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Bu ¢alismada, yashi bireyler icin gelistirilen diisme tespit sistemlerinde, makine Ogrenmesi tabanh
smiflandiricilarda sinif sayisinin azaltilmasinin dogruluk seviyesine katkisi arastirilmistir. Caligma kapsaminda
internette agik erisime sunulmus bir veriseti kullanilmus, aktivite ve postiir belirlemede sik¢a kullanilan 6znitelikler
¢ikarilmis ve MATLAB Machine Learning Framework’de bulunan siniflandiricilarin tiimii kullanilarak en basarili
smiflandiricinin tahlili makine 6grenmesi metriklerine gore yapilmistir. Sinif sayisi kademeli olarak azaltilip
basariya etkisi incelenmistir. Baglangi¢ asamasinda sinif sayis1 azaltilmadan yapilan siniflandirmada en basarili
siniflandirict olarak Kiibik Destek Vektor Makinesi (Cubic SVM)algoritmasi belirlenmistir. Bu algoritmay1
kullanarak gerceklestirilen smiflandirmada basart % 96,4 olmustur. Problemin dogasina da uygun olarak
literatiirdeki ¢aligmalarin aksine sinif sayist 2’ye diisiiriildiigiinde k en yakin komsuluk (KNN) algoritmasi ile
diismeler %99,3 oraninda dogru sekilde belirlenmistir.
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Investigating the Impact of Activity Class Number in Fall
Detection Systems

ABSTRACT

In this study, the contribution of reducing the number of classes in the machine learning based classifiers to the
accuracy level of the fall detection systems developed for older individuals is investigated. Within the scope of the
study, a public dataset is used and the appropriate data source is determined, the features frequently used in
determining the activity and posture are extracted and the analysis of the most successful classifier is made
according to the machine learning metrics using all the classifiers in the MATLAB Machine Learning Framework.
The number of classes is gradually decreased and its effect on success is examined. The classification carried out
with the Cubic Support Vector Machine (Cubic SVM) algorithm, which is determined as the most successful
classifier in the classification without reducing the number of classes at the initial stage, is 96.4%. In accordance
with the nature of the problem, contrary to the studies in the literature, when the number of classes is reduced to
two, the falls are correctly determined by 99.3% by using k nearest neighbor algorithm.

Keywords- Fall Detection System, Machine Learning, Accelerometer, Number of Classes
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I. INTRODUCTION

According to the United Nations' World Population Expectations 2019 report, the world population,
which was 7.7 billion in mid-2019, will increase to 9.7 billion by 2050, and individuals over 65, now constituting
9% of the population, while in 2050 this will increase to 17%. The Potential Support Rate, that is, the ratio of the
number of individuals at the age of working (25-64 years old) to the number of individuals over 65, is expected to
fall below 2 by 2050 for the European continent [1]. In 2050, the ratio of elderly individuals to total population
will reach at least twice by today. In the report, Turkey is also included in the category of countries with rapidly
aging. While the number of individuals over 65 is 7.28 million in our country, it is predicted that it will be 19.5
million in 2050 [2,3] (Figure 1). In addition, due to the rapid participation of women in working life and the
decrease in the number of individuals in the family, it is observed that the elderly individuals, whose numbers are
increasing rapidly, often live at certain times of the day or completely alone. This situation indicates that additional
preventions should be taken for health monitoring and care of the elderly in the coming years.
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Figurel. Statistical data about aging

The number of falls increases with the biological change that occurs due to the increase in age. Falls are
the second most common cause of death in accidental and unintentional injuries worldwide. Approximately 646
thousand people lose their lives in the world as a result of falling, and the most common age group is 65+. As a
result of nearly 37 million falls per year, people apply to clinics for medical assistance [4]. It is an important
problem for older individuals to fall, especially when they are alone at home. While bone fractures occur in some
of the fall cases in elderly individuals, no significant physiological damage occurs in 20% of the falls. However,
as a result of the fact that the individual cannot get up of the ground without help, it is seen that his health condition
deteriorates due to the long stay on the ground. Statistics show that about half of the elderly who have been lying
on the ground for a long time died within 6 months [5]. Although a number of preventions can be taken to prevent
elderly individuals from falling in the home, it does not seem possible to significantly reduce the number of falls
[6]. For this reason, when elderly individuals fall, it is vital to detect quickly and to provide medical support. Thus,
fall detection systems are important components of home care technologies.

Fall detection systems have been one of the subjects of great interest for researchers since 2010. These
systems can be examined in 3 main groups as below;

i. Wearable Sensor Based Fall Detection Systems
ii. Ambient Sensor and Image Processing Based Fall Detection Systems
iii. Multimodal Fall Detection Systems

The first prototype of automatic fall detection systems was introduced in 1998 by Williams et al. It was
created by using a piezoelectric sensor [7]. The first fall detection system based on image processing was
developed by Wu in 2000 based on motion velocity measurement [8]. The first system developed using a wearable
sensor is the work of Prado et al. In this study, high frequency accelerations were measured, falls were detected,
and data were collected by wireless communication [9]. Also, in 2002, Noury created the first fall detection sensor
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by combining the accelerometer, tilt sensor, and vibration sensor, but with the rule-based approach developed, the
fall detection success was very low [10]. Health monitoring system developed by Kang et al in 2006 also includes
fall detection system. In their study, fall detection was performed using the accelerometer and posture sensor within
the sensor structure worn on the wrist, and falls were detected 91.3% accurately [11]. In the study of Nyan et al.
in 2006, a multimodal fall detection system was realized for the first time by using a combination of camera and
gyroscope [12]. In this study, back and lateral falls were tried to be determined. In their study, as in previous
studies, limit values were determined and activities were decided as whether fall or not. With the development of
smart phones, it is seen that they are frequently used in fall detection systems. However, it is observed that the fall
detection systems realized with the accelerometers found in the phones are able to perform fall detection with
lower accuracy compared to other accelerometer-based systems [13]. After the Microsoft Company developed the
sensor-camera system called Kinect, fall detection systems were developed by many researchers using it [14].

In the literature, the following components are found in wearable systems; accelerometers, gyroscopes,
magnetometers, barometric pressure sensors, pulse measurement sensors, blood pressure measurement sensors,
posture measurement combined sensors (AHRS), electromyograms (EMG), electroencephalographs (EEG), and
altitude sensors. In the ambient sensor and image processing-based fall detection systems, one or more cameras or
ambient sensors are placed in the room where the elderly person is living. Here, falling activity is detected by
approaches, such as shape determination, immobility determination, shape change determination, posture
determination, and head movement speed determination. As ambient sensors, there are studies using infrared
sensors, microphones to detect the sound caused by falling, vibration sensors to detect ground vibration, bio-radar
and infrared thermal sensors. In multimodal fall detection systems, the wearable sensor is connected to the body
of the elderly and at the same time follow-up is maintained with camera and ambient sensors. The aim is to increase
the classification accuracy.

Classification accuracy of fall detection systems is important, but a more important issue is the acceptance
by elderly individuals. In particular, cameras in image processing systems are rejected by elderly individuals due
to privacy concerns. In addition, one of the important limitations of image processing-based systems is their
datasets, which either no furniture is available in the room or little furniture not moved at all. In addition, the
ambient light level is kept constant during data collection experiments of image processing-based systems and it
is not known to what extent the success of the system will be affected when different values are encountered. In
practice, the camera installed in only one room of the house can only detect a fall in that room and in cases where
there is more than one person in the room, the risk of falling into blackness increases. Likewise, wearable sensor-
based systems should be designed in such a way that they do not discomfort the individual and do not need to be
removed during activities of daily living (ADLS).

In the process of developing the fall detection system, a dataset that includes ADLs and fall movements
is created. The fact that the dataset accurately reflects the ambient conditions and movement patterns of the elderly
individuals is essential to the success of the system. However, since it is not possible to make the fall tests using
elderly subjects, the fall tests in all data sets in the literature were carried out with individuals at a young age. This
situation causes a significant decrease in the success rate of the system when it is put into practice. It is seen that
most of the researchers share the datasets publicly on the internet in order to make them available to other
researchers. In addition, many researchers who make image-based fall detection use open access images on the
internet sites as datasets [15].In fall detection systems, activity classification is done based on threshold value,
rule-based or machine learning. Threshold value-based systems are generally simple applications that can
distinguish a single fall pattern and do not give accurate results when tested in datasets of various realistic falls.
The most important problem of rule-based systems is feature constraints. Classification success remains low due
to the linear evaluation of a few specific features. In most of the fall detection systems developed today are using
deep learning and machine learning algorithms, such as Decision Tree (DT), k Nearest Neighbor (k-NN), Support
Vector Machine (SVM) and Naif Bayes (NB). In these studies, it is seen that the falling pattern diversity and
classification success are higher since more features can be used in parallel with each other compared to other
methods.

In this study, SisFall dataset, which was made public in 2017, is used [16]. The data are classified with

various machine learning algorithms and the contribution of reducing classification diversity to success is
investigated.k-NN algorithm with 99.3% accuracy is determined as the most successful method.
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1. MATERIALS AND METHODS
A. Dataset

The dataset used in this study is created using 38 healthy subjects consisting of young and old individuals.
Each subject repeated the movements listed in Table 1 five times. The dataset includes 15 different falling
movements and 19 types of ADL. In this study, 8 types of falls and 8 types of daily activities are used to reduce
the size of the data. The fall classes from FO1 to FO8 and the ADLs from D01 to D08 are used. During the
experiments, a wearable sensor placed in belt of the subjects (Figure 2).This sensor structure contains data from
two 3-axis accelerometers and one 3-axis gyroscope at 200 Hz frequency.

Table 1. Activities performed by subjects [16]

Code Activity Duration (s)
FO1 Fall forward while walking, caused by a slip 15
F02 Fall backward while walking, caused by a slip 15
F03 Lateral fall while walking, caused by a slip 15
Fo4 Fall forward while walking, caused by a trip 15
F05 Fall forward while jogging, caused by a trip 15
F06 Vertical fall while walking, caused by fainting 15
Fo7 Fall while walking with damping, caused by fainting 15
Fo8 Fall forward when trying to get up 15
F09 Lateral fall when trying to get up 15
F10 Fall forward when trying to sit down 15
F11 Fall backward when trying to sit down 15
F12 Lateral fall when trying to sit down 15
F13 Fall forward while sitting, caused by fainting 15
F14 Fall backward while sitting, caused by fainting 15
F15 Lateral fall while sitting, caused by fainting 15
D01 Walking slowly 100
D02 Walking quickly 100
D03 Jogging slowly 100
D04 Jogging quickly 100
D05 Walking upstairs and downstairs slowly 25
D06 Walking upstairs and downstairs quickly 25
D07 Slowly sit and get up in a half-height chair 12
D08 Quickly sit and get up in a half-height chair 12
D09 Slowly sit and get up in a low-height chair 12
D10 Quickly sit and get up in a low-height chair 12
D11 Sitting, trying to get up, and collapse into a chair 12
D12 Sitting, lying slowly, wait a moment, and sit again 12
D13 Sitting, lying quickly, wait a moment, and sit again 12
D14 Changing position while lying (back-lateral-back) 12
D15 Standing, slowly bending at knees, and getting up 12
D16 Standing, slowly bending w/o knees, and getting up 12
D17 Standing, get into and get out of a car 25
D18 Stumble while walking 12
D19 Gently jump without falling (to reach a high object) 12
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Figure 2. Sensor placement [16]

B. Feature Extraction

The features used frequently in the activity and posture determination studies in the literature are
determined and calculated. The features used are shown in Table 2.

Table 2. Features

Fe’e\llt(L)Jre Feature Equation / Definition Feﬁltéjre Feature Equation / Definition
1 Mean 7 Minimum Min. term of data
1
S 2L (o — w*
2 2;?/?232?1 8 Kurtosis g = :Vl -
7 Ziz (X — )2
S I =)’
. = 13
3 Variance 9 Skewness g1 = H—
;Zi:l(xi —w?
4 Sum 10 Band power Average power of data
5 Median Midterm of data 11 Root mean rms =
square
6 Maximum Max. term of data

C. Classification

Classification is made by using MATLAB Machine Learning Framework. The data is separated as 70%
train, 30% test, and 10-folds cross validation is selected. Classification experiments are carried out in 3 different
ways. First of all, the movements in 16 different classes were tried to be determined. In the second approach, falls
are grouped in a single class and ADLs are classified separately. Finally, only 2 classes are created and classified
as falls and ADLs. When evaluating the performance of the system in terms of machine learning metrics, recall,
precision, and F-score are calculated. Four important evaluation metrics are calculated as follows using number of
true positives (TP), number of false positives (FP), number of false negatives (FN), and number of true negatives
(TN).
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TP
Recall = ——
TP+FN
.. TP
Precision =
TP+FP

Recall x Precision
F —score=2x——————
Recall + Precision

)

@

©)

I1l. RESULTS

A. 16 Class Approach

The aim in this approach is to determine all the falling movements with their directions and all ADLs
with their varieties during daily life. Classification accuracy is 96.4% due to the high number of classes here. The
most successful algorithm in this approach is cubic SVM (Figure 3). Performance parameters are presented in

Table 3.

14 Linear Discriminant
Last change: Linear Discriminant

Accuracy: 88.8%
59/59 features

15 Cluadratic Discriminant Failed
Last change: Quadratic Discriminant 99/99 features 3

.
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Figure 3. 11 class approach results

Table 3. Performance metrics of 11 class approach

All All

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 ADL

Falls s

Recall 099 099 09 098 099 09 09 099 0,99 1 1 099 100 0,79 093 089 0,69 1

Precision 098 099 097 094 099 0,99 1 0,99

F-score 098 099 09 09 099 099 098 0,99

09 099 09 09 099

1 099 09 09 09 078 09 083 077 0,99

0,78 094 086 073 0,99

By the detailed examination of this approach in Table 3, the system is successful in classification
according to the types of falls. However, when Figure 3 is examined, it can be seen that generally the misclassified
falls are incorrectly recorded as another type of fall. Thus, examining all of the falls as a single group will increase
the classification success. The falling direction during the use of the system in daily life is not important anyway.
When the “All Falls” column is examined in Table 3, the 99% F-score value indicates that the falls are actually
accurately distinguished. In fact, the samples that are dropped and recorded as ADL are only in the "walking"

classes 9 and 10 and "jogging" classes 11 and 12.
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Similarly, when ADLs are examined, the fact that the F-score value in the "All ADLs" column is 99%
shows that ADLs can be easily separated from the falls. There is not any observation with true class ADL and
misclassified as fall.

B. 9 Class Approach

Due to the complexity of distinguishing the falls from each other, all falls have been brought into a single
class. In this way, it is seen in Figure 4 that the overall classification success increased from 96.4% to 96.9%. The
cubic SVM which is the most successful model in the previous approach is the most successful classifier in this
approach too.

1.6 SVM Accuracy: 95.6% N N . N ™

Last change: Linear SYM 99/99 features i Sika | =ik | = | N

1.7 SVM Accuracy: 96.3%

Last change: Quadratic SVMW 99/99 features 4%

1.8 SVM Accuracy: 96.9%

Last change: Cubic SWM 99/99 features 1%

1.9 SVM Accuracy: 70.6%

Last change: Fine Gaussian 3VM 99/99 features 1%
[
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=
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112 KMNN Accuracy: 96.2%

Last change: Fine KMNM 99/99 features 4%
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1.14 KNN Accuracy: 86.6%
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1.15 KMNN Accuracy: 93.5%

Last change: Cosine KNM 99/99 features 7 & 75 7y 7 £ Za 75 75

1.16 KMNN Accuracy: 92.3% Predicted class

Figure4. 6 class approach results

Table 4. Performance metrics of 6 class approach

Falls 9 10 11 12 13 14 15 16 Aélll's
Recall 1 0,99 1 0,99 1 0,78 09 088 0,71 0,99
Precision 1 09 099 09 099 070 09 08 0,78 0,99
F-score 1 097 099 09 09 074 09 087 074 0,99

When the complexity matrix given in Figure 4 is examined, it can be seen that nearly 100% of the falls
can be classified correctly and recorded as falls. But ADL classification success is not very good. The rates of
ADLs registered in the fall class are not high. Even the class 13 “Walking upstairs and downstairs slowly” and
class 16 “Quickly sit and get up in a half-height chair” are the most problematic classes and these are reducing
overall accuracy.

C. 2 Class Approach
In this section, movements are divided into 2 classes as 1: Falls and 2: ADLs. Thus, the main goal is to

determine the fall movements as accurately as possible. When Figure 5 is examined, it is seen that the theory has
found a response. The success rate increased to 99.3%. The most successful classifier is fine k-NN.
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Figure 5. 2 class approach results

Table 5. Performance metrics of 2 class approach

General
Recall 0,994
Precision 0,996
F-score 0,995

The developed model is exported as a compact model and tested with test data that is separated in the
beginning and the system had not met before. The classification accuracy that arises here is to confirm the study,
only 0.6% of the data is classified incorrectly.

IV. CONCLUSION

Within the scope of the study, it is aimed to develop a suitable machine learning model to be used in fall
detection for elderly individuals. The aim is to propose a system that is suitable for use both in the home and
outside. A system design is aimed with high accuracy and low cost, which elderly individuals will not refuse to
use in daily life. Within the scope of the study, a very high classification success could be created by reducing the
number of activity classes. The falls in daily life are very diverse. Falls occur as a result of complex interactions
of risk factors. It is known that biological, behavioral, environmental and socio-economic factors have effects on
the fall. Even when it is analyzed only by the age and gender of the individuals, it is seen that the fall types are
different. For this reason, the systems that can detect all falls regardless of their direction and shape, rather than
the systems that distinguish between falls in a certain way and direction, overlap with real life.

V. LIMITS AND FUTURE WORK

Falls are very rare movements compared to ADLs due to their nature. For this reason, it is nearly
impossible to record by a sensor is placed on a subject and it falls naturally. The falls in the dataset used in this
study are also artificial falls. Therefore, it may not be able to imitate natural falls very well. In addition, while
creating dataset, falling measurements were taken only from young individuals and it is known that the activity
dynamics of older individuals and young individuals are very different. However, due to ethical standards, it is not
possible to do falling tests with elderly people.

In addition, while selecting the features, only the frequently used features in the literature are taken. The
effect of the features on the classification success has not been investigated. The main purpose here is to observe
the effect of the number of classes on success without any other factors. It is clear, however, that the success
achieved shows that such improvements are not required.
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