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Abstract. The loT fall detection system detects the fall through the data classification of
falling and daily living activity. It includes microcontroller board (Arduino Mega 2560),
Inertial Measurement Unit sensor (Gy-521 mpu6050) and WI-FI module (ESP8266-01). There
total ten (10) subjects in this project. The data of falling and non-falling (daily living activity)
can be identified. The falling is the frontward fall, while the daily living activity includes
standing, sitting, walking and crouching. K-nearest neighbour (k-NN) classifiers were used in
the data classification. The accuracy of k-NN classifiers were 100% between falling and non-
falling class. The feature was selected based on the percentage of accuracy of the k-NN
classifier. The features of the Aareal.z (97.14%) and Angle.x (97.24%) were selected due to
the good performance during the classification of the falling and non-falling class. The
performance of the Aareal.z (58.41%) and Angle.x (57.78%) were satisfactory during the sub-
classification of the non-falling class. Hence, the feature of Aareal.z and Angle.x were
selected as the features which were implemented in the 10T fall detection device.

1. Introduction

A patient falling will cause bone fracture, haemorrhage and even death. The severity of the injury was
divided into four levels, such as minor, moderate, major and death. It can be reduced to the minor
level by detecting the patient fall. The fastest the fall detected, the lowest the risk of patient falling [1].
The Internet of Things (IoT) fall detection system is developed to overcome some problems. For
instance, limited number of the healthcare staffs in the rural or city based healthcare sector, increasing
number of patient fall and limitation of the current systems [2]. The problem of limited humber of the
healthcare staffs in the rural or city based healthcare sector occurs when the healthcare staff is not
enough to provide professional care to the increasing number of patients [3], [4], [5]. The problem of
the increasing number of patient fall occurs when the patient fall is unable or hardly to be detected.
Lastly, there is some limitation of the current systems. The current systems include a camera-based
fall detection system [6], 3D fall detection system [7], and multiple sensor fall detection system [8].
This type of system is heavy in size, non-portable and unable detects fall in real-time [9]. Hence, 10T
fall detection system is needed to be developed to overcome these limitations.

2. Methodology

2.1 Structural design of the 10T fall detection

An overview of an IoT fall detection device consists of three main parts including data acquisition,
data concentration processing and a back-end system is shown in Figure 1(a). A sensor node of an
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loT-based fall detection system is responsible for acquiring motion data and transmitting the data via
a wireless communication protocol to a smart gateway. Depending on particular fall detection
systems, the collected data can be pre-processed or kept intact before being transmitted. In this
system, the collected data (raw data) is processed by complex algorithms or methods like fall
detection based on k-nearest neighbor algorithm. Then, the processed data will be classified into
falling and non-falling condition. The data and result will be stored in cloud processing analytics. The
visualization of data is in the mobile application.
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Figure 1. An loT fall detection device (a) Overview system (b) Prototype

This system includes of six components, such as microcontroller board (Arduino Mega
Development Board (AMDB)), IMU sensor (Gy-521 MPU6050), WI-FI module (ESP8266-01),
buzzer alarm, on-off switch and push button as shown in Figure 1. Arduino Mega Development Board
was equipped with the ATMEGA2560 processor, which features a maximum clock rate of 16MHz. It
was embedded with 54 general-purpose digital 1/0 pins and 6 communications TX/RX pins that used
in the connection with WI-FI module (ESP8266-01). It also supports serial communication of 12C and
SPI bus which was used in the connection with the IMU sensor (Gy-521 MPU6050) [10].

The construction of WI-FI module based on IEEE 802.11, is able to support transparent
transmission mode and multiple network protocol [11]. It is a self-contained SOC with integrated
TCP/IP protocol stack that can allow any microcontroller access to the WI-FI network. It features
802.11 b/g/n, WI-FI Direct or WI-FI peer-to-peer (P2P) is capable of hosting an application of
offloading all WI-FI networking functions from another application processor. The module has an
integrated 32-bit CPU, which can be used as application processor, and 1MB flash memory [12].
ESP8266-01 is low energy consumption and suitable for the application in mobile devices, wearable
electronics and networking application design [13]. ESP8266-01 is selected as the 10T device based
on the following strength and advantages, such as low power consumption, easy to compute, light
weight and cost-effective.

The piezoelectric buzzer contains the positive and negative pin. The positive pin of the
piezoelectric buzzer is connected to the digital pin 13 on the AMDB while the negative pin of the
piezoelectric buzzer is connected to the ground of the AMDB. The 3 pins toggle switch acts as on-off
switch. It contains pin 1, 2, 3, 4 and 5. When the switch turns to pin 1, the circuit will become “ON”
state, while the circuit will become “OFF” state when the switch turns to pin 2. The pin 3, 4, 5 are
connected to the ground pin, digital pin 3 and 5V on the AMDB, respectively. The pushbutton act as
fall alarm cancel button. When the button is pressed, the fall alarm will be cancelled. The pin 1 is
connected to the digital pin 4 on the AMDB and the pin 2 is connected to the ground. The prototype
of the 10T fall detection device is shown in Figure 1(b).

The IMU sensor in small size and can be placed in different position of the human body. IMU is
unaffected by the external signals or reference [14-15]. Gy-521 MPUG050 is a device that combines
the 3-axis gyroscope and a 3-axis accelerometer on the same silicon die together with an on-board
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Digital Motion Processor (DMP) as in Figure 2. R represents resulted distance of the Rx, Ry and Rz
and calculated by Equation 1. The angle of Axr, Ayr and Azr are calculated by using Equation 2, 3
and 4.

A

Pitch Axis

X
/ ) g

Roll Axis
aw Axis

(@) (b)
Figure 2. IMU sensor characteristic: (a) Tri-axial accelerometer [16]; (b) Yaw, pitch and roll
orientation [17]

R=,/(Rx)*+ (Ry)* + (Rz)? 1)
Where, R = Resulted distance
Rx = Distance along the x-axis
Ry = Distance along the y-axis
Rz = Distance along the z-axis

AXr = cr:rs_l%x 2)

_ -1 8y 3
Ayr=cos ~— ©)
Azr = cns‘l%z 4)

Where, Axr = angle between R and the x-axis
Ayr = angle between R and the y-axis
Azr = angle between R and the z-axis

The gyroscope was used to determine the yaw, pitch and roll orientation of the subject. The
yaw, pitch and roll orientation are shown in the Figure 2 (b), which can be calculated by using
Equation 5, 6 and 7. A Quaternion is represented in the form of go + qii + g2j + gsk. Quaternion
number is used in the calculations that involving three-dimensional rotations, such as yaw, pitch and
roll [18].

o een 2(goq1 + Gags) ®)
Roll = fi’ = arctan (m)

Pitch = 0 = arcsin (2(qug: — gaq1)) (6)

2(gogs + 1 + fi’:a}) (7)

Yow = 1 = atan ( . -
1 —2(g3 + q3)

:2.2 Data Extraction

The 12C clock of the IMU sensor is set up as 400 kHz and the serial communication is initialized as

115200 bits per second. The Arduino interrupt pins are set up or configure to fetch the IMU sensor
3
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data. The Digital Motion Processing (DMP) is initialized. Then, the Arduino interrupt detection
enabled. The data will be stored in the first in, first out (FIFO) buffer [19]. FIFO buffer is temporary
data storage and store the data that arrive to a microcontroller peripheral asynchronously. The
interrupt status is set as 0x02 memory location to read the data. Then, the tri-axial accelerometer and
gyroscope data were read from the FIFO and displayed on the serial monitor. The parameters of the
tri-axial distance and angle were extracted.

2.3 Data Testing and Validation

The tri-axial distances were tested in the range from the 0 m to 0.5 m, while the angles were tested
from O degrees to 180 degrees. The efficiency of the prototype was validated by calculating the
average time taken for the IMU sensor calibration process. Ruler, tape, and projector were used during
testing and validation process. Each axis was tested and validated by using the same procedures.
Firstly, the IMU sensor was placed on the 0 cm of the ruler as the origin of the x-axis. Then, the IMU
sensor was moved along the fixed axis of ruler and stopped at the 10 cm of the ruler. The distance
travelled was identified by the IMU sensor data and displayed on the serial monitor of the Arduino
IDE software. Next, the testing process for the 20 cm, 30 cm, 40 cm, and 50 cm was carried out by
using the same procedures.

For the testing and validation of the angle, the IMU sensor was placed horizontally beside the
origin of the projector, and then the IMU sensor was elevated to 30 degrees along the semicircle of the
projector. The measured angle was identified through the observation of the serial monitor of the
Arduino IDE software. The testing for the degree of 60, 90, 120, 150 and 180 was using the same
procedure. The IMU sensor data were validated by calculating the average of the total percentage
error in the five trials [20] by using Equation 8.

Actual value—Measured value 8
%E = # 1{]0% ®)

Actual value

2.4 Data Collection

Data was collected from 10 (5 males and 5 females) University Malaysia Perlis (UniMAP) students.
The average age of subjects was 24 + 1 year. The average weight was 60.1 kg and the average height
was 166.1 cm. Each subject performed 4 different Activity Daily Living (ADL) tasks and frontward
falling as shown in Figure 3. The 4 different ADL tasks were the sitting, standing, walking and
crouching. For the falling protocol, the subject will perform frontward fell on a mattress with a height
of 9.5 cm. For sitting protocol, the subject will sit on a chair with height of 45 cm. For standing
protocol, the subject will stand steadily about 2 seconds. For crouching protocol, subject will perform
a vertical crouched. For walking protocol, the subject will walk with distance of 120 cm. Each task
will be performed 5 times. The features of the acceleration, distance and angle in the x, y and z-axis
will be recorded.

(b) (©) (d) (©)

Figure 3. Protocol: (a) Falling; (b) Sitting; (c) Standing; (d) Crouching; (e) Walking;

2.5 Features Extraction

Eight features had been extracted, which are Aareal.x, Aareal.y Aareal.z, Dist.x, Dist.y, Dist.z,
Angle.x and Angle.z. The Aareal.x, Aareal.y and Aareal.z were the acceleration in the x, y and z-axis
respectively. Then, the Dist.x, Dist.y and Dist.z were the distance of X, y and z-axis respectively. The
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Angle.x was angle between subject’s motion axis and X-axis; while angle.z was the angle between
subject’s motion axis and z-axis. The acceleration in the X, y and z-axis were calculated by using the
DMP of IMU sensor. The function of mpu.getGetQuaternion (&g, fifoBuffer) and
mpu.dmpGetGravity were used to extract the quaternion angle and gravity vectors. The quaternion
angle and gravity vectors were used for the calculation of acceleration in the x, y and z-axis.

The distance in x, y and z-axis were calculated through the subtraction between current
acceleration and previous acceleration. The result was not multiplied by the time taken because the
time taken was set as constant. The angle in the x and z-axis were calculated by the equation 3 and 5.
Angle.y was not selected because it was too small and be neglected. Since the motion of the subject
was on the reference axis (Aareal.y) during the ADL activities and falling action, hence, the angle
between the subject’s motion and the reference axis was too small and be neglected.

2.6 Data Classification

The data had been classified by using the k-NN. k-NN classifier is a type of instance-based learning
that is simple to implement in the data classification. The working principle is based on the measuring
the distance or similarity between the tested data and the training data. The k-value is ranged from 1
to 10 and needs to be varied in order to find the match class between the testing and training data. The
original sample will randomly partition into k equal sized of subsamples. One of the subsamples will
be retained as the validation data for testing of the model, while the remaining k-1 subsamples used as
training data. All data will be used for both training and validation by using the k-fold cross-validation
method [10, 21]. The performance of the k-NN classifier depends significantly on the distance used
[22]. The distances of the Euclidean, city-block, cosine and the correlation are used.

3. Result and Discussion
The result and discussion had been divided into four parts, such as testing and validation,

classification between the falling and non-falling class, sub-classification of the non-falling class, and
feature selection.

3.1 Testing and Validation

There are only five features out of eight features were selected for testing and validation, which were
Dist.x, Dist.y, Dist.z, Angle.x and Angle.z. However, Aareal.x, Aareal.y and Aareal.z were not
selected because acceleration is calculated from the differentiation of distance with respect to time.

Testing and Validation for Distance Testing and Validation for Angle
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Figure 4. Testing and Validation of (a) Distance (b) Angle

The result of testing and validation of distances for the 0.1 meter and 0.2 meter is shown in Figure
4(a). There are two distances (0.1 and 0.2 meter) were used because average height of the subject is
within 1.66 cm. The result of testing and validation of angles for the 120 degrees, 150 degrees and
180 degrees is shown in Figure 4(b). The 120 degrees, 150 degrees and 180 degrees are used because
the values within this range represent the angle between subjects’ motions with relevant axis. The
results are the average of percentage error for the parameters in five trials. The percentage error of the
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Angle.x is lower than the Angle.z is due to the subject was fell toward the x-axis during the frontward
fall. Hence, percentage of accuracy for the Angle.x will be higher than the Angle.z.

3.2 Feature Selection

Figure 5(a) show the performance of k-NN classification between falling and non-falling of the eight
features using four distances. The features of the Aareal.z (97.14%) and Angle.x (97.24%) show the
highest percentage of accuracy among the total four distances. This is because the Aareal.z is affected
by the height of the subject while the Angle.x is affected by the angle between the subject’s motion
axis and the x-axis. The value of the Aareal.z and the Angle.x in the falling class is different in
polarity with the value of the Aareal.z and the Angle.x in the non-falling class. Hence, the difference
of distance measured between these two classes is large and the percentage of accuracy is high. As the
result, Aareal.z and the Angle.x are the best features among the eight features.

Percentage of K-NN accuracy of the eight features

: e Classification Performance of k-NN for four ADL
for the four distances

tasks using eight features withfour distances method
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9%

100

o % é
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Figure 5. k-NN classification performance four distances for each eight features. (a) Falling vs. Non-
falling classification (b) Four activities daily living (ADL) classification

Based on Figure 5(b), the average accuracy for four distances of features Aareal.z (58.41%) and
the Angle.x (57.78%) is the highest among the others eight features. This is because the polarity of the
Aareal.z and Angle.x is same in four ADL subclasses. Hence, the difference in distance measured
between the input data and the dataset is relatively small. The accuracy for four ADL subclasses is
lower as compared with the classification between falling and non-falling class. This is because the
feature value of the dataset in the falling and non-falling class is big in different. Thus, the dataset is
easily in classification and high percentage of accuracy is resulted. In conclusion, the features of the
Aareal.z and Angle.x were selected as the best features that implemented in the Arduino hardware.

3.3 Classification between falling and non-falling

The falling and non-falling class has been classified by using the k-NN classification algorithm in
Arduino hardware. There are on using Aareal.z and Angle.x. The k-fold cross-validation method is
used for k-NN classifier. A total of 250 data had been folded into 10 sets of the data. The highest the k-
fold, the highest the number of the training set obtained. There had obtained 250 testing data and 2250
training data, when 250 data are folded in 10-fold cross-validation. Hence, it aims to optimize the
percentage of accuracy by reducing the percentage of error [23],[24]. Data was classified based on the
k-value (1 to 10). If the k-value was set at 10, the effect of the noise was reduced during the data
classification. The four different types of the distance were applied which produces 100% accuracy.

3.4 Sub-classification of non-falling class
Based on the Figure 6, the percentage of mean accuracy of the sub-classification of non-falling
class for the four distances with k-NN classifier is shown. The data for the sub-class is the average of
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the 10 k-value. The percentage of accuracy of the standing sub-class for the correlation distance is the
highest (66.72%). Then, the percentage of accuracy of the crouching (85.91%) and walking (36.61%)
sub-class for the cosine distance is the highest. The percentage of accuracy of the sitting sub-class for
the Euclidean distance is the highest (48.42%). Different type of distance is suitable for different sub-
class. Hence, the suitability of the sub-class with the distance is indicated by the percentage of
accuracy. The Euclidean distance is the best computation method because the overall percentage of
accuracy is the highest (58.73%) among the distances.

Percentage of k-ININ accuracy of non-falling class
sub-classification for the four distances
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Figure 6. Percentage of accuracy of the sub-classification of non-falling class for the four distances
with k-NN classifier.

4. Conclusion

In conclusion, this project aims to develop an IoT fall detection system by using wearable sensor. The
loT fall detection system had be developed with the microcontroller board (Arduino Mega 2560),
IMU sensor (Gy-521 mpu6050) and WI-FI module (ESP8266-01). The parameters of loT fall
detection system include tri-axial distance and tri-axial angle had been tested and validated by
calculated the percentage of error. The percentage error for the distances in x, y and z-axis are less
than 25%, while the percentage error for the angle in x and z-axis is less than 20%. Thus, the loT fall
detection device is a good device that is capable to detect the fall with high accuracy. The dataset had
been constructed through the data collection of the 10 UniMAP students. Eight features had been
extracted from the dataset and classified through the k-NN. The features of the Aareal.z and Angle.x
were selected based on the good performance during the classification. The data of the falling and
daily living activity had been differentiated through the classification of the falling and non-falling.
Then, the percentage of accuracy for the k-NN classifier by using k-values (1-10) and distances
(Euclidean, city-block, cosine and correlation) are 100%. The non-falling class had been further
classified into the sub-classes of standing, crouching, walking and sitting.
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