consumption, 
which makes it become the most popular 32-bit architecture 
CPU in the whole world. ARM-based CPU has been widely 
used in smart phone system, including both Android OS  
and iOS. To develop a prototype of the proposed system,  
we used Android embedded system as our development  
and verification platform. The market share of Android 
platform has been increasing rapidly in the last two years. 
According to Gartner (http://www.gartner.com/it/page. 
jsp?id=1848514), up to 15 November 2011, its market  
share has reached 52.5%, and the growing trend is not 
stopping yet. 

In fact, in this study, Android is only used as a prototype 
for experimental purpose. The proposed idea of smart  
 

cane can be implemented using iOS or any mobile operating 
system, as long as such platform is equipped with 
acceleration sensor, GPS module and location-based 
service. We focus on how to collect acceleration data 
through this platform and how to detect the fall accident  
of the elderly by analysing data cleverly. When the accident 
happens, our proposed system will send an SOS signal 
through the GSM (or 3G) wireless communication system to 
the emergency unit with location information acquired from 
onboard GPS module. In case that the accident happens 
when the subject is located in an indoor environment,  
the smart cane is still be able to detect the location 
approximately through the location-based service provided 
by the vender of the mobile operating system (such as 
Android or iOS, both of which have the ability to locate the 
user through indoor WiFi signal). 

In this study, our contribution includes:  

• a novel idea of the implementation of a smart safety 
cane using existing smart phone hardware and software 

• a novel fall detection mechanism using finite state 
machine (FSM) trained on the acceleration data. 

Such implementation is cost-effective because it is no need 
to design a special purpose IC with specialised software  
and hardware. Therefore, the time-to-market can be greatly 
reduced if the proposed system is considered to be 
commercialised. In Section 5, it is shown that the proposed 
system is able to detect the fall accident with a detection 
rate as high as 84%, which shows the novel fall detection 
mechanism is effective. 

The rest of the paper is organised as the following.  
In Section 2, we surveyed and reported the existing  
work related to the fall detection and activity analysis.  
In Section 3, we defined the problem to be solved and 
briefly analysed it. In Section 4, we showed the hardware 
design of the proposed system and presented the analysis 
result of acceleration data collected by the proposed system. 
We also implemented the proposed system and performed 
experiments to collect the acceleration data from the  
real-life scenario. At the same time, the data about  
power consumption of the handheld device as well  
as the fall detection experiments based on 144 field trials  
is also recorded. All of the analysis results are organised  
and showed in Section 5. In Section 6, we concluded our 
work and discussed some possible directions of the future 
work. 

2 Background 

The existing work about the elderly fall detection can be 
divided into three categories:  

1 accelerometer based 

2 gyroscope based 

3 visual detection based on image and video analysis. 
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In the following paragraph, we will mainly review the work 
which belongs to category (1) because it is more related to 
the proposed system. 

There are many researchers who used tri-axial 
accelerometers with threshold algorithm for fall detection 
(Bourke et al., 2006; Kangas et al., 2008; Chen et al., 2006). 
Such algorithms simply raise alarms when the acceleration 
value detected by the sensor exceeds preset threshold.  
There are several sensors with hardware built-in fall 
detection (http://www.falldetection.com; Doughty et al., 
2000; Noury et al., 2003), and their accuracy is ~80%. 

Zhang et al. (1988) designed a fall detector based on 
support vector machine (SVM) algorithm. The detector was 
using one waist-worn accelerometer. The features for 
machine learning were the accelerations in each direction, 
changes in acceleration etc. Their method detected falls  
with 96.7% accuracy. Same group of Researchers also tried 
to embed an accelerometer in a cell phone (Zhang et al., 
2006) and detected falls with the proposed method.  
The cell phone was put in a pocket of clothes or hanged 
around the neck, which made the detection more difficult as 
with the body-fixed sensor. The cell-phone system correctly 
raised the alarm in 93.3% of the cases. 

Tapia et al. (2007) presented a real-time algorithm for 
automatic recognition of not only physical activities,  
but also, in some cases, their intensities, using five wireless 
accelerometers and a wireless heart rate monitor. The 
accelerometers were placed at shoulder, wrist, hip, upper 
part of the thigh and ankle. The features, e.g., FFT peaks, 
variance, energy, correlation coefficients, were extracted 
from time and frequency domains using a predefined 
window size on the signal. The classification of activity  
was done with C4.5 and Naïve Bayes classifiers into  
three groups: postures (standing, sitting, etc.), activities 
(walking, cycling, etc.) and other activities (running,  
using stairs, etc). For these three classes they obtained  
the recognition accuracy of 94.6% using subject- 
dependent training and 56.3% using subject-independent 
training. 

Willis (2000) developed a fall detection system  
based on belief network models, which enable probabilistic 
modelling of scenarios (e.g., normal walking, tripping/ 
stumbling and running) and the transitions between them. 
The sensors were placed under the heel and toe, which made 
it possible to reconstruct gait cycle and to detect falls.  
The accuracy was not reported. 

Selvabala and Ganesh (2012) built two wireless network 
architectures with tri-axis accelerometer and Passive 
Infrared sensor which are interfaced to monitor the activity 
of elderly people. The resultant voltage changes due to 
human activities will be detected by both sensors. The real 
time output is compared with stored template for the 
purpose of fall detection. 

Charlon et al. (2013) built a motion sensor network 
deployed on the ceiling to monitor motion and an electronic 
patch worn by the subjects to detect fall accidents.  
The parameter they used for fall detection includes 
 

• sum vector, which is the acceleration amplitude 
cumulated on the three axes 

• posture measurement, which can be calculated by the 
tilt angle between the z-axis and the floor. 

The sum vector method they used is similar to the signal 
presented in Kangas et al. (2012). 

A broader and more inclusive overview of the 
development of using ambulatory sensors for  
human movement monitoring can be found in Shany et al. 
(2012). 

3 Problem definition and analysis 

In the field of fall detection of the elderly, researchers have 
proposed many different solutions. The most common 
method is to affix a sensor to the target person (Bourke  
et al., 2006). Although it can detect the situation of fall,  
the additional sensor will burden the geriatric. On the other 
hand, though we can use the method of image recognition 
(Kangas et al., 2008; Chen et al., 2006) to achieve our  
goal and eliminate the need of affixing a sensor on the 
subject, the video camera that involve image processing is 
constrained by the environment. It must be installed at an 
appropriate location before we can use it. However,  
the indoor environment of the elderly may not meet the 
requirement. 

In this study, we propose a solution which does not 
require attaching sensors on the body of the elderly  
and is not limited by specific environmental conditions.  
We propose to install sensors and therefore add the fall 
detection function directly to the cane which the elderly 
always used. 

Acceleration sensors have been widely used in many 
prior studies (http://www.falldetection.com; Doughty et al., 
2000; Noury et al., 2003; Zhang et al., 1988, 2006; Tapia  
et al., 2007) due to its lower price and small size. In this 
study, we proposed to use acceleration sensors to collect the 
acceleration data, served as the primary source of signals 
used for fall detection. 

The main topics of our research include: acceleration 
data acquisition, the study of the curve characteristics  
of the fall pattern and walk pattern, and feature  
extraction and recognition of the continuous acceleration 
data. 

4 System design 

The goal of this study is to detect the fall accident, by 
attaching an embedded system on the cane. We focus on  
the part of the fall detection, because the proposed system, 
in fact, is able to be implemented using any mobile 
platform. We chose to use Motorola DEFY MB525 to  
be our experimental device. It has been already highly 
integrated with acceleration sensors and is running on 
Android OS (shown in Figure 1). 
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Figure 1 Motorola DEFY MB525 (see online version  
for colours) 

 

Observing the Android Framework, we knew that  
the acceleration sensors used in DEFY smart phone is 
KXTF9 three-axis acceleration sensors, made by Kionix 
company. According to the information disclosed by  
the manufacturer (http://www.kionix.com/accelerometers/ 
accelerometer-KXTF9.html), the detection range of the 
acceleration sensors can be set to ±2 g, ±4 g, ±8 g, 
according to the developer’s need. In our experiments, the 
range is set to ±8 g, and the step amount of the reading  
is 0.1 g. 

To verify the feasibility of using the acceleration sensors 
for fall detection, we attach the smart phone to the cane  
with the cell phone bag, wrapped firmly with Velcro band, 
as shown in Figure 2. 

In the following subsections, we will discuss the 
following three important topics:  

• the acquisition of the acceleration data 

• the characteristics of the curve of falling pattern and 
walking pattern 

• the pattern matching and recognition using continuous 
acceleration curve data. 

4.1 Acquisition of the acceleration data 

Before we start experiments, it is very important to verify:  

• whether the embedded system is able to collect 
continuous input of the acceleration data at a rate which 
meets the minimal requirement for fall detection under 
normal conditions 

• whether the hardware platform has the extra 
computational power for signal processing, feature 
extraction and classification. 

In Android system, the data acquisition rate of the 
acceleration sensors has already been classified into  
four grades. We perform data acquisition experiment  
as the follows: turn on the data collection software, then 

continuously spin the smartphone within the next one 
minute so that the axial position of the smart phone relative 
to the gravity is constantly changing during this period, 
which in turn drive the software to record the acceleration 
data into a file. At the same time, we use the TraceView  
tool provided by Android SDK to evaluate the system 
performance. TraceView provides the system resource 
usage summary among all modules in the OS. The  
primary observation is on the item called ‘Incl%’,  
which shows how many percentage of the execution  
time is occupied by the acceleration sub-module.  
The experimental results for all four grades are shown in 
Table 1. 

Figure 2 The attachment scheme between the cane and the smart 
phone (see online version for colours) 

 

We fixed the acceleration sensor to the top of the cane and 
collect the acceleration data starting from the time we 
release the cane all the way until the cane hit the ground. 
The data collection is performed three times under each of 
these four grades. Such protocol is to simulate the process 
of the falling of the cane when the subject is falling on  
the ground. The experiment is performed on a normal 
surface without any soft protection pads. The experimental 
results with respect to each of the four grades are plotted in 
Figures 3–6. We can see that in both SENSOR_DELAY_ 
FASTEST (Figure 3) and SENSOR_DELAY_GAME  
(Figure 4) modes we are able to collect the more detailed 
data about the acceleration process, while in SENSOR_ 
DELAY_NORMAL (Figure 5) mode, we cannot. The mode 
SENSOR_DELAY_UI (Figure 6) cannot collect enough data 
at the oscillation period after the cane falls on the ground. 
Therefore, we conclude that the acceleration data collection 
should be performed under either SENSOR_DELAY_ 
FASTEST or SENSOR_DELAY_GAME mode. 
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Table 1 The acquisition frequency and the test data of Android acceleration sensors 

Items Descriptions 
No. 

points/s 

Average 
interval 

(ms) 

Max. 
interval 

(ms) 

Min. 
interval 

(ms) 

Resource 
usage 

(Incl%) 

SENSOR_DELAY_FASTEST Maximal acquisition rate that is supported on this 
platform 

127 8 87 1 78.4 

SENSOR_DELAY_GAME The frequency that is designed for gaming 42 23 147 1 57.0 
SENSOR_DELAY_NORMAL The frequency that is suitable for change of 

screen direction (default) 
5 202 406 116 38.5 

SENSOR_DELAY_UI The frequency that is suitable for user interface  16 62 172 2 47.7 

Figure 3 Acceleration curve – fastest (see online version for colours) 

 

Figure 4 Acceleration curve – game (see online version for colours) 

 

Figure 5 Acceleration curve – normal (see online version for colours) 
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Figure 6 Acceleration curve – UI (see online version for colours) 

 
 
If we further consider the balance between the hardware 
performance and the maximal sampling rate of the 
acceleration data, after cross-comparing with the system 
performance data, it is more reasonable for us to collect the 
acceleration data in SENSOR_DELAY_GAME mode. 

Generally speaking, the length of a cane is ~90 cm.  
An important question to ask is: whether the acquired data 
varies with the locations that the acceleration sensor is 
attached to? To answer this question, we experiment  
with three different locations that the sensor attaches to, 
under the same falling process. The three locations can be 
categorised to ‘upper’, ‘middle’ and ‘lower’ position.  
The acceleration data are acquired under SENSOR_DELAY_ 
GAME mode, and the data acquisition process is repeated 
five times. We collected the first maximal amplitude of the 
acceleration in all five runs, and compute their mean.  
The results are shown in Table 2. 

Table 2 Position of the sensor and the corresponding maximal 
acceleration value detected 

Ordinal No.→ 
Position↓ 1 2 3 4 5 Average 

Upper (72 cm) 43.48 41.76 46.89 73.36 58.08 52.71 

Middle (38 cm) 33.52 38.05 37.78 30.73 52.47 38.51 

Lower (5 cm) 30.45 24.23 24.48 32.05 26.46 27.53 

From Table 2, we see that when the acceleration sensor is 
attached to the ‘upper’ location of the cane, under the same 
falling process, the amplitudes of the acquired acceleration 
data are higher than the other two cases. The higher 
amplitude of the variation gives more discriminative 
characteristics of the curve, which is an advantage for the 
pattern matching process later on. Therefore, we decide to 
attach the acceleration sensor to the ‘upper’ location in the 
later experiments. 

4.2 Characteristics of the acceleration curves 

When the subject is using the cane, most of the time they 
are in the walking mode. There might be very few cases that 
the cane is used for pointing or knocking. Sometimes they 

may be put aside too. In this study, besides fall detection, 
we wonder if we are able to further classify the walking 
mode of the elderly. To achieve such goal, we need to 
collect acceleration data under both normal walking mode 
and falling mode, and extract the discriminative feature 
from the curve for the purpose of classification. 

For the study of the characteristics of the acceleration 
curve under falling mode, the procedure of the experiment  
is as the following. We simulated the situation that the 
subject let go of the cane when he or she falls on the normal 
ground (without the soft protection pads). The experiments 
were performed three times. The typical acceleration  
curve is chosen among all recorded data, which is shown  
in Figure 7. 

From Figure 7, we can see that the process of the falling 
of the cane can be divided into four stages: falling down, 
hitting to the ground, bouncing around and becoming  
still. More detailed analysis is shown in Figure 8. At the 
beginning, when the cane is falling on the air,  
the acceleration is small, approaching to zero. Later, when it 
hits on the ground, there will be an enormous reverse 
acceleration. A few seconds later, when the cane is still 
bouncing around, there will be smaller ripples observed  
in the acceleration data. After all of the kinetic energy is 
consumed in the bouncing processing, the cane enters the 
still mode, and the acceleration curve goes back to flat 
status. 

Because it is almost impossible to predict the posture of 
the falling elderly and the direction that they fall, there will 
not be a fixed pattern observed in the acceleration data in 
either X-, Y- or Z-axis. But, if the acceleration data from all 
three axes is summed up (the curve A in Figure 8), we will 
be able to observe clear patterns in each of these four stages. 
Therefore, we will use the sum of the acceleration data from 
all three axes as our input signal. 

For the study of the characteristics of the acceleration 
curve under walking mode, the procedure of the  
experiment is the following. The subject walks with a cane 
(with the acceleration sensor attached) on a normal,  
flat ground for three minutes. The acceleration data are 
collected during the three minutes, which is shown in  
Figure 9. 
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Figure 7 Examples of the acceleration curves when the subject is falling (see online version for colours) 

 

Figure 8 Characteristics of the acceleration curve when the subject is falling (see online version for colours) 
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Figure 9 Characteristics of the acceleration curve when the subject is walking (see online version for colours) 

 
 
By observing Figure 9, we see that when a subject is 
walking with a cane, he or she lifts up the cane and moves it 
to a distance, then knocks it on the ground. Such process 
repeated indefinitely. When observing a single iteration,  
we can see that there will be a huge rise of the acceleration 
data followed by a huge falling within a very small duration, 
which corresponds to the action when the subject knocks the 
cane on the ground, as shown in Figure 9(a)–(c). Although 
the duration of the accidental change is very small, within 
0.1 s, the acceleration sensor can still detect such variation. 
After the action of knocking the cane, the subject lifts up the 
cane. This action, together with the reaction force from  
the ground, makes the acceleration curve rise a little, but the 
amplitude is not as much as the previous stage. 

From Figure 9, we see that the summation of the 
acceleration data (Figure 9, curve A, circled by e) and the 
acceleration data collected from Y-axis (Figure 9, curve Y, 
circled by d) are almost the same. This is because when 
attaching the acceleration sensor to the cane, the Y-axis is 
parallel to the direction of the gravity. The reading of the  
Y-axis when the cane is still reveals the amount of gravity. 
Therefore, if we want to determine whether a subject is 
walking, we can use the acceleration data read from the axis 
which is parallel to the gravity for feature extraction and 
classification. 

4.3 Matching of the characteristics 

Among the research related to the application of  
the acceleration sensors, most of them use the method of 
thresholding of the acceleration data for classification. After 
collecting and analysing enough acceleration data of falling 
mode, a single threshold is computed. When the detected 
acceleration data is above the computed threshold,  
it indicates the accident of fall happened. Although this 
method is simple and easy to implement, it is prone to give 
false alarm due to many exceptional cases. 

The acceleration data acquired from the cane can be 
treated as a continuous signal in time domain. The features 

extracted from the signal can be used for matching. Among 
the studies about fall detection using embedded system on 
the cane, Lan et al. (2009) proposed to apply the technique 
of subsequence matching for such problem. They collect the 
acceleration data during falling mode. After normalising the 
data, they computed the Euclidean distance between the  
test data and the training data, and built a decision tree  
as the mean for classification. Such method requires a 
hardware platform that has high computational power order 
to compute the Euclidean distance continuously order to 
feed the data into the decision tree. 

Subsequence matching is a very popular technique in 
data mining. The goal of this method is to examine a long 
sequence of data, and detect whether there exist a partial 
fragment of the sequence which matches to the target 
sequence. Many researchers used Euclidean distance as 
distance merit for comparison. If the minimal Euclidean 
distance is smaller than a predefined threshold then it claims 
the partial fragment matches the target. 

Euclidean distance between two points X = [x1, x2, 
…, xn] and Y = [y1, y2, …, yn] is defined as 

2

1
dist( , ) ( ) .

n

i i
i

X Y x y
=

= −∑  

From the above equation, we can see that the smaller 
dist(X, Y) is, the more similar X and Y are. Therefore, if X 
represents the training data and Y the test data, then we can 
use the value of dist(X, Y) to decide whether they match 
with each other. 

Such matching scheme was used in Kangas et al. (2006). 
However, it requires computing Euclidean distance between 
the training data and test data in a long sequence, which 
consumes a huge amount of computational resource. 

In this study, after detailed analysing the acceleration 
data, we found that the data exhibit consistent features  
under the same mode, when sampling rate keeps constant. 
Therefore, we chose to divide the whole data sequence into 
smaller window, and compute Euclidean distance between 
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the current window and the previous window. In this way, 
we do not need to compute the Euclidean distance  
between two extremely long sequences, therefore saves 
computational resource. Another advantage is that such 
algorithm enables us to perform real-time fall detection, 
because we do not need to delay the distance computation 
until a long data sequence is recorded. 

4.4 Classification of user behavioural mode 

FSM is consisted of a set of finite states and the behavioural 
modes that represent the moving or transition between  
those states. In this study, after carefully analysing the 
acceleration curve in Sections 4.2 and 4.3, we conclude that 
the total number of states that possibly appear in falling 
mode is five, including: Collapse, Impact, Shock, Inactivity 
and Falling. For walking mode, there are three states, 
including:  

• Cane Hit Start  

• Cane Hit End 

• Walking. 

Therefore, we will use this FSM and locus of its transition 
to represent whether the user is in walking mode or falling 
mode. Figure 10 shows the entire FSM. When the system 
starts, it is at Initial/Normal state. When the variation of the 
acceleration meets the preset threshold of either falling or 
walking mode, and the variation is within the predefined 
time window, the system transits to the new state according 
to the acceleration pattern. 

On the basis of the data we collected in experiments, we 
fine-tune the decision threshold of acceleration variation 
and time interval in Table 3, and come up with the optimal 
values for the threshold of the condition of transition of the 
proposed FSM, as shown in Table 4. 

Figure 10 Finite-state machine of falling and walking modes (see online version for colours) 

 

Table 3 Transition condition of the FSM shown in Figure 10 

Transition 
State → 
Condition↓ A B C D E F G H I 

1 A <EnterCollapseThreshold B n/a n/a n/a n/a n/a B B B 
2 (A <EnterZeroGravityThreshold) and 

(Time <TimeOutThreshold_FallingCollapse) 
n/a C n/a n/a n/a n/a n/a n/a n/a 

3 ((A-A-1) >EnterImpactThreshold) and 
(Time <TimeOutThreshold_FallingImpact) 

n/a n/a D n/a n/a n/a n/a n/a n/a 

4 ((A-A-1) <EnterInactivityThreshold) and 
(Time <TimeOutThreshold_FaillingShock) 

n/a n/a n/a E n/a n/a n/a n/a n/a 

5 ((A-A-1) <EnterInactivityThreshold) and 
(Time >TimeOutThreshold_FaillingInactivity) 

n/a n/a n/a n/a F n/a n/a n/a n/a 

6 Falling Count++ n/a n/a n/a n/a n/a A n/a n/a n/a 
7 ((Y-Y-1) >EnterWalkingThreshold) or 

((Y-Y-2) >EnterWalkingThreshold) 
G n/a n/a n/a n/a n/a n/a n/a n/a 
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Table 3 Transition condition of the FSM shown in Figure 10 (continued) 

Transition 
State → 
Condition↓ A B C D E F G H I 

8 (((Y-Y-1) >EnterWalkingThreshold) or  
((Y-Y-2) >EnterWalkingThreshold)) and  
(Time <TimeOutThreshold_WalkingCaneHitStart) 

n/a n/a n/a n/a n/a n/a H n/a n/a 

9 ((Y-Y-1) <EnterWalkingThreshold) or 
((Y-Y-2) <EnterWalkingThreshold) 

n/a n/a n/a n/a n/a n/a n/a I n/a 

10 Walking Conut++ n/a n/a n/a n/a n/a n/a n/a n/a A 
11 Time >TimeOutThreshold_FallingCollapse n/a A A A A n/a A A n/a 
12 Time >TimeOutThreshold_FallingImpact n/a n/a A n/a n/a n/a n/a n/a n/a 
13 Time >TimeOutThreshold_FaillingShock n/a n/a n/a A n/a n/a n/a n/a n/a 
14 Time >TimeOutThreshold_FaillingInactivity n/a n/a n/a n/a A n/a n/a n/a n/a 
15 Time >TimeOutThreshold_WalkingCaneHitStart n/a n/a n/a n/a n/a n/a A n/a n/a 
16 Time >TimeOutThreshold_WalkingCaneHitEnd n/a n/a n/a n/a n/a n/a n/a A n/a 

 
Table 4 Threshold of the condition of transition of the 

proposed FSM 

Name Threshold 
EnterCollapseThreshold 3.0 
EnterZeroGravityThreshold 2.5 
EnterImpactThreshold 25.0 
EnterInactivityThreshold 1.0 
EnterWalkingThreshold 11.0 
TimeOutThreshold_FallingCollapse 700 ms 
TimeOutThreshold_FallingImpact 700 ms 
TimeOutThreshold_FaillingShock 5000 ms 
TimeOutThreshold_FaillingInactivity 1000 ms 
TimeOutThreshold_WalkingCaneHitStart 50 ms 
TimeOutThreshold_WalkingCaneHitEnd 50 ms 

5 System testing and result 

In this section, we introduce our implementation of  
fall detection system, perform system test and discuss the 
results. 

5.1 User interface 

Two example images of the interface of system are  
shown in Figure 11. The major difference between these 
two screens is whether it is set to show or hide the 
functional buttons, the textbox for threshold input and the 
textbox for the name of the storage data file in experimental 
stage. The left figure is the screen when all of the detailed 
functions being turned on, and the right one is the case when 
they are turned off. 

Figure 11 System screens (show or hide the engineering mode) (see online version for colours) 
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When action of falling is detected by the system, the screen 
shows the users the options of ‘falling confirmation’ and 
‘delay alarm’. If the user is not hurt too seriously, then he or 
she can push the biggest button in the middle to cancel the 
sending of SOS message. The text of this button is  
‘Not Falling’ in normal mode, but changes into ‘In Falling’ 
when it waits for the user’s input. 

5.2 Experiment and the result 

For the experiment of system testing, even if the  
elderly have worn the all-covered protectors before they  
fell down on the ground, it cannot be guarantee that  
they would not get hurt. To prevent such tragedy, we ask  
 

young people to perform the experiment of both falling 
down and normal walking. For the sub-experiment of  
falling down, we ask the subjects to simulate the action  
of falling forward and falling backward, as shown in  
Figure 12. During the process, we let the experimenter  
fall on soft cushion and the cane (with embedded system) 
falls on the hard ground. For the sub-experiment of  
normal walking, the goal is to detect the number of the  
cane shift under normal walking mode. During the process, 
we asked the subject to walk for one minute in the hard 
ground. Because we would like to investigate whether the 
speed of walking influence the acceleration data acquired, 
we further divide the speed into three categories: normal, 
trot and stroll. 

Figure 12 Test condition of the system (falling forward/falling backward) (see online version for colours) 

 
 
Besides the modes of falling forward and backward, for the 
purpose of fall detection, we also simulated the other two 
situations which relate to the relative distance between the 
subject and the cane: freely falling of the cane, and thrown 
out of the cane. Each subject performed these four different 
falling modes ten times. 

We hired three subjects for the experiments. The test 
results are shown in Tables 5 and 6. 

Table 5 Test results for falling mode 

Test items Subject A Subject B Subject C 

(Subject) falling forward 1 7 7 
(Subject) falling backward 3 8 5 
(Cane) freely falling 9 9 9 
(Cane) thrown out 10 10 10 

Table 6 Test results for walking mode 

Subject Walking speed
Shifting number 

of the cane 
Detected shifting 

number 

Normal 30 23 
Trot 33 33 

A 

Stroll 28 20 
Normal 29 21 
Trot 35 26 

B 

Stroll 27 20 
Normal 27 27 
Trot 34 53 
Stroll 21 21 

C 

Stroll 
(Threshold 15)

31 31 
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5.3 Discussion 

We plotted the test results into both bar chart and line chart, 
shown in Figure 13. 

As shown in Figure 13, the results of the subject C 
reveal some problem. For the trot state of subject C, the 
false detection rate is up to 56%, while in the normal state 
and stroll state, the detection rate is 100%. For subject A 
and B, the detection rate is roughly around 70%, except for 
subject A, in trot mode, the detection rate achieves 100%. 
After discussing the results with all of the subjects,  
we suspect that the detection rate is highly related to the 
force they applied when moving the cane. Subject C applied 

stronger force compared with the other two, which causes 
that the system mis-classifies the non-clicking event  
as clicking in trot mode. After adjusting the threshold to  
15 and performed the experiment again, the detection rate 
was enhanced to 100%. 

From the experimental results of the walking mode,  
we conclude that the detection rate varies with the force 
applied by the users. Therefore, the appropriate value of the 
threshold needs to be trained subtly through learning from 
the user behaviour. 

For the experimental results for the falling mode, again, 
we plotted the number into bar chart and line chart, as 
shown in Figures 14 and 15. 

Figure 13 Bar chart and the line chart of the test results for walking mode (see online version for colours) 

 

Figure 14 Bar chart and the line chart of the test results for falling mode, with respect to each subject (see online version for colours) 
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Figure 15 Bar chart and the line chart of the test results for walking mode. The numbers are summed up with respect to each test item  
(see online version for colours) 

 
 
From Figure 15, we see that the detection rate of the  
cases of freely falling and thrown out (the last two  
items) achieves 90% and 100%, respectively. But the 
detection rates of falling forward and falling backward  
are only 50% approximately. Figure 14 reveals that  
for subject A, the detection rate of falling forward and 
backward is relatively low, compared with other subjects. 
Considering the average of the detection rate of these two 
items, it is 20%, 75% and 60% for subject A, B and C, 
respectively. 

We reviewed the process of falling with each of  
the subjects and found that, for subject A, the cane  
is always held in hands when he is falling forward  
or backward. But for subject B and C, the cane is 
involuntarily let go or thrown out by the subject when  
they fall, because they would like to sustain their  
falling body with the cane subconsciously. Therefore, if the 
falling pattern of a person is close to subject B and C,  
it is easier for the current system to accurately detect the fall 
accident. 

We re-tested the process of falling forward  
and backward for the subject A, and recorded all the 
acceleration data during these two modes. Figures 16 and 17 
show the results. 

Figures 16 and 17 show that the variation of the  
acceleration curves in both falling forward and backward 
modes cannot satisfy the preset threshold condition. 
Therefore, if a subject grasps the cane tightly during  
the overall process of falling down, then the success  
rate of detection would decline dramatically because the 
acceleration variation would not be as large as the case 
when the cane is thrown out subconsciously. 

In most cases, we found that people involuntarily let go 
or thrown out the goods in their hands so that they can spare 
their hands to support their falling body. Therefore,  
we excluded test result of fall forward and fall backward of 
subject A and did not change the design of the FSM. 
According to the experimental results of the current design 
of the FSM and threshold, the success detection rate can 
achieve 84%. 

Table 7 listed the detection rate of our proposed system, 
as well as existed work which reveals exact numerical 
results in the publication. The first thing to notice is that the 
proposed method outperform the method in Noury et al. 
(2003), where in that case the acceleration data comes  
from sensors attached on the body. It shows the proposed 
FSM method is more robust than the simple thresholding 
method. 

Figure 16 Acceleration curve of subject A in the mode of falling forward (see online version for colours) 
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Figure 17 Acceleration curve of subject A in the mode of falling backward (see online version for colours) 

 

Table 7 Comparison of the detection accuracy between the proposed system and the existing work 

Method 
FSM on single 

sensor on the cane 
Simple thresholding on 
two sensors on the body 

SVM on  
waist-worn sensor 

SVM+KFD+kNN on 
sensors of a cell phone 

Decision tree and NaïveBayes 
on five sensors on the body 

Author Ours Noury et al. (2013) Zhang et al. (1988) Zhang et al. (2006) Tapia et al. (2007) 
Accuracy 84% 81% 96.7% 93.3% 94.6% 

 
For the work done in Zhang et al. (1988) and Tapia  
et al. (2007), the sensor is located directly on the subject’s 
body. In addition, the classification algorithm proposed  
in Zhang et al. (2006) and Tapia et al. (2007) includes 
combinations of complicated machine learning algorithm, 
therefore, it is reasonable that they achieves higher detection 
rate than our method. 

5.4 Power consumption measurement 

In this study, the power of the device is consumed by 
acceleration sensor, GPS module, and data communication 
through wireless network. Again, we used Moto Defy cell 
phone as our experimental platform for the experiment  
of power consumption measurement. The capacity of the 
battery on Moto Defy is 1500 mAh. After the battery is fully 
charged, we turned off all other software and only kept  
the fall detection software running on the foreground with 
acceleration sensor, GPS module and data communication 
module turned on. After 9 h, 85% of battery power is 
consumed, of which 79% is consumed by our software. 
Therefore, on average, it is measured that our fall detection 
software consumed 7.46% of the total power each hour, i.e., 
it consumed 201 mAh each hour. Such power consumption 
should satisfy the need of fall detection for general elder’s 
lives. 

5.5 Large-scale experiment of fall detection in real 
life scenario 

To measure the false accept rate (FAR) and false reject rate 
(FRR) of the proposed system, we designed and conducted a 
large-scale experiment. There are nine subjects participating 
in this experiment. Each participant was asked to perform  
a series of actions which consist of real fall and other 
movement, while using the smart cane as a walk-assisting 
tool. There are eight actions in one run, and each participant 
was asked to perform two runs in total. The total number of 

actions performs by the nine participants is 144. The whole 
experiment was performed in Feng Chia University.  
The actions as well as the corresponding acronyms are listed 
in Table 8. 

Table 8 Eight actions that each participant was asked to 
perform in the large-scale fall detection experiment 

Action No. Action description Acronym

1 Squatting (1st time) SQ1 
2 Sitting (1st time) ST1 
3 Falling on the hard ground FH 
4 Dropping the cane without body falling 

(1st time) 
DF1 

5 Squatting (2nd time) SQ2 
6 Sitting (2ndtime) ST2 
7 Falling on the soft ground FS 
8 Dropping the cane without body falling 

(2nd time) 
DF2 

We plotted the number of detected falling (by the proposed 
system), the number of actions, and the alarm rate (the ratio 
between the two) in Figure 18. In this figure, the Y-axis on 
the left-hand side shows the number, and the Y-axis on the 
right-hand side shows the percentage. 

From Figure 18, we can see that for the movement 
which is not the target of the proposed system (e.g., 
squatting or sitting), the number of detection is low, 
resulting in low alarm rate. This is good for our system, 
because such alarms belong to ‘false alarm’. It shows the 
proposed system has low false alarm rate. 

For the real fall movement (action FH and FS), in  
Figure 18, we can see the successful detection rate is  
pretty high, resulting in high alarm rate (94% and 89%).  
It demonstrates the high “true acceptance rate” of the 
proposed system. 
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Figure 18 Number of actions, the number of detected falling (by the proposed system) and the alarm rate (the ratio between the two).  
The bar shows the number, and the cyan curve shows the alarm rate (see online version for colours) 

 
 
For the movement which is similar to fall, but not the target 
movement (DF1 and DF2), the alarm rate is also high. This 
is also reasonable because in these two cases, the smart can 
is indeed dropped to the ground. Without any prior 
information given by the user, the smart cane is not smart 
enough to distinguish an unintentional fall (when the subject 
is falling at the same time) from an intentional one (when 
the subject wants to drop the cane order to sit down or for 
other purpose). Therefore, the high alarm rate is reasonable 
in these cases (DF1 and DF2). 

One would naturally ask the question: “Then, what 
should be done order to decrease the false alarm rate as we 
saw in the case DF1 and DF2?” As system designers, we 
would like to suggest that the solution should be put into  
the system UI (user interface) level because the prior 
information from the users is absolutely needed in this case. 
One of the solutions that we suggest is to put a small button 
near the handle of the cane. The purpose of this button is to 
temporarily stop the fall detection mechanism in the system. 
When the user would like to put the cane aside for any 
reason (to sit, lie down or any other purpose), he or she 
should press the button before doing so. In this way,  
the fall detection mechanism of the smart cane is stopped 
temporarily during the cane dropping process which is 
initiated by the user intentionally. By designing such UI, the 
false alarm rate would decrease substantially. 

To sum up briefly, the FAR and FRR of the proposed 
system computed from the experimental result is 26% and 
8%, respectively. This shows that our proposed system 
tends to classify an uncertain event into a fall accident than 
directly ignoring it. Such ‘conservative’ characteristic is 
very suitable for the scenario of the proposed system 
because we would not like to see the proposed system  
mis-classify any fall accident in real-life scenario. In other 
words, it is better for the proposed system to have high 
probability to make a ‘false alarm’ than to miss many events 
that are truly something which hurt the elderly. It is one of 
the core values for us to design such system in the first 
place. 

6 Conclusion and future works 

In this study, we implemented a smart cane by attaching 
embedded system to a cane and collecting acceleration data 
for the purpose of detection of fall accident. In the research, 
we found the process of falling down can be described with 
a process of transition consisting of four stages, which  
we represent with a FSM. Acquiring the acceleration data 
through the sensor, and computing the Euclidean distance 
between every window in the data sequence, we are able to 
define an appropriate threshold of the difference of the 
acceleration curve for the state transition. Finally, we 
implemented the FSM into the Android embedded hardware 
platform to finish the project. 

We successfully implemented a fall detection system by 
integrating the embedded hardware platform with the cane, 
which can be practically used in both indoor and outdoor 
environment. With this system, the success detection rate 
for fall accident achieves 91.5%. For the case where the 
system is not able to detect the falling action, we concluded 
it is because the way and the force applied by each user is 
different. Therefore, an unified threshold may not apply to 
all users. But, the experimental results still show that the 
proposed hardware platform is feasible and effective enough 
to be used in practical situation. If more experiments  
are performed for the case of walking and more detailed 
mathematical models are applied in the FSM, it is possible 
to further reduce the FAR and FRR simultaneously. 

The future work can be divided into algorithmic aspect 
and system aspect. For algorithmic aspect, one possible 
direction is the continuous improvement to the FSM.  
For example, we can further divide the process of falling 
into more number of states, and, after collecting more 
experimental data, fine-tune the threshold in order for better 
segmenting the falling states. Another possible direction is 
to apply machine learning technique to automatically learn 
the optimal threshold from the user behaviour to build 
customised smart cane for each individual. Such system is 
able to adapt to its owner through learning and therefore, 
enhance the success detection rate. 
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For system aspect, the future work includes increasing 
the number of sensors to detect if the cane is held firmly  
by users, as well as the leaning degree of the user’s body,  
to enhance the fall detection rate. 
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