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Abstract: The fall of the elderly presents a major health problem as it may 
cause fatal injuries. To improve the life quality of the elderly, researchers have 
developed several fall detection systems. Several sensors have been used to 
overcome this problem. So far, Microsoft Kinect has been the most used 
camera-based sensor for fall detection. This motion detector can interact with 
computers through gestures and voice commands. In this article, we presented a 
comprehensive survey of the latest fall detection research using the Kinect 
sensor. We provide an overview of the main features of the two Kinect versions 
V1 and V2 and compare their performances. Then, we detailed the method used 
for the articles selection. We provided a classification of the fall detection 
techniques to highlight the main differences between them. Finally, we 
concluded that it is not enough to evaluate a system performance under 
simulated conditions. It is important to test these approaches on old people who 
are likely to fall. 

Keywords: depth sensor; elderly healthcare; fall detection; Kinect V1; Kinect 
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1 Introduction 

A fall has serious consequences on health and especially for the elderly. Its gravity 
increases exponentially with age and frailty. Indeed, the elderly falls are very common. 
According to the World Health Organization (WHO), the percentage of falls among 
people aged 65 is between 28 and 35% and it is between 32 and 42% for those who are 
over 70 years (WHO, 2008). Being the third cause of admission to acute medicine and 
the first cause of fatal accidents among seniors, a fall is a real scourge resulting from 
various personal, behavioural or environmental factors (Coogler, 1992). 

Although this is a real public health problem, the elderly fall was neglected for too 
long. In Tunisia, statistics on fall are very scarce and even non-existent. The last  
cross-sectional descriptive survey of the INSP (National Institute of Public Health) was 
carried out in 1995 covering a representative sample of the Tunisian population 
consisting of 2,229 people aged 65 and over living at home (Hdiji et al., 2017). 

The survey consist of a social and medical questionnaire to assess the overall health 
status and functional abilities of the subjects. The subjects were asked to answer the 
following question: ‘Have you ever fallen to the ground in the past years?’ 

More than 25% of those surveyed confirmed that they had dropped at least once in 
the last 12 months with a predominance of falls among women. Bivariate and 
multivariate analyses have shown that many other parameters increase the risk of falling, 
and the most important one is a low mobility (16.9%). The experience of fall weakens the 
elderly, even in the absence of a traumatic consequence, hence comes the need for a 
powerful fall detector. 

Indeed, several researches based on the surveillance and follow-up of movements 
were carried out on the fall detection. Most of the fall detection systems are equipped 
with traditional equipment such as the wearable systems (accelerometer-based, 
gyroscopes or tilt sensors), environmental systems (based on vibration sensors or sound 
sensors) and camera-based systems. Most of these systems have several disadvantages in 
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their usage like the lack of autonomy and confidentiality, complexity, intrusiveness and 
high cost. 

No universal solution has been discovered to detect a fall so far. Despite the 
technological development, and the big number of researches on the fall detection, the 
number of investigations related to the progress and trends of fall detectors is very low 
and was conducted several years ago. For that reason, we decided to carry out a global 
study on the new approaches of fall detection using only the camera sensor and more 
precisely the Kinect RGB-D camera sensor considering its various advantages, which 
will be mentioned next. To explore the development in this field since 2017 we 
performed a search, using the keywords ‘fall detection Kinect’ on Google scholar and 
found 2,930 results. The number of searches has increased significantly in recent years. 
Using the same keywords on the same search engine for the period from 2010 to 2014, 
4,150 results were found whereas from 2014 to 2018 the number of results was 11,100, 
hence showing the importance of the fall magnitude. 

Previous fall detection surveys provided a general overview of the different 
approaches that exist in the literature by explaining the type of the used sensor, the 
methodology of using it and its performance. However, trends have changed since these 
publications. In this study, we present a detailed analysis of the most reputed approaches 
used in the detection of falls with Kinect, as well as a comparison between them. This 
work will be organised as follows: A related work is provided in Section 2. Section 3 
explains the reason for using the Kinect. The methodology of using this system is 
detailed in Section 4. Section 5 outlined the obtained results. Finally, the paper ends with 
a discussion and a conclusion. 

2 Related work 

This section briefly reviews the existing surveys in the literature on fall detection systems 
during the last ten years. We especially look for revues that focus on the camera-based 
fall detectors. Considering the magnitude of the fall, research has grown significantly 
over the past few years, hence the importance of a review to evaluate the previous 
research work on fall detection. 

The first fall detection synthesis study appeared in 2007and was proposed by Noury 
et al. (2007). It is an analysis of algorithms, systems, and sensors that detect 
automatically and early the elderly fall. These authors explained the difficulty of 
comparing between the performances of the different existing systems. In addition, they 
suggested an effective evaluation procedure. 

A year later in 2008, a survey, by Yu (2008), identified the different approaches and 
principles of fall detection methods for the elderly. Depending on how the fall detector is 
used, methods are classified into three approaches: worn systems, environmental systems, 
and camera-based systems. Each approach was divided into two or three categories 
according to the principle of use. Then each category is analysed to determine its 
advantages and disadvantages. 

In 2010, Abbate et al. defined the fall, its causes, its consequences and its different 
scenarios. In fact, the most relevant approaches over the last thirty years were underlined 
to allow the design of a new fall detection system to solve the problem of the elderly’ 
falls. This contribution collects the most relevant parameters, data filtering techniques 
and test methods from the accomplished studies. This survey provides a standard 
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procedure and structure for constructing a database by taking into account the problems 
and challenges of a fall detection system. Finally, it highlights the importance of a fall 
prediction, hence the importance of detection. 

In 2013, Igual et al. presented a literature review of fall detection systems to conduct 
a comparative study. They identified the different problems and trends in the fall 
detection. This study serves as a reference for clinicians and engineers. 

The same year, El-Bandary et al. (2013) listed the causes and consequences of the fall 
and introduced a new review of the trends and technologies of academic and commercial 
fall detection and prevention systems that help seniors overcome this problem. 

In 2014, Chaudhuri et al. studied the new fall detection approaches. They are tested in 
the real world and accepted by the elderly. The different existing devices are divided into 
two categories according to their evaluation: devices evaluated by precision, sensitivity 
and specificity and devices evaluated by other methods. 

Pannurat et al. also proposed in 2014 a review of an automatic fall monitoring. 
Platforms are classified into two categories: worn systems or non-worn systems. Thus, 
classification and evaluation methods are divided into different parts: threshold-based 
approaches, rule-based approaches, and machine-learning approaches. 

In 2015, Zhang et al. reviewed the fall detection algorithms and grouped them into 
two categories, namely the camera-based approaches and sensor-based ones. This review 
focused on the camera-based methods. For the sensor-based fall detector category, five 
public databases are introduced. Three of them are based on the Kinect camera. The 
second category includes fall detectors using a single camera, fall detectors using 
multiple RGB camera for a 3D scene reconstruction and 3D method using depth cameras. 
The authors proposed the association of a speech recognition system to carry out a 
dialogue with the subject to confirm or deny the fall and trigger the alarm. 

In 2016, Koshmak et al. described a review of approaches using a fusion of several 
sensors to detect the elderly fall. They also highlighted the difference between the 
techniques based on a single sensor and those based on several sensors. 

In 2017, Khan and Hoey introduced a new taxonomy for the detection of falls in 
relation with the availability of fall data. This taxonomy is not related to the type of 
sensor used, the methods of extraction, and specific selection. Different categories of 
classification methods for the fall detection studies are identified and analysed in detail. 
Approaches treating the fall as an abnormal activity represent a more effective direction 
of research. Several problems and proposals for improving future research are developed. 

In 2018, Lapierre et al. aimed to examine the extent and diversity of the current fall 
detection technologies for the elderly. The authors reviewed the literature since 2006 in 
three languages: English, French and Spanish. 118 articles are analysed to provide a 
rigorous and comprehensive study. Their analysis deduced the difficulty of comparing the 
results since the level of the technological maturity is low and the evaluation is rarely 
linked to ecologically valid conditions. 

Several journals on the fall detection have appeared in recent years. They dealt with 
this problem from a different point of view. Although some journals are recent, they 
present an ancient bibliography (the articles date from 2017). Indeed, there is no updated 
survey to deal with advanced technologies and new trends. 

Most journals inferred the effectiveness of depth camera-based approaches for fall 
detection. However, they also indicated that it is difficult to compare between different 
approaches because of the diversity of sensors, technologies, and evaluation methods. To 
overcome this problem, we decided to carry out a review of the algorithms and 
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approaches of fall detection by using the advantages of Kinect to detect the fall. This 
enables us to effectively evaluate the different existing systems. This study of the latest 
camera-based technologies using the Kinect sensor will serve as a review for engineers, 
doctors and researchers to help discover the performance and the weak points of this 
sensor for the elderly monitoring. 

3 Why using the Kinect 

In this research, we focus on articles that use the Kinect technology to detect the fall. For 
this, it is essential to explain the reasons why we chose this sensor and determine its 
performance and benefits. 

Figure 1 Representation of the two existing versions of Kinect, (a) Kinect V1 and V2 (b) the 
components of Kinect V1 (c) the components of Kinect V2 (see online version  
for colours) 

 
(a) 

  
(b)     (c) 

Kinect is a game console. It was introduced by Microsoft in November 2010. It has been 
used in many areas besides the game like education, biometrics, smart home, robotics, 
artificial intelligence, and recently in medicine. Microsoft introduced two versions of 
Kinect: version 1 and version 2 as seen in Figure 1. In the following subsection, we 
specify the characteristics and specifications of these two versions. 

3.1 Kinect hardware 

From a hardware point of view, Kinect is composed of different sensors: (RGB camera, 
depth camera and four microphones) that are able to provide the image colour, depth 
map, 3D full body movements, facial recognition, hand recognition, and voice 
recognition. Kinect has also a motorised tilt feature that allows for a better scene capture, 
and a more effective person and object tracking (Zhang, 2012). Kinect V1 and V2 use 
two different principles to provide a picture depth. The image depth acquisition of  
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Kinect V1 uses the principle of a structured light. The infrared projector projects, into the 
space, a known pattern of light beams in the field of view of the camera. The recorded 
deformation of these patterns gives information on the structure of the scene, whereas the 
depth acquisition of Kinect V2 is based on the principle of flight time (TOF) (Fankhauser 
et al., 2015). Here, we do not calculate the deformation of the light pattern, but rather the 
delay between the bursts of the infrared light emitted and received. This technique 
provides a 3D reconstruction of the scene. Table 1 summarises the differences between 
both devices, such as RGB image resolution, depth sensor range, field of view, system 
latency, and audio sensor sampling rate. 
Table 1 Comparative table of the hardware of Kinect V1 and V2 

Characteristics Kinect version 1 Kinect version 2 
Colour camera RGB 640 × 480 (30 fps) 1920 × 1080 (30 fps) 
Depth camera 320 × 240 512 × 424 
Infra-red image No IR 512 × 424 
Depth distance (min~max) (40 cm to ~ 4 m) (50 cm to ~ 4.5 m) 

Techniques Structured light Time to flight 

Horizontal field of view 57° 70° 

Vertical field of view 43° 60° 

Tilt motor Yes No 

Audio stream 16 khz, 16 bits 48 khz, 16 bits 

Minimum latency 102 Ms 20–60 Ms 

USB standard 2.0 3.0 

Price $99.95 $199 

3.2 Kinect software 

A Kinect software refers to the library development as well as the various algorithmic 
components that are included. Different software are available allowing the development 
of several applications. OpenKinect (2012), OpenNI (2019), robot operating system 
(ROS) (Quigley et al., 2009), and CL NUI (Laboratories, 2010) are the four main free 
projects that are available and can be used for data acquisition and processing of this 
sensor. 

Two projects for data acquisition and processing from a sensor were created by a 
developer bearing the nickname of AlexP and Hector Martin, who took on the challenge 
of Adafruit industry competition, before the launch of Kinect. 

OpenKinect (LibFreeNect) is the result of the competitive achievement of the 
software realised by Hector Martin who is a recognised winner of the Adafruit industry 
competition. This software offers Kinect drivers, and wrappers in different languages and 
for different projects. It is a free and open source library maintained by a community 
interested in using Kinect. It is available under Apache 2.0 licenses and optional under 
GPL2. 

Microsoft used the second project designed by AlexP to develop a NUI Driver / SDK 
platform available only for Windows. This is a free software. The last version used until 
today 29 March 2019 is 26.1.1. 
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OpenNI or Open Natural Interaction is an open source software project. It is created 
by a group of companies, including PrimeSense. It still works with a compliant 
middleware called NITE. Its most recent version is 2.2. OpenNI and SDK have almost 
comparable functions. Before the release of OpenNI (2.0), it was not possible to use both 
OpenNI and SDK packages, but now it is possible to install and enjoy the benefits of 
these two libraries in the same computer. 
Table 2 Comparative study of different Kinect drivers 

Characteristics Openkinect SDK OpenNI ROS 
Languages C, Python, 

actionscript, C#, 
C++, Java JNI and 
JNA, Javascript, 
CommonLISP 

C, C# ,C++ C, C++ Python, 
C++ 

Platforms Linux, Windows, 
Mac OS X 

Windows Windows, 
Linux, Ubuntu 

UNIX 

Accelerometer data YES YES YES NO 
Motor and led control YES YES YES YES 
Colour and depth 
images 

YES YES YES YES 

Audio data YES YES YES YES 
Automatic body 
calibration 

NO YES NO NO 

Standing skeleton 
tracking 

NO YES (20 joint points 
Kinect V1/25 joint 

points V2) 

YES (15 joint 
points) 

NO 

Seated skeleton 
tracking 

NO YES NO NO 

Full skeleton tracking NO YES (2 skeletons for 
Kinect V1/6 

skeletons for Kinect 
V2) 

YES (2 
skeleton) 

NO 

The American company Willow developed an open source computer tool named ROS for 
its Robot PR2. The ROS makes it possible to develop software in the robotics field. The 
latest version of the ROS is called Melodic Morenia (published in May 2018). Table 2 
presents a comparative study of the different Kinect drivers defined above. 

Kinect is evaluated from a hardware and software point of view. This assessment 
helps us understand both the advantages and disadvantages of the Kinect sensor and 
determine the best performing fall detectors in the literature. This study also allows us to 
design an effective low cost fall detector. 

3.3 Evaluation of the Kinect performance 

To justify the choice of the Kinect sensor, it is not enough to study only its technical 
characteristics but it is also necessary to evaluate its performance compared to other 
depth cameras in order to analyse both its advantages and disadvantages. 
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Several studies were developed in this context. The studies were classified into two 
categories. The first class deals with the performance of Kinect cameras and the second 
one evaluates the performance of the skeletal tracking. 

Since the appearance of the Kinect in 2011, Smisek et al. carried out an experimental 
study, comparing quantitatively the 3D capacity of the three different cameras (Kinect, 
stereo camera, and TOF camera). Smisek et al.’s (2013) experiment demonstrated that the 
Kinect accuracy level is comparable to that of the stereo camera, and it is higher than the 
accuracy level of the TOF camera. In the same year, Stoyanov et al. (2011) repeated the 
same experiment by comparing the Kinect camera with other TOF ones. The results 
showed that the Kinect camera performance is better than that of the other two TOF 
cameras but it is comparable to that of the short-range laser camera (distance < 3.5 
metres). They concluded that employing a Kinect camera is better than using the TOF 
cameras because of its low cost and good performance. In 2012, Khoshelham and 
Elberink abandoned the idea of comparing the Kinect sensor with other cameras, and 
analysed the resolution and accuracy of the depth data. Khoshelham and Elberink’s 
(2012) experiment showed that the distance and the random error of the depth 
measurements are proportional. 

Figure 2 Representation of pose estimation using three different systems (see online version  
for colours) 

 

Source: Obdržálek et al. (2012) 

Diverse studies focused on Kinect’s skeleton tracking software capabilities. Dutta 
compared the Kinect motion capture with the existing motion sensors based on markers 
(Dutta, 2012). In an appropriate field of view and a distance of 1 to 3 metres to the 
Kinect, the results obtained are similar, with a minor error of less than 1 cm. In other 
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words, Obdržálek et al. (2012) decided to observe the robustness of the Kinect’s pose 
estimation in the context of the elderly training. For this, they simulated six types of 
exercises in which the subject is sitting or standing next to a chair. The difficulty of pose 
recognition is the occlusion and change over time of the angle of view. Then the acquired 
data is compared to that generated by other marker-based motion capture systems, such 
as Phasespace and Motionbuilder as seen in Figure 2. 

They finally concluded from the results that the Kinect sensor has a good potential in 
the robustness of the pose estimation and motion capture and real-time body tracking in 
healthcare applications. However, in general, the typical error of the Kinect skeletal 
tracking is about 10 cm. 

4 Methodology 

To carry out our bibliographic database, we explored the following search engines: 
Google scholar, IEEE, JURN and PubMed. The used keywords are a combination of 
words such as fall detection Kinect, fall monitoring Kinect, falling Kinect, fall detection 
using depth camera. 

A first pre-selection is made from the most relevant titles. A second selection is 
carried out by minutely studying the abstracts. Then, all selected articles are considered 
relevant. They are numbered and saved in a file. The bibliographic search ended on  
20 March 2019. 

4.1 Inclusion conditions 

We have integrated all the articles of conferences and scientific papers written in English 
using the following key words: fall detection Kinect, fall monitoring Kinect and elderly 
fall Kinect. Studies treating the elderly fall using the Kinect fall detection directly or 
indirectly were included in the research for the elderly rehabilitation and the 
improvement of posture and walking; more specifically, those who use Kinect as a 
harmful interface for the prevention of falling through exergame. 

4.2 Exclusion conditions 

Several elimination criteria are taken into consideration. Only the articles that are 
evaluated by a scientific committee and written in English were selected. The publication 
date of the article is a very important criterion to get an updated review. For this, we are 
recommended to study the published articles since 2017. Finally, we selected the most 
quoted papers during this period. 

5 Results 

Following a selection process carried out according to the inclusion and exclusion criteria 
previously explained, the number of included studies is 11. Figure 3 summarises the steps 
followed in the search of articles. 
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Figure 3 Results of preferred reporting items for systematic reviews and meta-analyses 
(PRISMA) process (see online version for colours) 

 

Through an automatic search method on the scientific search engines listed in the method 
part, 4,230 records were made. Forty-four studies are taken from additional manual 
searches and completed in research lab archive websites and universities such as Open 
Directory Access Open Journals (DOAJ), and FreeFullPDF. Several studies were 
eliminated (72.5%) for different reasons. The first reason is redundancy. An article can 
exist in several versions ranging from 12 (maximum) to one (minimum). There is also an 
intersection between the different search engines. The second reason for eliminating 
certain studies is that many of the keywords used are generalised. A search for ‘Kinect 
detection’ can lead to different results such as the detection of Parkinson’s disease, 
emotion detection, and motion detection. As a result, 1,164 articles were eliminated. Of 
these, 928 articles were excluded just after reading the titles and 132 articles after reading 
the abstracts. Only the relevant titles and abstracts were included. Therefore, only 42 
articles met all the inclusion criteria. Then, a final selection was made to sort out the most 
interesting studies that fit this review. Indeed, only the most cited articles in the years 
2017/2018 and the articles judged interesting in 2019 were chosen. At the end, the final 
number of the articles selected for study is 11. These 11 selected studies met all the 
inclusion criteria. Tables 3, 4, 5 and 6 provide an overview of the literature research and 
minutely explain the methodology and the progress of the experiments. 
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Table 3 Overview of selected study methodologies using a depth frame 
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Table 3 Overview of selected study methodologies using a depth frame (continued) 
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Table 4 Overview of experimental results using a depth frame in some selected studies 
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Table 4 Overview of experimental results using a depth frame in some selected studies 
(continued) 
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Table 5 Overview of selected study methodologies using a skeleton frame 
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Table 5 Overview of selected study methodologies using a skeleton frame (continued) 
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Table 5 Overview of selected study methodologies using a skeleton frame (continued) 
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Table 6 Overview of selected study experimental results using a skeleton frame 
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Table 6 Overview of selected study experimental results using a skeleton frame (continued) 
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To extend the utility of these tables to the reader, all the studies are classified in two 
categories: studies that use the depth stream of the Kinect (Table 3 and Table 4) and those 
that use the skeletal flow (Table 5 and Table 6). Concerning the methodology, various 
parameters are specified such as the number of citations of the article, the hardware and 
software part, the techniques used and the steps of the fall detection. Then the 
experimental conditions are detailed including the installation of the equipment, the type 
of fall detected, the subjects chosen to carry out the experiment, the realisation stage and 
the experiment as well as the evaluation results. 

5.1 Methods of research using depth frame of the Kinect 

Most of the fall detection cameras based approaches are not effective at night because of 
the darkness. It is possible to install a dim light, but it can affect the sleep of the elderly. 
To resolve this problem the use of a depth camera is recommended. It can provide images 
in the dark and preserve the privacy of monitoring people. 

5.2 Methods of research using skeleton frame of the Kinect 

Approaches using a skeletal tracking for a fall detection as a special case of recognising 
human activities have the principle of defining the human body in the form of joints. 
Thus, the body is represented as a 3D skeleton in space. The use of a skeletal frame is 
used to improve robustness and achieve a better performance. Different libraries studied 
previously (Table 2) can provide a skeleton tracking like OpenNI (unofficial version) and 
the different versions of Kinect SDK official for both versions of Kinect V1 and V2. 
Each of these two libraries has some advantages and disadvantages. OpenNI can 
recognise six people and follow only two people. Each person is represented by a 3D 
skeleton with 15 joints. Kinect SDK 1.5, 1.6, 1.7 and 1.8 have the same features but 
detect 20 joints per person. While Kinect SDK V2 can recognise and track six people and 
detect 25 joints as seen in Figure 4. 

Figure 4 SDK skeleton joint points (in red SDK 1.5, 1.6, 1.7, 1.8, and in blue SDK 2.0)  
(see online version for colours) 
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Using the official Kinect Software Development Kit for fall detection is recommended 
for a skeleton tracking for multiple reasons: 

• SDK does not require a calibration or a specific action pose for a skeleton tracking. 

• SDK allows a full body tracking from the head to the foot; the tracking is possible 
even in the seated position. 

• Unlike RGB images, the skeletal frame of SDK preserves the privacy of the 
monitored person. 

• The collected images have an acceptable quality and do not require complex pre-
processing steps. 

6 Discussion 

Fall detection alternatives are multiple. The fall detection systems were classified in three 
parts. Wearable fall detection devices, environmental fall detection devices, and camera-
based fall detection devices. These systems are effective but they have certain use 
limitations. 

Certain old people may forget to wear the accelerometer-based fall detector. This can 
present a great danger and may increase the severity of the fall. Others may refuse to 
wear it because they do not want to admit their dependence and their lack of autonomy. 

Environmental fall detectors systems are installed in the environment or life of the 
elderly. They can be installed in the floor and detect the fall as a vibration or installed in 
the doors and detect the presence or absence of the person. These detectors have a big 
number of false positives, which is a huge problem. 

Camera-based fall detectors have become highly widespread because of their good 
performance and low cost. Their major problem is that they are intrusive because they are 
harmful to privacy and they are not functional in the dark. 

Since 2014, the use of the Kinect sensor as a fall detector has become more popular 
than stereo cameras. This sensor has overcome the weaknesses of the traditional cameras. 
To detect the fall, the Kinect sensor can be used separately or in association with other 
devices such as an accelerometer or a mobile phone. 

In this study, we chose approaches that use only Kinect. The selected studies were 
divided into two categories. The first category is interested in the fall detection by means 
of depth stream whereas the second category is devoted to studies using a skeletal 
tracking or skeletal flow in association with the RGB flow. 

Machine learning was adopted as a Kinect-based fall detection algorithm. First, SVM 
is the most widely employed algorithm, followed by NBC and RDF. HMM is rarely used 
as seen in Table 3 and Table 5. 

In order to allow a comparison between different fall detection systems, it is obvious 
to use the same evaluation criteria. To detect the fall four cases are possible (as explain 
on Table 7): True positive (TP), false positive (FN), true negative (TN), false negative 
(FN). 
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Table 7 Possible cases for fall detection 

 TP FP TN FN 
Fall Yes No No Yes 
Fall detection Yes Yes No No 

To evaluate the performance of the fall detector systems these four cases are used in three criteria 
as (Broadley et al., 2018): 

• Sensitivity is the capacity to detect fall: 

TPSensitivity
TP TN

=
+

 (1) 

• Specificity is the capacity to detect just a fall: 

TNSpecificity
TN FP

=
+

 (2) 

• Accuracy is the proportion of alarms, which are true falls: 

TP FNAccuracy
TP FN FP FN

+=
+ + +

 (3) 

The most significant indicator for evaluating the performance of fall detection systems is 
accuracy. Some articles did not test a single database to assert a better evaluation. For 
example, Alazrai et al. (2017) used the three scenarios, to graphically represent the 
accuracy; we calculated the average of the obtained accuracy from these three scenarios. 
In addition, some articles did not use accuracy but rather sensitivity and specificity as 
given by Abobakr et al. (2018) and Mazurek et al. (2018). 

Figure 5 Accuracy percentage of the most cited papers since 2017 (see online version  
for colours) 

 

The percentage of accuracy of the selected items is generally greater than 90% as seen in 
Figure 5. The accuracy of Patsadu et al. (2018) is 99.97% almost 100%. It means that all 
the simulated falls were detected. Alazrai et al. (2017) has the lowest accuracy in the 
curve 78.76%, it is the average accuracy of three scenarios (93.6%, 77.6% and 65.1%) 
that depend on the number of video sub-sequences not observed in the videos test. 
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In the selected articles, both versions of Kinect were used. We could not decide about 
the most adequate version because the experiments were not tested using the same 
database and under the same conditions. Based on the precision results, it can be seen that 
Kinect V1 reaches an accuracy of 99.97%, while Kinect V2 has an accuracy of 97.1% 
(Kong et al., 2017) and 91.7% (Li et al., 2018). 

In the realised experiments, the Kinect sensor was placed differently. We notice that 
it was generally installed at a height of 1 to 2 meters, and the subject must perform the 
requested actions at a distance of 1 to 4 meters from the Kinect sensor. 

All the fall detection databases used to evaluate the performance of the selected items 
were not tested by the elderly subjects. Volunteers are often healthy adults who have 
simulated different falls. Some studies divided the fall into several sub-categories: falls 
forward, backward and sideways. Daily living Activities (ADL) such as sitting, walking, 
sleeping, crouching were also simulated. A fall is an accidental event so it is difficult to 
simulate it. This is the cause behind the difficulty of creating a database of real falls. Here 
lies the difficulty of this research. Therefore, fall detection algorithms with a high 
accuracy level in the laboratory are unsatisfactory in practice. 

7 Conclusions 

The elderly fall causes very serious health problems. Given the importance of this 
phenomenon, research has grown in the area of seniors monitoring and home assistance. 
Fall detection systems have evolved in recent years. Kinect is one of the most used 
sensors for designing a low-cost, highly efficient and easy to install detector. In this 
paper, we reviewed 4230 articles that deal with the detection of falls in older Kinect-
based patients. We chose the most recent, relevant and cited studies. We divided the 
included studies into two categories: depth-based fall detection and 3D skeletal based 
detection. The methodology of each study was specified (specifying the hardware, the 
software, the techniques used and the operating principle). The progress of the 
experiment was described (location of the sensor, type of fall, subjects, and steps of 
experiment and results of the evaluation). Most of these articles have used machine-
learning techniques that are predominantly SVM. The selected items have a high 
accuracy greater than 90%. However, several technical limitations still exist such as the 
detection margin of the Kinect sensor, the occlusion problems and especially the lack of 
standardisation of evaluation method under real conditions. We conducted this systematic 
review to resolve existing limitations in this area. In a future work, we will offer a fall 
detection system for older people based on Kinect’s skeletal flow. We will build our own 
database to test the effectiveness of this system. We will also test it on real conditions 
with a real fall. 

It is important to detect a fall to reduce its consequences. However, it is also 
important to prevent it to reduce the probability of falling. For this reason, we have 
proposed a Kinect-based fall prevention system. This is an exergame using the techniques 
of occupational therapy (Khaled et al., 2018). 
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