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Abstract. Fall is one of the most serious clinical problems faced by
the elderly people. Elder people with neurodegenerative disorders like
Parkinson disease often fall. This leads to the damage of physical condi-
tion and also mental condition. Therefore, elderly people should be taken
care of all the time. However, it is not possible to take care of them ev-
ery moment. Therefore, an automatic fall detection system is required
to track elderly at any time. An automated fall detection system will
provide timely assistance and hence, it will reduce medical care costs sig-
nificantly. The recent developments in motion- sensor technologies have
allowed the e�cient use of wearable sensors in the overall treatment of
the elderly. The paper presents a machine learning framework consisting
of data collection, preprocessing of data, feature extraction and machine
learning classifiers. They comprise C4.5, Random Forest, RepTree, and
LMT (Logistic Model Tree). Dataset used in this research has been col-
lected by using 3-axis accelerometer sensors which are mounted on a
person’s waist. Features have been extracted from this dataset which are
used by these classifiers. C4.5 gives the highest accuracy which is 97.36%
in comparison to other classifiers.
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1 Introduction

Regular natural processes sometimes place older people at an increased risk of
falling[15]. Falls are a typical and often neglected reason for injuries in old age.
Heart disease, hypotension, poor vision, muscle weakness etc. are the important
reasons of the fall of elderly people. Beside these reasons, neurodegenerative
diseases are another root cause of the fall of elder people which includes Parkin-
son’s, Alzheimer’s, and motor neuron disease. Progressive degeneration or death
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of nerve cells of elderly people results in Neurodegenerative diseases which are
almost incurable and makes the person in devastating health conditions. In a
country especially in a developing nation, these diseases have a significant im-
pact on the economy due to cost involved in treatment. Moreover, Neurodegen-
erative diseases have a distressing impact in our society. Ageing people who are
a↵ected by this disease face problems in movement, or mental functioning. One
of the most important neurodegenerative diseases is Park-inson’s disease that
a↵ects predominantly dopamine-producing (“dopaminergic”) neurons in a spe-
cific area of the brain called substantia nigra. This disease is commonly known
as older person’s disease and is a combination of genetic and external factors.
Tremor of the hands or legs, impaired balance, lack of coordination, sleep prob-
lem, changes of vision, increased sweating are main symptoms of the disease
which are mainly seen at older age and these factors lead to fall that means
make the chance of falling at surface. Therefore, a quick response from a con-
cerned person is necessary when a fall of elderly people happens. But, the quick
response is di�cult when an ageing person lives alone or in remote zones. Taking
into account the above reason, plenty of research interests have been seen to build
up a fall detection framework. The fall identification frameworks can basically
be separated into two groups: wearable device and context-aware device [17],[8]
. Context-aware devices are working in the area appliance for example floor sen-
sors, mouthpieces, pressure sensors, PIR sensors, and infrared sensors, cameras
[8]. The main advantage of these devices is that an individual doesn’t require
putting on any equipment. Anyway, there are some limitations in camera-based
frameworks. It can’t ensure the clients’ privacy and security, and it can’t distin-
guish if clients fall where they do not introduce cameras or around dark areas.
Moreover, dependent on 3D picture framework typically have certain delays. The
limitation of a pressure sensor is that we can’t recognize if pressure is from the
client’s weight, which might lead to the low accuracy. Approaches dependent on
wearable devices rely upon clothing with embedded sensors to catch the direction
and places of the subject’s body. In view of wearable and cheap, the wearable-
device based framework is the most generally utilized for fall identification. The
wearable-device based framework is that clients wear a few devices with embed-
ded sensors to get available data like acceleration, at that point the framework
procedure information by algorithms to perceive the client if fall or not. In addi-
tion, the device is cheap, convenient to carry and operation of the device is easy
to set up. This paper uses a tri-axial accelerometer sensor to detect fall of ageing
people which is placed on a person’s waist. The fall-features are calculated from
a 3- axis accelerometer sensor followed by a supervised machine learning-based
approach to capture fall events. This system is developed by training a learning
algorithm of various kinds of fall and activities of daily living (ADL) patterns.
After that an assessment algorithm marks various types of occurrence of fall
or ADL.A classic fall identification framework is represented in Fig 1. The fall
recognition framework gathers information from the sensors and sends the in-
formation into the processing unit. Numerous attributes are separated from the
sensor data by the processing unit. Fall is distinguished from the attributes by
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the suitable algorithms. At the point when the algorithms catch the occasions of
fall, an alert is activated. The alert made an impression on the families or caring
individuals or transmitting a sound admonition to pull in the consideration of
concerned people. Such a framework is perfect for fall identification that can
consequently recognize falls and give a warning mechanism. Using this system
we can protect neurodegenerative diseases patient’s from major loss by taking
proper steps. The distinguishing feature of this paper is that an assessment of

Fig. 1. A Fall Detection System.

the time-domain characteristics for the determination of the most discriminatory
features of fall by using supervised machine learning methods. The remainder of
the paper is categorized into di↵erent sections. Section two specified the litera-
ture review of the study and section three shows the methodology. Section four
analyzes the experimental results while section five concludes and presents the
future work.

2 Related Work

A variety of automated methods were recently introduced for fall detection.
Automatic fall detection systems may be focused on the vision, sound, or the
wearable device. Wearable fall detection sensors typically use the accelerometer,
gyroscopes, or several modes of sensing devices. Srinivasan et al.[22] investigated
the usual recognition of fall found on tri-axial accelerometer and Passive Infrared
sensors(PIRs). The vestment of three-axis accelerometer was installed to capture
falling events on the waist of the subject while PIRs were mounted to provide
longitudinal information. PIR sensor has used motionless signals to validate fall
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events. Almeida et al. [4] introduced a walking cane with an integrated gyro-
scope founded to its base to detect falls and assess walking speed. Fall events
were observed along sideward and forward axes depending on the amplitude of
the resulting angular velocity. The speed was determined by the total angular
velocity of two neighboring peaks, separated between the two peaks by the time
interval. Warnings have been provided when a client is going quicker than his
normal movement. Lin et al.[18] conducted an optical sensor-based fall detec-
tion, and nine micro-mercury switches were installed into a smart suit. In the
left waist, the optical sensor was employed for detection of falls, while the fall
features (i.e., backward and forward) and user’s behaviors were detected with
Micro mercury switches. Grassi et al. [9] have integrated a 3D time-of-flight,
a wearable accelerometer(MEMS), and a microphone for fall detection. Three
integrated sensors were processed and tested with the appropriate algorithms
separately on a custom broad. For identification of fall detection floor image
sensors is introduced by Rimminen et al.[21]. The fall classification has been
carried out using a Markov two-state chain and Bayesian filtering approxima-
tion. Fall detection system using a three-axial accel-erometer mounted on the
waist of the subject along with a barometric pressure sensor is developed by
Bianchi et al.[5]. They developed a fall detection system by using the concept of
di↵erence between the waist and the ground regarding ambient pressures. The
experimental findings show that the sensor data are helpful for detecting fall
events. In a study of fall detection Hou et al. [12] proposed a Smartphone de-
vice by using embedded acceleration sensors to record human motion. In their
study they found that the accuracy of the SVM can reach 96.072%.Commodity
based Smart watch sensor can reach 93.33% accuracy in a real world setting of
fall detection by adjusting screaming data, sliding window and a Näıve machine
learning method [20]. The smart watch sensor can give a competitive score than
that of other expensive sensors. In this paper, we have used an accelerometer
sensor for fall detection, which is mounted on a person’s waist. Because the
wearable sensor is the cheapest and it is also chosen for its high accuracy.

3 Methodology

For the detection of fall, a machine learning based methodology is proposed in
this research. A publicly available dataset known as UR fall Detection dataset is
used for the proposed algorithm. Proposed methodology consists of four major
steps i.e. dataset collection, data preprocessing, feature extraction of the raw
data and detection of fall using machine learning classifier, as shown in Fig 2.

3.1 Data Collection

The first step of the methodology is the collection of data that will be used in
further stages. In this research, a publicly available dataset is used for fall detec-
tion known as UR fall detection dataset. This dataset is developed by University
of Rzeszow [16]. One IMU (Inertial Measurement Unit) with an accelerometer
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Fig. 2. Proposed Methodology

sensor was used for the data collection. The IMU device was connected by Blue-
tooth. This device was posi-tioned at the waist of the volunteer’s (near the
pelvis). The data set includes 70 falls and ADL (Daily Livings Activities) se-
quences which were captured by six volunteers. There are two types of fall in the
dataset: fall from standing and sitting on a chair. This dataset also comprises
some normal activities, such as lying on the floor, lying on the couch, sitting
down, walking and picking items from the ground. Each activity and trail has a
single CSV file. Data set description is illustrated Table 1.

3.2 Feature Extraction

Feature extraction plays an important role in a classification system for fall
detection, because the selected features can assess the system’s accuracy. Five
features are extracted from the sensor data. Each feature is extracted from the
accelerometer sensor along with three x-axis, y-axis and z-axis. These features
along with their mathematical expression are described in the below

The magnitude of the standard deviation: The magnitude of the standard devi-
ation (SDM) represents the change in the magnitude of the acceleration for each
axis.

↵xyz =
q
↵2
x + ↵2

y + ↵2
z (1)

This feature is sensitive to rotations without any change in magnitude, which
enables abrupt tilt changes to be identified.
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Table 1. Description of the Dataset.

UR Fall Detection Dataset

Scenario of the environment O�ce and home environment
Video Clips Yes

Spontaneity of the movements Predefined
Number of types (ADLs/Fall) 5/4

Number of sam-ples(ADLS/Fall) 70(40/30)
Duration of the Sample (2.11-13.57)s
Number of sensing point 1

Types of sensor 1 external IMU
Sensor Position Subjects Waist

Activities of daily livings Lying on the floor
Falls Forwards while seating

The standard deviation of vector magnitude The standard deviation of vector
magnitude can be calculated by using the following function.

↵a = ↵
p
x2 + y2 + z2 (2)

This feature has been selected to track sudden acceleration change, which is not
necessarily combined with body angle, for example, when someone falls on knees.
This feature, therefore, recognizes sudden changes in signal amplitude (peaks),
representing an impact resulting from a fall.

The Polar Angle Ratio: The polar angle is calculated with successive 20 samples.
The polar angle is calculated using the following equations from raw accelerom-
eter data.

arccos(z/
p
x2 + y2 + z2) (3)

This angle represents the body-angle and sudden change, which will indicate a
fall has occurred. The angles apply to a sensor-associated coordinate system.
Moreover, the ratio of its instant angle and its earlier values within a short time
span represents a sudden change in the angle of inclination

The di↵erence of polar angle: The di↵erence between polar angles is also deter-
mined in successive windows �✓. �✓ also helps to cover large tilt angle variations.

The di↵erence of polar angle: velocity can be calculated using the following
equation:

V2 =

s

(

Z
ax(t)2) + (

Z
ay(t)2) + (

Z
az(t)2) (4)

After the feature extraction, some machine learning algorithms were used for
classifying the fall activities. The classification algorithm works on a selected
feature.
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3.3 Fall Detection

After the extraction of the feature, the next step is to determine whether it falls
or not. The problem of fall detection is a binary classification problem. This
means that we will classify it as fall or non-fall operation (i.e. ADL). Therefore,
the entire dataset was divided into 2 classes. Class 1 on falling activities and
class 2 on non-fall activities. All the feature vectors extracted from the data col-
lected by the falling samples have been labeled Class 1. Feature vectors extracted
from the ADL samples have been labeled as Class-2. After labeling the sample
feature vector, we then used the 10-fold cross-validation technique to build bet-
ter prediction models for the machine learning classifier and to minimize the
bias. After that, four machine learning classifiers have been used to determine
the e�ciency of the proposed system. These classifiers include C4.5, Logistics
Model Tree (LMT), RepTree and Random Tree. For evaluation and training,
we split the dataset into two parts.70% of the data in the dataset are used for
training and 30% for testing. Ten cross-validations have been conducted using
various random sample partitions of each of the selected classifica-tion methods.
Lastly, the test set, which the model never before saw, used to deter-mine the
generalization of the model.

4 Result and Discussion

Once model training has been completed, the learned models are used to predict
all classification problems. We have also demonstrated the results of 10 iterations
of cross-validation throughout the training set so that the model did not overfit
the training set. In this research, Weka [10] was used to evaluate classification al-
gorithms’ success rates. Our main aim is to identify the best model to distinguish
accurately between fall and normal activities. For this purpose, we have used four
well-known classifiers known as C4.5, LMT, RepTree and Random Tree. To eval-
uate the e�ciency of the algorithm, we used accuracy, MAE and RMSE for the
experiment. We have also measured the performance of the classification mod-
els using four metrics: sensitivity, specificity and F1-Measure.Table 2. shows the
accuracy, MAE, and RMSE of the proposed classifier. From Table 2, it is evi-

Table 2. Accuracy, MAE and RMSE of the Algorithm.

Classifier Name Accuracy(%) MAE RMSE

LMT 96.49% 0.118 0.216

C4.5 97.36% 0.039 0.162

RepTree 96.31% 0.052 0.182

Random Forest 95.61% 0.044 0.209

dent that the C4.5 has the highest accuracy because it uses a random subspace
method and using the bagging concept, the Multilayer Perceptron algorithm has
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the lowest accuracy. And also the C4.5agorithm has the lowest MAE and RMSE
value because the random forest algorithm has low bias and moderate variance.
Random forest gives the result by averaging all trees which are present in the
subspace. Figure 5 shows the graphical representation of the proposed classifier
accuracy. Table 3 depicts the sensitivity, specificity, and F-measure of the pro-

Fig. 3. Accuracy of the Proposed Classifier

posed model. From Table 3, it can be shown that the C4.5 algorithm gives better

Table 3. Performance Metrics of the Proposed Classifier

Classifier Name Sensitivity Specificity F-measure
LMT 0.9677 0.9615 0.968
C4.5 0.9836 0.9622 0.976
RepTree 0.9578 0.9615 0.958
Random Forest 0.9521 0.9607 0.960

precision, sensitivity, specificity, and F1-score, whereas Random Tree gives the
lowest value of these performance matrices. The performance of the proposed
C4.5-based scheme is also compared to the state-of-the-art techniques as shown
in Table 4.

Table 4. Result Comparison of the proposed Algorithm with the Sate-of Art Tech-
niques

Research Study Approach Accuracy
A H Ngu[11] SVM 93.8
A H Ngu[11] Näıve Bayes 90
M Hoq[10] SVM 92
The Proposed Approach C4.5 97.36
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5 Conclusion and Future Work

In this research, a very simple and computationally e�cient machine learning
based fall detection system has been proposed .For this purpose, publicly avail-
able UR fall detection dataset has been analyzed. The dataset comprises 70 types
of fall and normal activities. One of the important aspects of this paper is the use
of the statistical feature. Features are extracted from the raw accelerometer sen-
sor which reflects the characteristics of fall and normal activities. The extracted
feature is used for the training and testing of four machine classification. Among
these classifier, C4.5 shows the highest accuracy, i.e., 97.36% which is better than
the state-of –art techniques as shown in Table 4.Therefore, the C4.5 classifier can
be e↵ectively used to monitor the elder people with neurodegenerative diseases
like Parkinson disease. This is one of the limitations of our research. In future, a
dataset using an accelerometer sensor will be collected elderly people with neu-
rodegenerative disease. A deep Artificial Neural Network can be implemented
in advance of achieving better performance[7],[2],[3],[19],[1][13]. More data can
be used to train the learning model. Finally, extract more features that will cer-
tainly help in the training of the learning model. In future, a knowledge-driven
approach can be used to remove the uncertainty like belief rule based expert
system [11],[6],[14].
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