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Abstract—Falls are a major health problem for the frail
community dwelling old people. For more than two decades,
falls have been extensively investigated by medical institutions
to mitigate their impact (e.g., lack of independence and fear of
falling) and minimize their consequences (e.g., cost of hospitaliza-
tion and so on). However, the problem of elderly falling does not
only concern health-professionals but has also drawn the interest
of the scientific community. In fact, falls have been the object
of many research studies and the purpose of many commercial
products from academia and industry. These studies have tackled
the problem using fall detection approaches exhausting a variety
of sensing methods. Lately, researcher has shifted their efforts
to fall prevention where falls might be spotted before they even
happen. Despite their restriction to clinical studies, early fall
prediction systems have started to emerge. At the same time,
current reviews in this field lack a common ground classification.
In this context, the main contribution of this paper is to give
a comprehensive overview on elderly falls and to propose a
generic classification of fall-related systems based on their sensor
deployment. An extensive research scheme from fall detection
to fall prevention systems have also been conducted based on
this common ground classification. Data processing techniques in
both fall detection and fall prevention tracks are also highlighted.
The objective of this paper is to deliver medical technologists in
the field of public health a good position regarding fall-related
systems.

Index Terms—Falls, fall detection, fall prevention, early-fall
detectors, classification.

I. INTRODUCTION

GING is a natural, progressive and heterogeneous
process to all living species. In humans, the aging
process is characterized by different aspects (morphological,
pathophysiological, psychological, social and environmental)
that are commonly investigated in “gerontology”. At these
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levels, age is measured by the functional abilities of the person.
The health status of an elderly person is therefore the result of
the additive effects of aging as well as the attained diseases.
This situation will lead the elderly to a state of “unstable
incapacity” for “normal aging” [1]. It is characterized by a
reduced reaction to the environment and to certain patholo-
gies with obvious decrease of autonomy and integration in
Activities of Daily Living (ADL). It has major effects on
most of the systems (e.g. nervous, metabolic, sensory, cardio-
vascular, respiratory, musculoskeletal, etc.). These effects are
more observable in the musculoskeletal system in terms of
locomotion and mobility [2]. The result is a general physical
and functional weakening which will eventually increase the
risk of fall incidents.

Falls are considered among the most hazardous incidents
that can strike an elderly person. They are the second leading
cause of unintentional death estimating 424000 deaths glob-
ally [3]. Despite their inevitable risk, falls could be managed,
detected and even prevented if proper means are adminis-
tered to the patient. These incidents require both human and
technical interventions. This double support is accounted for
“gerontechnology”. The outcome of this discipline shall be
measured in terms of gain of independence and improved
quality of life [4].

Fall-related technology can be contextualized according to
two research tracks: (1) Fall Detection (FD) and (2) Fall
Prevention (FP). Research in fall detection has been exhaus-
tively explored; however, fall prevention is currently under
investigation. in one hand, wearable and non-wearable systems
have started to be deployed and gone commercial. These
systems use different types of sensors to collect motion and
environmental data for further processing and analysis. On the
other hand, large reviews and surveys on fall detection and
fall prevention also started to appear. It can be noticed that
these reviews lack a common ground classification. From this
standpoint, the main basis of this article is the elaboration of a
common ground classification for existing fall-related systems
according to their sensor deployement. The objective is to offer
researchers a standpoint from existing FD and FP solutions
that have been developed in academic and commercial facili-
ties. The article also gives a state of art on existing fall-related
systems in both tracks.

The remaining of this article is organized as follows.
Section II formulates the problem of falling. It states the
definition of falls and summarizes their major causes and
consequences. It also emphasizes the importance of tech-
nological intervention in minimizing the consequences of
these incidents. Section III proposes a common ground
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three-category classification of fall-related systems based on
their sensor deployment. These are categorized into wearable,
non-wearable (or context aware) and fusion based systems.
Smart-phone based systems are also considered in this classi-
fication. A state of the art on fall detection and fall prevention
systems is developed in sections IV and V. Section VI con-
cludes the paper.

II. UNDERSTANDING ELDERLY FALLS

Understanding fall incidents, their causes and their con-
sequences would serve researchers, engineers and health
practitioners to develop systems and devices to detect and
prevent these hazardous incidents. The goal is to provide
the elderly with more independence and an improved quality
of life.

A. Background on Elderly Falls

Falls are defined by Kellog International working group
as “inadvertently coming to rest on the ground, floor or
other lower level, excluding intentional change in position
to rest in furniture, wall or other objects”. According to the
WHO, the magnitude of falls is increasing worldwide. In fact,
approximately 28-35% of people aged of 65 and over fall
each year increasing to 32-42% for those over 70 years of
age [3]. These numbers are likely to grow with age, frailty
level, pathological history and living conditions (e.g. falls
happen more often in nursing homes or long term institutions).
The frequency of falls is also affected by the growing number
of elderly. It is estimated that by the year of 2050 one or
more in each group of five people will be aged 65 years or
above [5]. This demographic change will induce a high rate
of fall related injuries (e.g. falls lead to 20-30% of mild to
severe injuries and are the cause of 10-15% of all emergency
visits [3]). Thus, this increasing weight of demographic change
levies new challenges on socio-economic levels if appropriate
measures are not taken to tolerate the impact of this inevitable
ageing and its associated fallouts.

B. Causes of Falls

The causes of falls are often the result of complex interac-
tions among many factors. Skelton et al. in [6], have identified
more than 400 factors that contribute to a fall. Campbell,
Borrie et al. in [7], said that elderly falls result from the effect
of additive factors. Thus, screening the factors may help reduce
the risk of falling. In fact, the risk of falling and the number
of factors are linearly correlated [8].

Risk factors are often classified in three dimensions. There
are factors related to the behavior, other factors are connected
to the health status of the elderly and finally factors linked to
the environment (extrinsic factors). The first two dimensions
can be merged together. They score the factors associated
to the person (intrinsic factors). Falls happen because of the
interaction among these dimensions as illustrated by Fig.1.
The more the link between these factors is identified, the more
medical professionals are able to reduce the risk of falling. For
the rest of this section, we will consider the two-dimensional
classification of the risk factors.
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Fig. 1. Three-level impact of fall consequences.
TABLE I

CLASSIFICATION OF FALL RISK FACTORS
ACCORDING TO THEIR MEASURABILITY

| Fall risk factors |  Measurability

Measurable
Measurable

- Age

- History of falls

- Acute or chronic pathologies

(e.g. Parkinson’s, osteoporosis, diabetes, etc.)
- Neurological functions

- Gait, balance, lower limbs

joint function, muscle strength

- Cardiovascular status

(e.g. blood pressure, heart rate, rhythm)
- Cognitive functions (Visual acuity)

- Fear of falling, independence, efficacy

Non-measurable
Non-Measurable

Measurable

Factors related
to the person

Measurable

Measurable
Non-measurable

- Outdoor environment

(e.g. uneven paving, ice)

- Indoor environment

(e.g. loose carpets, sloppy floors,
cumbersome furniture)

- Foot wear, clothes

Non-measurable

Non-measurable

environment

Factors
related to the

Non-measurable

C. Determining the Risk of Falling

To determine the risk of falling, measurable screening of
risk factors must be conducted using adequate assessment
tools and systems. Nashwa et al. in [5] divide the risk factors
according to their origin and controllability. Rose et al. in [9],
categorize the falling risk factors whether they can be modifi-
able or not. Based on these two review papers, risk factors can
be modifiable and controllable. However, in order to quantify
the risk of falling, we propose a more beneficial organization
of the risk factors based on their measurability as we present
in table 1. Thus, the involvement of each risk factor to induce
a fall incident can be measured.

D. Consequences of Falls

Falls have adverse consequences on many levels. They do
not only affect the person himself by increasing his depen-
dencies, but also impact his environment. The five-dimensions
classification proposed by Nashwa et al. in [5] can be simply
reassembled into three groups that can be related to the person,
the environment and the government. Fig. 2 illustrates the new
hierarchy based on which plans can be established to reduce
fall consequences.

E. Need for Help

For all the above reasons, the need for help arises. The
burden of this health problem lies foremost on the shoulder of
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Fig. 2. Three-dimensional classification and interaction of fall risk factors.
societies and governments. It is also the role of the scientific
communities to find solutions that are facing societies. From a
scientific point of view, the problem of falling is approached by
two research tracks. The first track is Fall Detection (FD) that
has been aggressively investigated by researchers, scientists
and industrialists through the past two decades. The main focus
is to reduce the response and rescue time to reach the victim
after a fall. In fact, lying on the floor for more than one hour is
associated with many diseases (e.g. dehydration, pneumonia,
hypothermia) and eventual death within 6 months [10]. The
second track is Fall Prevention (FP). This track gathers the
efforts made to detect the possibility of a fall. Research in
this track is still in its early phases. The focus is mainly on
predictive analysis of gait and balance parameters.

III. CLASSIFICATION OF FALL-RELATED SYSTEMS

The literature reviews on fall related systems lack a common
ground classification. In the track of fall detection systems,
we analyzed four review papers. Each study provided a
different classification approach based on the understanding
of the problem of falling and the anticipated contribution.
Noury et al. in [11] and [12], classify fall detection studies
according to the detection techniques of the shock impact
or the post-fall phase. Mubashir et al. in [13] used a three-
category approach based on the physical deployment of the
sensors. They classified the systems as wearable based devices,
ambient based and camera based. They also provided a
brief summary on the fall detection studies in each category.
Pierry et al. in [14] considered a survey and evaluation of
real-time accelerometry based fall detection techniques. Their
classification was therefore based on methods that measure
acceleration, methods that combine acceleration with other
sensor data and methods that do not measure acceleration at
all. It can be noticed that Pierry et al. were very specific in
their classification which was based on accelerometers. This
type of classification doesn’t provide a common reference
for the variety of sensors that can be deployed on wearable
systems. Igual et al. in [15] provided a general classification.
They divided fall detection systems into wearable devices
and context-aware systems. The latter considered mostly of
image processing and computer vision techniques using cam-
era based devices and ambient sensors. At the time when
those papers were published, the fusion systems had not
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significantly appeared and consequently they were considered
a category. For instance, none of the previously mentioned
reviews considered solution where wearable and ambient sen-
sors are combined together to detect falls. These are known
as fusion or hybrid systems. Recently, a survey on challenges
and issues in multisensor fusion approach of fall detection
systems provided a three-category classification [16]. The
authors based their classification on wearable, ambient and
vision sensors much like Mubashir et al. [13]. In their article,
the fusion concept is only considered within the same category.
For instance, they considered fusion of accelerometers and
gyroscopes while both of these sensors are wearable. The
emphasis of fusion systems proposed by our classification
combine different sensor technologies.

In the track of fall prevention, three articles were inves-
tigated. The most relevant classification was found in [17].
The review paper provides an overview of wearable and
non-wearable fall prevention systems used for gait analysis;
however, the focus was on clinical applications only. The other
two reviews were more specific. For instance, Weijun et al.
in [18] provided a review on gait analysis using wearable
systems highlighting their applications in sports, rehabilitation
and clinical diagnosis. They also conducted a brief research
on the types of sensors used in these systems and their
working principles. Abdul hadi et al. in [19], reviewed foot
plantar pressure measurement systems highlighting the types
of sensors involved and their current applications particularly
in sports and rehabilitation.

Large reviews on both fall detection and fall prevention
were also found. Nashwa et al. in [5], provided a review
of trends and challenges in fall detection and fall prevention
systems. The paper offers exhaustive narrative information
regarding both systems without any obvious classification.
Another recognized survey by Delahoz and Labrador [20]
is much more explicit. Their article classifies fall detection
and fall prevention systems based on two categories: wearable
systems and external sensors systems. The paper provides a
qualitative evaluation based on different criterions (e.g. type of
sensor, falling factor, cost, etc.). In their classification, vision
systems are considered as external systems controversially to
Mubashir et al. [13]. Other related surveys such as [21], focus
on fall detection and fall prevention systems that use the smart
phone as a sensing device.

A. Proposed Global Classification Scheme

Based on the previous classification issues, we propose our
global common reference scheme for better understandability
of fall-related systems. The goal of this classification is to
provide researchers in this field a global reference scheme
on fall-related systems. According to this scheme, emerging
fall-related systems can be easily identified and classified.
The proposed scheme is a three-category based classification
shown in fig.3. The entities drawn in fig. 3 and the connection
between them are based on literature studies.

In this scheme, fall-related systems are divided in two big
groups: Fall detection systems and fall prevention systems. The
first group uses the fall impact to trigger an alarm whereas the
second group extracts features of gait and balance. Due to
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the large amount of studies and to the lack of a global
classification, fall detection and prevention systems can both
be divided with respect to their sensor-technology deployment
according to three categories:

« Wearable based Systems (WS).
« Non-wearable based Systems (NWS).
« Fusion or hybrid based Systems (FS).

Controversially to Mubashir et al. [13] and to Igual and
Medrano [15], camera systems are a sub-category of the
non-wearable systems mush like Delahoz and Labrador [20]
who named this category as external sensors. Furthermore,
due to the emerging fusion solutions, fusion based systems
category is also added to this classification. At this level of
the scheme, both groups have the same classification, however,
when screening existing solutions and studies, FD and FP
systems exhibit major differences. In fact, the deployment
of sensors in wearable systems is typically attached to the
body. These can be named as Body Wear (BW). For fall
prevention systems, sensors can be found on the body or inside
the sole of a shoe. These can be named as Foot Wear (FW).
Another difference is the type and number of sensors used in
wearable fall prevention systems. In fact, motion data must be
collected from body segments and joints to study the human
gait. Vital signs monitors are also added to this category for
their relevance in providing intrinsic data to estimate the risk
factor.

The non-wearable systems category is the same for
both groups with a minor difference in fall prevention.

Oximeter, GSR)
Force and pressure

A three-category based global classification scheme of fall-related systems.

Sensors in this category are either Ambient (AMB),
Vision (VIS) or Radio (RF). The reason for taking out the
vision and the radio systems from the ambient sub-category
is the size of the data and the level of processing that can be
achieved within these systems. Moreover, the type and size
of the sensors used in vision and radio devices are different
from those used in ambient sensing. These sub-categories can
be baptized by the name context-aware systems due to their
ability to sense and process data from the environment. Data
collected from these systems are more dependent on the main
context (FD or FP). For instance, ambient sensors are more
variant in fall prevention systems to provide behavior analysis
and activity monitoring while radio frequency systems are
much adequate for gait analysis only.

Fall detection and fall prevention systems can benefit from
the fusion of wearable and non-wearable sensors to provide
more accurate analysis in terms of detection and preven-
tion. Fusion systems (FS) are set in both categories. In this
case, data is collected from different sensors for analysis.
This category is poorly investigated in the literature of fall
prevention systems; However, this option must be considered
when taking fall prevention out of the laboratory to elderly
homes.

Due to the emerging smart phone sensing technologies,
we have integrated in our proposed classification the Smart-
phone (SP) category. This category is represented as a
floating entity because smartphone systems can be located
at any level of the classification. They can be considered
as wearable or non-wearable that are capable of sensing,
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TABLE 11
TYPICAL SENSORS USED IN WEARABLE FD AND FP SYSTEMS

Sensor \ Measurement
Accelerometer Acceleration, velocity, position
Gyroscope Angular velocity, flexion angle
Magnetometer Orientation
Barometer Change of pressure
Goniometer Flex angle
Inclinometer Tilt angle
Ultrasonic Distance, clearance

Force and pressure Vertical force, pressure

processing and communicating. Existing smart-phone systems
are either stand-alone or combined with other wearable or non-
wearable sensors for both fall detection and fall prevention.
According to [21], smart-phone based systems are not yet
been deployed as stand-alone systems in a non-wearable
context.

B. Sensors Deployment in FD and FP Systems

Based on the proposed global classification in Fig.3, the
sensor type and number are mainly dependent on the context
of the application (FD or FP). These sensors are deployed in
wearable, non-wearable and fusion systems.

1) Wearable Systems Sensors: In the context of fall detec-
tion, sudden changes in body motion parameters such as
acceleration, orientation or inclination may be interpreted
as fall-like incidents in case of elders. To measure these
parameters, sensors must be tied to the body. Wearable based
systems widely use inertial sensors such as accelerometers,
gyroscope, inclinometers or other types of sensors like barom-
eters and magnetometers, to detect abrupt surges in human
gait, assess balance and monitor displacement [22]. Practically,
accelerometers and gyroscopes are Micro Electro-Mechanical
System (MEMS) devices that can measure acceleration and
orientation (e.g. pitch, roll, yaw or angular momentum) of a
body part along a certain axis. These sensors are basically
utilized when identifying different types of falls: falls from
sleeping, fall from sitting, fall from walking or standing, and
fall from standing on support tools such as ladder or stairs [20].
Most often, 2-axial or 3-axial accelerometers and gyroscopes
are found in almost all studies.

In the context of fall prevention, wearable sensors are used
to analyze human gait. Compared to the types of sensors used
for fall detection, fall prevention systems use a wider range of
motion sensors. These sensors can be placed on different body
parts in order to measure the characteristics of the human gait
(e.g. feet, knee, hips, waist, chest, etc.) [18]. These systems
use in addition to inertial sensors extensometers, force sensors
and goniometers. Moreover, wearable sensors can be deployed
on body and foot wears. The list of sensors use in wearable
systems are listed in table II.

These listed sensors can be directly linked to human loco-
motion as they provide input to extract gait characteristics
and detect abnormal changes in behavior depicting a potential
fall. But, changes in behavior can also originate from intrinsic
factors related to the pathophysiological history of the patient
(e.g. muscle fragility, diabetes, heart diseases, hypertension,
etc.). These factors are highly correlated with falls [9]. In this
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TABLE III
VITAL SIGNS MONITORING DEVICES

Sensor ‘ Measurement

Pressure

CO2 gas

Electrocardiography (ECG)
Electroencephalography(EEG)
Electromyography(EMG)
Electrooculography (EoC)
Galvanic skin Response (GSR)
Oxymeter

Thermal

Blood pressure
Respiration
Cardiac activity
Brain activity
Muscle activity
Eye movement
Perspiration
Blood oxygen
Body temperature

TABLE IV
TYPICAL SENSORS USED IN NON-WEARABLE FD AND FP SYSTEMS

Sensor ‘ Measurement

Motion PIR
Infrared

RFID

Pressure and load
Magnetic Switches

Motion

Motion /identification
Location tracking/identification
Force, weight

Actions (opening/closing

Microphone Sound height, impact
Vibration Impact, vibration
Ultrasonic Distance, clearance, motion
Camera Activity, identification

context, recent advances in MEMS technology have led to
the development of new types of non-invasive healthcare
sensors to monitor health signals. For example, blood glucose,
blood pressure and cardiac activity can be measured using
techniques such as infrared sensing, optical sensing and oscil-
lometry [23]. These sensors are listed in table III.

Moreover, new technologies in sensing fabric also known
as e-textile are currently being deployed on garment, in fabric
and ultimately in fiber [24]. This technology is more flexible
and comfortable compared with other wearable sensors in
measuring human gait and posture [25].

2) Non-Wearable Systems Sensors: In non-wearable sys-
tems, sensors are deployed in the environment. The main
effectiveness of this arrangement is when obtrusiveness is
rejected from the subject as he refuses to wear any device
on his/her body. The purpose of such systems is to be
able to track human daily activities (ADL) and to detect
abrupt changes in motion. Furthermore, the detection area
of these solutions is limited to the range covered by the
sensor [26], the reason why their usability is restricted to
indoor premises only. Common sensors used in this category
are pressure, motion PIR, vibration, acoustic, and infrared
Sensors.

In the context of fall prevention, sensors used for gait
and balance analysis are usually deployed inside clinics or
gait labs. Practically, these systems share similar compo-
nents as in fall detection context-aware systems, however
they have different objectives. The purpose of non-wearable
systems is to monitor ADL during which gait and balance
parameters are assessed. As a result, these sensors are more
appropriate for elderly homes and healthcare facilities where
falls are more likely to happen. In this case, real-life sce-
narios are more evaluated. According to [27], changes in
daily activities are early indicators of cognitive and physi-
cal decline which is correlated to gait deficits and eventual
fall. Thus, these systems are able to identify abnormalities,
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TABLE V
CLASSIFICATION OF FALL DETECTION SYSTEMS WITH RESPECT TO THEIR DATA PROCESSING TECHNIQUES AND SENSOR DEPLOYMENT

Classification of | e o | New [ New
fall detection systems Data processing ¥
and data processing techniques Wearable Ambient Vision Fusion Smartphone
techniques systems systems systems systems systems
(WS) (AMB) (VIS) (FS) (SP)
. 29] [30] [31
‘ Thresh-holding (TH) ‘ [[32]] [[33]] '[3 4} 135] [36] [37] ‘ [38] [39] [40] ‘ [41] ‘ [42] [43]
E ‘ Principal Component Analysis (PCA) ‘ ‘ ‘ [44] ‘ ‘
?E) =) | Fisher§ discriminant ratio | | | ‘ ‘ [45]
iz | Fuzzy logic \ \ [46] \ [47] | 81 |
-g | K-Nearest neighbor | | [49] ‘ [50] ‘ ‘
< | Gaussian mixture model (GMM) | | [51] | [26] | |
Rule based techniques and transformations
- Shape analysis
- Direct Linear Transform (DLT) (53] [54] [55] [57] [40] [60]
- Wavelet transform . [56] [37] [58] [59]
- Histogram of Oriented Gradient (HOG)
- Fast Fourier Transform (FFT )
| Hidden Markov model \ | (6111621 | (631321 | [64] |
‘ Pattern recognition ‘ ‘ [65] ‘ ‘ ‘
| Bayesian filtering | | [66] | | |
°E" g ‘ Support Vector Machine (SVM) and DAGSVM ‘ [67] [68] ‘ [69] [55] [51] ‘ [70] [71] ‘ [72] ‘ [73]
£
§ g ‘ Neural network classifier ‘ [74] [75] ‘ ‘ [76] [77] ‘ ‘ [78]
2 -§ | Multilayer perceptron | 15311751 | | ‘ ‘
f‘; 5.E, | Decision tree | [29] | | [39] | | [78]
=
‘ K-Nearest Neighbor (KNN) ‘ [79] ‘ [35] [56] ‘ [80] ‘ ‘

track any changes in gait parameters and detect emergency
events.

Camera sensors belong also to non-wearable systems, but
they differ by their processing techniques to detect or predict
falls. Cameras are fixed on the ceiling for wide area coverage.
Recently, they become increasingly utilized in elderly-care
facilities due to the available low-cost and high-quality images.
Moreover, multi-event triggers can be easily analyzed using
these systems. Non-wearable sensors are listed in table IV.

3) Fusion Systems Sensors: Fusion systems don’t have
dedicated sensors. As their name indicates, various types of
wearable and non-wearable sensors can be fused together to
provide a multichannel source of data upon which one or more
fusion algorithms is applied. According to [16], this novel
approach can potentially offer a significant improvement in
reliability and specificity of fall-related systems. A multisen-
sory fusion approach is more likely to answer the needs of
independent living for elderly people. The opt for a fusion
based approach is the flexibility of adjusting the system for a
wider context (e.g. wider sensor network, implementation of
fall detection and fall prevention strategies, design of a patient-
based monitoring process, scalability, etc.).

Fusion systems are currently being exploited in both fall
detection and fall prevention areas. In fall detection, these
systems can extract data related to posture, inactivity, presence,
body chape, head change etc. In fall prevention, these systems
are able to provide rich source of data on human gait and
balance characteristics to compute the falling risk. Fusion
systems are solely deployed in gait assessment labs. Efforts to

export these technologies into homes are currently being made.
These are known as “Abient Assisted Living”. Despite the
advantages that fusions systems may offer to the falling prob-
lem, some challenges need to be overcome (e.g. integration
into smart homes, real-time analysis, computational power,
processing scheme, cost). Examples of studies are provided
in tables V and VI

C. Data Processing Techniques in FD and FP Systems

Fall data processing techniques are dependant on the para-
meters extracted from the sensors. Wearable, non-wearable
and fusion systems for both FD and FP can benefit from
techniques using Analytical Methods (ANM) or Machine
Learning Methods (MLM).

D. Analytical Methods

Analytical methods are based on traditional techniques
that use statistical models for gaining interpretation on
data for prediction (e.g. linear regression, time series,
transformations, etc.). Among these methods are thresholding
techniques (TH) that is if a fall is reported when peaks
(fall impact), valleys or other shape features in data signals are
detected. Such methods are commonly used in wearable fall
detectors with inertial sensors to distinguish between posture
(inactivity) and basic motion patterns (activity). Ambient based
systems use event sensing techniques through vibrational data
that can be useful for monitoring, tracking and localization.
Camera based systems use image processing techniques that
extract spatiotemporal features (e.g. ratio of silhouette height,
weight, orientation of main body axis, width, skin color) to
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TABLE VI
LITERATURE REVIEW ON FUSION FALL PREVENTION SYSTEMS

Article \ Methods Experiments and results
Ref. Sensor Sensor l.ocatlon Features Data Pro.cessmg Exp‘erlmental Subjects Results
(class) (Obtrusiveness) analyzed technique environment
‘Wearable Systems (WS)
Triaxial Waist acceleration signals Logistic regression Sensitivity = 71%
(81] ACCE;I;};OVI)I’IEKEI’ (Medium) from a Directed Routine models Clinic Elders Specificity = 73%
Triaxial Waist acceleration and Recognition rate
[82] Accelerometer . on & Hidden Markov Model Lab Elders S
(BW) (Medium) angular velocity =90% to 100%
Accelerometer . . . - . .
. Waist acceleration signals Logistic regression . Sensitivity = 71%
[83] Gy(rl;)z:/())pe (Medium) from a Directed Routine models Clinic Elders Specificity = 73%
Non-Wearable Systems (NWS)
CoP
Pressure mat Floor (Mean & RMS distance) . Inter correlation
[84] (AMB) (Low) sway ML-AP TH (ANM) Elderly home Dwelling elders coefficient > 75%
(velocity, length, frequency)
(J(z;:ittiz?ld GC 223 Multiple additive Lab Correlation
[85] Kinect Vicinity pac;celeréxii?)n) ’ regression trees + Middle-aged with pressure
[86] [87] (VIS) (Low) . (MART) Adults press
walking speed Home sensor = 80%
. . (MLM)
direction of Progress
Multivariate S.y mmetry of stride
Force plate Floor multi-scale in normal people
[88] [89] GRF and CoP Lab Young volunteers
(AMB) (Low) Entropy .
(ANM) Designed force plate
= AMTI force place
Fusion Systems (FS)
Smartphone Fall detection
Accelerometer SEN =90%
Oximeter Impact orientation Setu SP= 100%
+ . P TH . P Accuracy = 94%
. Waist + (ice skating) .
[90] PIRMotion . . + Young volunteers Fall prevention
(Medium) Contact recognition + .
pressure mat (ADL) DBN Apartment Probability of
door contact P Fall Alarm (FA)
Power detector function of ADL
(SF+AMB) + fall event (FE)
ECG;_GSR Wrist, finger Naive Bayes Emotion
Contact switches + Emotion + Accuracy = 84%
[91] + ” Home appliances + K-mean clustering Apartment Elders Wellness indices
Ziebee node sensing units behavior (activities) + B1 and 52 < TH=0.5
(B%N+ AMB) (Low) TH — assistance

identify lying or standing posture in the scene. Other image
processing techniques use vector analysis to detect abrupt
motion. Therefore, various analytical strategies can be adopted
to classify fall from non-fall events.

number of citations, the year of publication (> year 2000),
the type of sensor deployment and their application of various
analytical and machine learning methods.

1) Machine Learning Methods: Machine learning meth- IV. FALL DETECTION SYSTEMS

ods rely on complex algorithm to get close insight on data
to predict output decisions. Starting from observation and
then classification, wearable, ambient and camera based fall
detectors can benefit from techniques such as Support Vector
Machine (SVM), Regrouping Particle Swarm Optimization,
Gaussian Distribution of Clustered Knowledge, Multilayer
Perceptron, Naive Bayes, Decision Trees, ZeroR, and OneR
to gain insights in to the data to detect and even predict
future falls. An investigation on the performance of the afore
mentioned classification techniques is detailed in [28].

The following sections IV and V, provide the state of the art
of some existing FD and FP systems. An explicit search was
conducted deploying the main databases like Google Scholar,
IEEEXplore, PubMede. Studies are sorted according to their

A fall detection system is defined by Raul et al. in [15]
according to its purpose. It is an “an assisting device whose
main objective is to alert if a fall event has occurred”.
Nashwa et al. in [5], define fall detection systems according
to their functional components (sensing and communicating).
We believe that a global definition is required. Thus, we pro-
pose our definition of a fall detection system as “an assisting
device that is capable of sensing, processing and commu-
nicating alarm data in the event of a fall under real-life
conditions effectively”. Our intention in this definition is to
emphasize not only the structure and the purpose but also
the practical use of a fall detection system. In other words,
a fall detector is effectively fit into an application if it is put
into test in real-life scenarios. Besides the aspects that a fall
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detection system has in mitigating the consequences of fall
such as reducing the response time, it must prove reliability
and confidence to be adopted. These are accounted for the
number of false positives and false negatives generated by the
device. Fall detectors are classified according to their sensor
deployment and their data processing techniques in table V.

V. FALL PREVENTION SYSTEMS

Fall detection systems have helped reduce the consequences
of falls (long lie, fear of falling); however, they didn’t stop
them from happening. Thus, the problem of falling can be
rather tackled using prediction systems. The context of fall
prevention amounts to identify the risk factors inducing a fall
incident. This is usually done by caregivers through question-
naires, diaries or phone calls; but the data collected is some-
times incomplete and not always reliable [20]. Person-related
fall risk factors assessment consists of extracting and analyzing
human biomechanical parameters of gait (e.g. stride and step
length, time, Center of Pressure (CoP), etc.) and balance
(e.g. static and dynamic sway, Ground reaction forces (GRF),
etc.). Gait and balance parameter are assessed using either
semi-subjective or objective assessment tools. The first are
usually conducted by clinicians and often use functional per-
formance traditional scales (e.g. Berg Balance, Performance-
Oriented balance and Mobility Assessment (POMA)) to
evaluate gait and balance. Results are scored in a semi-
subjective way. In contrast, objective assessment tools with
advanced sensor technologies provide a large amount of reli-
able information on patients’ gait and balance. These tools
are deployed in a gait laboratory with specific technical skills
to run them. However, these tools are performed in clinical
settings and their cost is high for home use. Given the fact
that elders prefer to stay in their own home comfort [27];
efforts must be put to export gait and balance assessment into
homes. Many studies were carried with these tools to estimate
the risk of falling. Examples of fall preventions are surveyed
in table VI.

VI. CONCLUSION

Aging is inevitable, whether it ends with no, mild or severe
pathologies, it is always decent to age with good quality of
life. Efforts to reach this objective do not lie on the medical
force alone; it is therefore the joint effort between health
professionals and scientists to address public health issues.
From this standpoint, we have tackled in this review article an
old-recent problem in the field of public health: the problem
of elderly falls. The subject was undertaken according to
two research tracks: (1) fall detection and (2) fall prevention.
The article gave a basic understanding on elderly falls, their
intrinsic and extrinsic causes and their consequences. The
main contribution of this paper is a four-level common ground
classification where fall related-systems were categorized into
wearable, non-wearable and fusion according to their sensor
deployment. The proposed common ground scheme provides a
global overlook over the systematic studies related to elderly
falling which hasn’t been seen in previous reviews with an
emphasis on fusion systems. Smartphone based solutions were
also considered in this classification.
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On one hand, fall detection systems were summarized and
organized with respect to their sensor deployment and their
data processing techniques. On the other hand, fall preven-
tion systems were also surveyed; however more details were
accorded to existing solutions given the current efforts in
this research track. Future directions in fall-related systems
may consider exporting gait and balance assessment tools into
homes while providing reliable and low cost solutions for the
elderly. Moreover, these systems must be able to contextu-
alize the problem of falling in real life situations where the
reliability and the confidence of the systems are evaluated.
Future solutions must also consider merging systems for
indoor and outdoor protection with minimum obtrusiveness to
the patients. Finally, using our proposed generic classification
scheme, scientists and medical technologists can draw new
fusion-based fall solutions.

REFERENCES

[11 W. R. Hazzard, Principles of Geriatric Medicine and Gerontology.
New York, NY, USA: McGraw-Hill, 1990.

[2] J. E. Morley, “The top 10 hot topics in aging,” J. Gerontol. A, Biol. Sci.
Med. Sci., vol. 59, no. 1, pp. M24-M33, 2004.

[3] W. H. O. Ageing and L. C. Unit, WHO Global Report on Falls Pre-
vention in Older Age. Geneva, Switzerland: World Health Organization,
2008.

[4] P. Couturier, “Place de I’actimétrie dans la gestion médicale du sujet
agé fragile,” Gérontologie et Soc., no. 2, pp. 13-23, 2005.

[5] N. El-Bendary, Q. Tan, F. C. Pivot, and A. Lam, “Fall detection and
prevention for the elderly: A review of trends and challenges,” Int.
J. Smart Sens. Intell. Syst., vol. 6, no. 3, pp. 1230-1266, Jun. 2013.

[6] D. A. Skelton and S. M. Dinan, “Exercise for falls management:
Rationale for an exercise programme aimed at reducing postural insta-
bility,” Physiotherapy Theory Pract., vol. 15, no. 2, pp. 105-120,
1999.

[71 A.J. Campbell, M. J. Borrie, and G. F. Spears, “Risk factors for falls
in a community-based prospective study of people 70 years and older,”
J. Gerontol., vol. 44, no. 5, pp. M112-M117, 1989.

[8] M. E. Tinetti, M. Speechley, and S. F. Ginter, “Risk factors for falls
among elderly persons living in the community,” New England J. Med.,
vol. 319, no. 26, pp. 1701-1707, 1988.

[9]1 R. A. Kenny, C. N. Scanaill, and M. McGrath, “Falls prevention in the

home: Challenges for new technologies,” Intell. Technol. Bridging Grey

Digit. Divide, pp. 46-64, 2010.

S. R. Lord, C. Sherrington, H. B. Menz, and J. C. Close, Falls

Older People: Risk Factors Strategies for Prevention. Cambridge, U.K.:

Cambridge Univ. Press, 2007.

N. Noury, P. Rumeau, A. Bourke, G. OLaighin, and J. Lundy, “A pro-

posal for the classification and evaluation of fall detectors,” IRBM,

vol. 29, no. 6, pp. 340-349, Dec. 2008.

N. Noury et al., “Fall detection—Principles and methods,” in Proc.

29th Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. (EMBS), Aug. 2007,

pp. 1663-1666.

M. Mubashir, L. Shao, and L. Seed, “A survey on fall detection:

Principles and approaches,” Neurocomputing, vol. 100, pp. 144-152,

Jan. 2013.

J. T. Perry, S. Kellog, S. M. Vaidya, J.-H. Youn, H. Ali, and H. Sharif,

“Survey and evaluation of real-time fall detection approaches,” in Proc

6th Int. Symp. High Capacity Opt. Netw. Enabling Technol. (HONET),

Dec. 2009, pp. 158-164.

R. Igual, C. Medrano, and I. Plaza, “Challenges, issues and trends

in fall detection systems,” Biomed. Eng. Online, vol. 12, no. 66,

pp. 1-66, 2013. [Online]. Available: http://www.biomedical-engineering-

online.com/content/12/1/66

G. Koshmak, A. Loutfi, and Linden, “Challenges and issues in mul-

tisensor fusion approach for fall detection: Review paper,” J. Sensors,

vol. 2016, 2016, Art. no. 6931789.

A. Muro-de-la-Herran, B. Garcia-Zapirain, and A. Mendez-Zorrilla,

“Gait analysis methods: An overview of wearable and non-wearable

systems, highlighting clinical applications,” Sensors, vol. 14, no. 2,

pp. 3362-3394, 2014.

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

Authorized licensed use limited to: UNIVERSIDADE DE SAO PAULO. Downloaded on August 17,2023 at 14:10:00 UTC from IEEE Xplore. Restrictions apply.



820

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

[31]

[32]

[33]

[34]

[35]

[36]

(37]

[38]

[39]

W. Tao, T. Liu, R. Zheng, and H. Feng, “Gait analysis using wearable
sensors,” Sensors, vol. 12, no. 12, pp. 2255-2283, 2012.

A. H. Abdul Razak, A. Zayegh, R. K. Begg, and Y. Wahab, “Foot
plantar pressure measurement system: A review,” Sensors, vol. 12, no. 7,
pp- 9884-9912, 2012.

Y. S. Delahoz and M. A. Labrador, “Survey on fall detection and fall
prevention using wearable and external sensors,” Sensors, vol. 14, no. 10,
pp. 19806-19842, 2014.

M. A. Habib, M. S. Mohktar, S. B. Kamaruzzaman, K. S. Lim,
T. M. Pin, and F. Ibrahim, “Smartphone-based solutions for fall detection
and prevention: Challenges and open issues,” Sensors, vol. 14, no. 4,
pp- 7181-7208, 2014.

K. Culhane, M. O’Connor, D. Lyons, and G. Lyons, “Accelerometers
in rehabilitation medicine for older adults,” Age Ageing, vol. 34, no. 6,
pp. 556-560, 2005.

P. Rashidi and A. Mihailidis, “A survey on ambient-assisted living tools
for older adults,” IEEE J. Biomed. Health Informat., vol. 17, no. 3,
pp. 579-590, May 2013.

A. Mazzoldi, D. De Rossi, F. Lorussi, E. Scilingo, and R. Paradiso,
“Smart textiles for wearable motion capture systems,” AUTEX Res. J.,
vol. 2, no. 4, pp. 199-203, 2002.

E. P. Scilingo, F. Lorussi, A. Mazzoldi, and D. D. Rossi, “Strain-sensing
fabrics for wearable kinaesthetic-like systems,” IEEE Sensors J., vol. 3,
no. 4, pp. 460467, Aug. 2003.

C. Rougier, J. Meunier, A. St-Arnaud, and J. Rousseau, “Robust video
surveillance for fall detection based on human shape deformation,”
IEEE Trans. Circuits Syst. Video Technol., vol. 21, no. 5, pp. 611-622,
May 2011.

T. R. Frieden, “The state of aging and health in America 2013,” U.S.
Dept. Health Human Services, Centers Disease Control Prevention,
Atlanta, GA, USA, Tech. Rep., 2013.

H. Kerdegari, K. Samsudin, A. R. Ramli, and S. Mokaram, “Evaluation
of fall detection classification approaches,” in Proc. 4th Int. Conf. Intell.
Adv. Syst. (ICIAS), vol. 1, Jun. 2012, pp. 131-136.

M. Kangas, I. Vikman, J. Wiklander, P. Lindgren, L. Nyberg, and
T. Jamsd, “Sensitivity and specificity of fall detection in people aged
40 years and over,” Gait Posture, vol. 29, no. 4, pp. 571-574,
Jun. 2009.

Q. Li, J. A. Stankovic, M. A. Hanson, A. T. Barth, J. Lach,
and G. Zhou, “Accurate, fast fall detection using gyroscopes
and accelerometer-derived posture information,” in Proc. 6th Int.
Workshop Wearable Implant. Body Sensor Netw. (BSN), Jun. 2009,
pp. 138-143.

C.-C. Wang et al., “Development of a fall detecting system for
the elderly residents,” in Proc. 2nd Int. Conf. Bioinformat. Biomed.
Eng. (ICBBE), May 2008, pp. 1359-1362.

G. Wu and S. Xue, “Portable preimpact fall detector with inertial
sensors,” IEEE Trans. Neural Syst. Rehabil. Eng., vol. 16, no. 2,
pp. 178-183, Apr. 2008.

T. Tamura, T. Yoshimura, M. Sekine, M. Uchida, and O. Tanaka,
“A wearable airbag to prevent fall injuries,” IEEE Trans. Inf. Technol.
Biomed., vol. 13, no. 6, pp. 910-914, Nov. 2009.

M. Tolkiehn, L. Atallah, B. Lo, and G.-Z. Yang, “Direction sensitive
fall detection using a triaxial accelerometer and a barometric pressure
sensor,” in Proc. Annu. Int. Conf. IEEE Eng. Med. Biol. Soc., (EMBC),
Aug. 2011, pp. 369-372.

M. Popescu, Y. Li, M. Skubic, and M. Rantz, “An acoustic fall detector
system that uses sound height information to reduce the false alarm
rate,” in Proc. 30th Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. (EMBS),
Aug. 2008, pp. 4628-4631.

K. Chaccour, R. Darazi, A. Hajjam el Hassans, and E. Andres, “Smart
carpet using differential piezoresistive pressure sensors for elderly fall
detection,” in Proc. IEEE 11th Int. Conf. Wireless Mobile Comput., Netw.
Commun. (WiMob), Oct. 2015, pp. 225-229.

F. Werner, J. Diermaier, S. Schmid, and P. Panek, “Fall detection
with distributed floor-mounted accelerometers: An overview of the
development and evaluation of a fall detection system within the project
ehome,” in Proc. 5th Int. Conf. Pervasive Comput. Technol. Healthcare
(PervasiveHealth), May 2011, pp. 354-361.

Z. Fu, T. Delbriick, P. Lichtsteiner, and E. Culurciello, “An address-
event fall detector for assisted living applications,” IEEE Trans. Biomed.
Circuits Syst., vol. 2, no. 2, pp. 88-96, Jun. 2008.

S.-G. Miaou, P--H. Sung, and C.-Y. Huang, “A customized human fall
detection system using omni-camera images and personal information,”
in Proc. Ist Transdisciplinary Conf. Distrib. Diagnosis Home Health-
care (D2H2), Apr. 2006, pp. 39-42.

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

[61]

[62]

IEEE SENSORS JOURNAL, VOL. 17, NO. 3, FEBRUARY 1, 2017

K. Ozcan, A. K. Mahabalagiri, M. Casares, and S. Velipasalar, “Auto-
matic fall detection and activity classification by a wearable embedded
smart camera,” IEEE J. Emerg. Sel. Topics Circuits Syst., vol. 3, no. 2,
pp. 125-136, Jun. 2013.

M. N. Nyan, F. E. H. Tay, A. W. Y. Tan, and K. H. W. Seah, “Distinguish-
ing fall activities from normal activities by angular rate characteristics
and high-speed camera characterization,” Med. Eng. Phys., vol. 28, no. 8,
pp. 842-849, Oct. 2006.

F. Sposaro and G. Tyson, “iFall: An Android application for fall
monitoring and response,” in Proc. Annu. Int. Conf. IEEE Eng. Med.
Biol. Soc. (EMBC), Sep. 2009, pp. 6119-6122.

S.-H. Fang, Y.-C. Liang, and K.-M. Chiu, “Developing a mobile phone-
based fall detection system on Android platform,” in Proc. Comput.,
Commun. Appl. Conf. (ComComAp), Jan. 2012, pp. 143-146.

L. Hazelhoff et al., “Video-based fall detection in the home using
principal component analysis,” in Advanced Concepts for Intelligent
Vision Systems. Berlin, Germany: Springer, 2008, pp. 298-309.

Y. He and Y. Li, “Physical activity recognition utilizing the built-
in kinematic sensors of a smartphone,” Int. J. Distrib. Sensor Netw.,
vol. 2013, 2013, p. 481580.

M. Popescu and S. Coupland, “A fuzzy logic system for acoustic fall
detection,” in Proc. AAAI Fall Symp., Al Eldercare, New Solutions Old
Problems, 2008, pp. 78-83.

D. Anderson, R. H. Luke, J. M. Keller, M. Skubic, M. Rantz, and
M. Aud, “Linguistic summarization of video for fall detection using
voxel person and fuzzy logic,” Comput. Vis. Image Understand.,
vol. 113, no. 1, pp. 80-89, 2008.

A. Leone et al., “A multi-sensor approach for people fall detection
in home environment,” in Proc. Workshop Multi-Camera Multi-Modal
Sensor Fusion Algorithms Appl.-M2SFA2, 2008.

Y. Li, K. C. Ho, and M. Popescu, “A microphone array system for
automatic fall detection,” IEEE Trans. Biomed. Eng., vol. 59, no. 2,
pp. 1291-1301, May 2012.

C.-L. Liu, C.-H. Lee, and P-M. Lin, “A fall detection system using
K-nearest neighbor classifier,” Expert Syst. Appl., vol. 37, no. 10,
pp. 7174-7181, Oct. 2010.

X. Zhuang, J. Huang, G. Potamianos, and M. Hasegawa-Johnson,
“Acoustic fall detection using Gaussian mixture models and gmm
supervectors,” in Proc. IEEE Int. Conf. Acoust., Speech Signal
Process. (ICASSP), Apr. 2009, pp. 69-72.

M. Yuwono, B. D. Moulton, S. W. Su, H. T. Nguyen, and Celler,
“Unsupervised machine-learning method for improving the performance
of ambulatory fall-detection systems,” Biomed. Eng. Online, vol. 11,
no. 9, 2012.

H.-W. Tzeng, M.-Y. Chen, and M.-Y. Chen, “Design of fall detection
system with floor pressure and infrared image,” in Proc. Int. Conf. Syst.
Sci. Eng. (ICSSE), Jul. 2010, pp. 131-135.

A. Yazar, F. Erden, and A. E. Cetin, “Multi-sensor ambient assisted
living system for fall detection,” in Proc. IEEE Int. Conf. Acoust.,
Speech, Signal Process. (ICASSP), 2014, pp. 1-3.

Y. Li, Z. Zeng, M. Popescu, and K. C. Ho, “Acoustic fall detection using
a circular microphone array,” in Proc. Annu. Int. Conf. IEEE Eng. Med.
Biol. Soc. (EMBC), Aug. 2010, pp. 2242-2245.

S. Fleck and W. Strasser, “Smart camera based monitoring system
and its application to assisted living,” Proc. IEEE, vol. 96, no. 10,
pp. 1698-1714, Oct. 2008.

V. Vaidehi, K. Ganapathy, K. Mohan, A. Aldrin, and K. Nirmal, “Video
based automatic fall detection in indoor environment,” in Proc. Int. Conf.
Recent Trends Inf. Technol. (ICRTIT), Jun. 2011, pp. 1016-1020.

G. Mastorakis and D. Makris, “Fall detection system using Kinec-
t's infrared sensor,” J. Real-Time Image Process., vol. 9, no. 4,
pp. 635-646, Dec. 2014.

Y. M. Huang, M. Y. Hsieh, H. C. Chao, S. H. Hung, and J. H. Park,
“Pervasive, secure access to a hierarchical sensor-based healthcare mon-
itoring architecture in wireless heterogeneous networks,” IEEE J. Sel.
Areas Commun., vol. 27, no. 4, pp. 400411, May 2009.

T. Liu, X. Guo, and G. Wang, “Elderly-falling detection using distributed
direction-sensitive pyroelectric infrared sensor arrays,” Multidimensional
Syst. Signal Process., vol. 23, no. 4, pp. 451-467, 2012.

X. Luo, T. Liu, J. Liu, X. Guo, and G. Wang, “Design and implemen-
tation of a distributed fall detection system based on wireless sensor
networks,” EURASIP J. Wireless Commun. Netw., vol. 2012, no. 1,
pp. 1-13, 2012.

N. Thome and S. Miguet, “A HHMM-based approach for robust
fall detection,” in Proc. 9th Int. Conf. Control, Autom., Robot.
Vis. (ICARCV), Dec. 2006, pp. 1-8.

Authorized licensed use limited to: UNIVERSIDADE DE SAO PAULO. Downloaded on August 17,2023 at 14:10:00 UTC from IEEE Xplore. Restrictions apply.



CHACCOUR et al.: GENERIC CLASSIFICATION OF FALL-RELATED SYSTEMS

[63] D. Mcllwraith, J. Pansiot, and G.-Z. Yang, “Wearable and ambient sensor
fusion for the characterisation of human motion,” in Proc. IEEE/RSJ Int.
Conf. Intell. Robots Syst. (IROS), Oct. 2010, pp. 5505-5510.

Y. Zigel, D. Litvak, and I. Gannot, “A method for automatic fall detection

of elderly people using floor vibrations and sound—Proof of concept on

human mimicking doll falls,” IEEE Trans. Biomed. Eng., vol. 56, no. 12,

pp. 2858-2867, Dec. 2009.

H. Rimminen, J. Lindstrom, M. Linnavuo, and R. Sepponen, “Detection

of falls among the elderly by a floor sensor using the electric near field,”

IEEE Trans. Inf. Technol. Biomed., IEEE Eng. Med. Biol. Soc., vol. 14,

no. 6, pp. 1475-1476, Jun. 2010.

G. Shi, C. S. Chan, W. J. Li, K.-S. Leung, Y. Zou, and Y. Jin, “Mobile

human airbag system for fall protection using MEMS sensors and

embedded SVM classifier,” IEEE Sensors J., vol. 9, no. 5, pp. 495-503,

May 2009.

[67] M. Lustrek and B. Kaluza, “Fall detection and activity recognition with
machine learning,” Informatica, vol. 33, no. 2, pp. 205-212, 2009.

[68] L. Klack, C. Mollering, M. Ziefle, and T. Schmitz-Rode, “Future care

floor: A sensitive floor for movement monitoring and fall detection in

home environments,” in Wireless Mobile Communication Healthcare.

Berlin, Germany: Springer, 2010, pp. 211-218.

M. Yu, A. Rhuma, S. M. Naqvi, L. Wang, and J. Chambers, “A posture

recognition-based fall detection system for monitoring an elderly person

in a smart home environment,” [EEE Trans. Inf. Technol. Biomed.,

vol. 16, no. 6, pp. 1274-1286, Nov. 2012.

M. Yu, Y. Yu, A. Rhuma, S. M. R. Naqvi, L. Wang, and J. A. Chambers,

“An online one class support vector machine-based person-specific fall

detection system for monitoring an elderly individual in a room environ-

ment,” [EEE J. Biomed. Health Informat., vol. 17, no. 6, pp. 1002-1014,

Nov. 2013.

C. Doukas, I. Maglogiannis, P. Tragas, D. Liapis, and G. Yovanof,

“Patient fall detection using support vector machines,” in Artificial

Intelligence and Innovations: From Theory to Applications. Berlin,

Germany: Springer, 2007, pp. 147-156.

M. V. Albert, K. Kording, M. Herrmann, and A. Jayaraman, “Fall

classification by machine learning using mobile phones,” PloS One,

vol. 7, no. 5, p. €36556, 2012.

[73] A. Sengto and T. Leauhatong, “Human falling detection algorithm
using back propagation neural network,” in Proc. Biomed. Eng. Int.
Conf. (BMEiCON), Dec. 2012, pp. 1-5.

[74] M. Yuwono, S. W. Su, and B. Moulton, “Fall detection using a Gaussian

distribution of clustered knowledge, augmented radial basis neural-

network, and multilayer perceptron,” in Proc. 6th Int. Conf. Broadband

Biomed. Commun. (IBCom), Nov. 2011, pp. 145-150.

H. Foroughi, B. S. Aski, and H. Pourreza, “Intelligent video surveillance

for monitoring fall detection of elderly in home environments,” in

Proc. 11th Int. Conf. Comput. Inf. Technol. (ICCIT), Dec. 2008,

pp. 219-224.

[76] M. Humenberger, S. Schraml, C. Sulzbachner, A. N. Belbachir, A. Srp,

and F. Vajda, “Embedded fall detection with a neural network and bio-

inspired stereo vision,” in Proc. IEEE Comput. Soc. Conf. Comput. Vis.

Pattern Recognit. Workshops (CVPRW), Jun. 2012, pp. 60-67.

O. Ojetola, E. I. Gaura, and J. Brusey, “Fall detection with wearable

sensors—safe (smart fall detection),” in Proc. 7th Int. Conf. Intell.

Environ. (IE), Jul. 2011, pp. 318-321.

S. Z. Erdogan and T. T. Bilgin, “A data mining approach for fall

detection by using k-nearest neighbour algorithm on wireless sensor

network data,” IET Commun., vol. 6, no. 18, pp. 3281-3287, Dec. 2012.

[79]1 A. H. Nasution and S. Emmanuel, “Intelligent video surveillance for

monitoring elderly in home environments,” in Proc. IEEE 9th Workshop

Multimedia Signal Process. (MMSP), Oct. 2007, pp. 203-206.

Y. Liu, S. J. Redmond, M. R. Narayanan, and N. H. Lovell, “Classifi-

cation between non-multiple fallers and multiple fallers using a triaxial

accelerometry-based system,” in Proc. Annu. Int. Conf. IEEE Eng. Med.

Biol. Soc. (EMBC), Aug. 2011, pp. 1499-1502.

G. Shi, Y. Zou, Y. Jin, X. Cui, and W. J. Li, “Towards HMM based

human motion recognition using MEMS inertial sensors,” in Proc. [EEE

Int. Conf. Robot. Biomimetics (ROBIO), Feb. 2009, pp. 1762-1766.

Y. Liu et al, “Validation of an accelerometer-based fall predic-

tion model,” in Proc. 36th Annu. Int. Conf. IEEE Eng. Med. Biol.

Soc. (EMBC), Aug. 2014, pp. 4531-4534.

D. McGrath et al., “Taking balance measurement out of the laboratory

and into the home: Discriminatory capability of novel centre of pressure

measurement in fallers and non-fallers,” in Proc. Annu. Int. Conf. IEEE

Eng. Med. Biol. Soc. (EMBC), Aug. 2012, pp. 3296-3299.

[64]

[65]

[66]

[69]

[70]

[71]

[72]

[75]

[77]

(78]

[80]

[81]

[82]

[83]

821

[84] M. Gabel, R. Gilad-Bachrach, E. Renshaw, and A. Schuster, “Full body
gait analysis with Kinect,” in Proc. Annu. Int. Conf. IEEE Eng. Med.
Biol. Soc., Aug. 2012, pp. 1964-1967.

[85] E. E. Stone and M. Skubic, “Capturing habitual, in-home gait parameter
trends using an inexpensive depth camera,” in Proc. Annu. Int. Conf.
IEEE Eng. Med. Biol. Soc. (EMBC), Aug. 2012, pp. 5106-5109.

[86] E. E. Stone and M. Skubic, “Unobtrusive, continuous, in-home gait
measurement using the Microsoft Kinect,” IEEE Trans. Biomed. Eng.,
vol. 60, no. 10, pp. 2925-2932, Oct. 2013.

[87] A. Gonzilez, M. Hayashibe, V. Bonnet, and P. Fraisse, “Whole body
center of mass estimation with portable sensors: Using the stati-
cally equivalent serial chain and a Kinect,” Sensors, vol. 14, no. 9,
pp- 16955-16971, 2014.

[88] T. Marasovi¢, M. Ceci¢, and V. Zanchi, “Analysis and interpretation of
ground reaction forces in normal gait,” WSEAS Trans. Syst., vol. 8, no. 9,
pp- 1105-1114, 2009.

[89] T.R. Burchfield and S. Venkatesan, “Accelerometer-based human abnor-
mal movement detection in wireless sensor networks,” in Proc. Ist
ACM SIGMOBILE Int. Workshop Syst. Netw. Support Healthcare Assist.
Living Environ., Jun. 2007, pp. 67-69.

[90] N. Suryadevara, M. Quazi, and S. C. Mukhopadhyay, “Intelligent sensing
systems for measuring wellness indices of the daily activities for
the elderly,” in Proc. 8th Int. Conf. Intell. Environ. (IE), Jun. 2012,
pp. 347-350.

Kabalan Chaccour (GSM’14) received the M.S.
degree in computer science and telecommunica-
tion engineering from Antonine University (UA),
Lebanon, in 2005. He is currently pursuing the
Ph.D. degree with the Universite de Technologie
de Belfort-Montbeliard, France. He has ten years of
professional experience in many fields of engineer-
ing. He joined MacCorp Engineering and Contract-
ing, where he was responsible for the installation,
testing, and commissioning of security systems. In
2008, he joined Fidus Systems, where he was a
PCB Layout Designer and then a Hardware Design Engineer. He joined
the DOUMMAR Group in 2010. He worked in the design and application
of security and safety solutions. He started to give hourly based courses in
embedded electronics with the Faculty of Engineering, UA. He is currently a
Research Assistant and a Course Instructor with the Faculty of Engineering.
His research interests include ambient sensor networks for elderly people fall
prevention.

Rony Darazi (SM’16) received the M.S. degree in
computer science and telecommunication engineer-
ing from Antonine University (UA), Lebanon, in
2005, and the Ph.D. degree in engineering sciences
from the Université Catholique de Louvain (UCL),
Louvain-la Neuve, Belgium, in 2011. His Ph.D.
thesis was entitled “Towards a combining scheme
for compression and watermarking for 3-D stereo
images.” He was a Researcher with the ICTEAM
Institute, UCL, from 2006 to 2012. He has been
a member of the Telecommunications, Information
and Computer Key Enabling Technologies Laboratory, UA, since 2010. He
is currently an Associate Professor at UA. His research interests include
information security and digital watermarking, digital 2-D and 3-D image
processing, sensor networks, and e-health. In 2009, he received the Best
Paper Award, Second Prize by the Digital Watermarking Alliance and the
IS&T/SPIE International Conference on Media Forensics and Security XII. He
Co-Chaired the International Conference on Applied Research in Computer
Science and Engineering, sponsored by the IEEE in 2015, and has been
actively involved as a Reviewer of the Signal, Image, and Video Processing
Journal (Springer), the IEEE TRANSACTIONS ON INFORMATION FORENSICS
AND SECURITY, and the International Conference on Image Processing.

Authorized licensed use limited to: UNIVERSIDADE DE SAO PAULO. Downloaded on August 17,2023 at 14:10:00 UTC from IEEE Xplore. Restrictions apply.



822

Amir Hajjam El Hassani received the Ph.D.
degree in computer science from the Université de
Haute Alsace in 1990. He joined the Université
de Technologie de Belfort-Montbéliard in 2002. He
is Deputy Director of Nanomedicine, Imagery and
Therapeutics Lab and is responsible for the research
area of eHealth. He is an Editorial Board Member
of four international journals. He is the author and
co-author of three books and many international
publications in refereed journals and conferences.

: He was Co-Chair of the first international conference
eTelemed09 and its advisory Chair since 2010. He is member of the Science
Steering Committee of the annual conferences IADIS e-Health, e-Health,
e-Medisys, etc. He has organized many conferences and chaired several
technical sessions. He also acts as an expert to the ANRT France, ARI Alsace
and CNRST Morocco.

IEEE SENSORS JOURNAL, VOL. 17, NO. 3, FEBRUARY 1, 2017

Emmanuel Andres received the M.D. degree in
internal medicine from the University of Strasbourg,
France, in 1996. He worked as an Associated Profes-
sor at the University Hospital of Strasbourg, France.
In 1998, he worked as a Ph.D. in molecular biology
in the Laboratory of Professor Hoffmann (2011,
Nobel Prize of Medicine) in the field of cationic
antimicrobial peptides and pathogens — host rela-
tions. In 2002, he was nominated Professor at the
University of Strasbourg, France. He also was the

: head of the Internal Medicine Department (of > 60
beds) at the University Hospital of Strasbourg, France. He was awarded
the French Society of Hematology, a prize for research in the field of
anemia related to cobalamin or folate deficiencies in 2004. Achievements
include development of research in: all types of anemia, neutropenia and
thrombocytopenia, particularly drug-induced neutropenia and agranulocytosis
or thrombocytopenia; hematopoietic growth factors; and cobalamin deficien-
cies. His recent works also include research and development on human
sounds analysis, electronic stethoscope, e-auscultation, and e-medicine. In that
function, he was recruited as an advisor to several pharmaceutical companies
or start-ups. In 2007, he was nominated in the French National Commission
of Pharmacovigilance.

Authorized licensed use limited to: UNIVERSIDADE DE SAO PAULO. Downloaded on August 17,2023 at 14:10:00 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Aachen-Bold
    /ACaslon-AltBold
    /ACaslon-AltBoldItalic
    /ACaslon-AltItalic
    /ACaslon-AltRegular
    /ACaslon-AltSemibold
    /ACaslon-AltSemiboldItalic
    /ACaslon-Bold
    /ACaslon-BoldItalic
    /ACaslon-BoldItalicOsF
    /ACaslon-BoldOsF
    /ACaslonExp-Bold
    /ACaslonExp-BoldItalic
    /ACaslonExp-Italic
    /ACaslonExp-Regular
    /ACaslonExp-Semibold
    /ACaslonExp-SemiboldItalic
    /ACaslon-Italic
    /ACaslon-ItalicOsF
    /ACaslon-Ornaments
    /ACaslon-Regular
    /ACaslon-RegularSC
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /ACaslon-SemiboldItalicOsF
    /ACaslon-SemiboldSC
    /ACaslon-SwashBoldItalic
    /ACaslon-SwashItalic
    /ACaslon-SwashSemiboldItalic
    /AGaramondAlt-Italic
    /AGaramondAlt-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-BoldItalicOsF
    /AGaramond-BoldOsF
    /AGaramondExp-Bold
    /AGaramondExp-BoldItalic
    /AGaramondExp-Italic
    /AGaramondExp-Regular
    /AGaramondExp-Semibold
    /AGaramondExp-SemiboldItalic
    /AGaramond-Italic
    /AGaramond-ItalicOsF
    /AGaramond-Regular
    /AGaramond-RegularSC
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AGaramond-SemiboldItalicOsF
    /AGaramond-SemiboldSC
    /AGaramond-Titling
    /AJensonMM
    /AJensonMM-Alt
    /AJensonMM-Ep
    /AJensonMM-It
    /AJensonMM-ItAlt
    /AJensonMM-ItEp
    /AJensonMM-ItSC
    /AJensonMM-SC
    /AJensonMM-Sw
    /AlbertusMT
    /AlbertusMT-Italic
    /AlbertusMT-Light
    /Americana
    /Americana-Bold
    /Americana-ExtraBold
    /Americana-Italic
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /AvantGarde-Demi
    /BBOLD10
    /BBOLD5
    /BBOLD7
    /BermudaLP-Squiggle
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chaparral-Display
    /CMB10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /CMBX10
    /CMBX12
    /CMBX5
    /CMBX6
    /CMBX7
    /CMBX8
    /CMBX9
    /CMBXSL10
    /CMBXTI10
    /CMCSC10
    /CMCSC8
    /CMCSC9
    /CMDUNH10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /CMFF10
    /CMFI10
    /CMFIB8
    /CMINCH
    /CMITT10
    /CMMI10
    /CMMI12
    /CMMI5
    /CMMI6
    /CMMI7
    /CMMI8
    /CMMI9
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /CMR10
    /CMR12
    /CMR17
    /CMR5
    /CMR6
    /CMR7
    /CMR8
    /CMR9
    /CMSL10
    /CMSL12
    /CMSL8
    /CMSL9
    /CMSLTT10
    /CMSS10
    /CMSS12
    /CMSS17
    /CMSS8
    /CMSS9
    /CMSSBX10
    /CMSSDC10
    /CMSSI10
    /CMSSI12
    /CMSSI17
    /CMSSI8
    /CMSSI9
    /CMSSQ8
    /CMSSQI8
    /CMSY10
    /CMSY5
    /CMSY6
    /CMSY7
    /CMSY8
    /CMSY9
    /CMTCSC10
    /CMTEX10
    /CMTEX8
    /CMTEX9
    /CMTI10
    /CMTI12
    /CMTI7
    /CMTI8
    /CMTI9
    /CMTT10
    /CMTT12
    /CMTT8
    /CMTT9
    /CMU10
    /CMVTT10
    /ComicSansMS
    /ComicSansMS-Bold
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /Cutout
    /EMB10
    /EMBX10
    /EMBX12
    /EMBX5
    /EMBX6
    /EMBX7
    /EMBX8
    /EMBX9
    /EMBXSL10
    /EMBXTI10
    /EMCSC10
    /EMCSC8
    /EMCSC9
    /EMDUNH10
    /EMFF10
    /EMFI10
    /EMFIB8
    /EMITT10
    /EMMI10
    /EMMI12
    /EMMI5
    /EMMI6
    /EMMI7
    /EMMI8
    /EMMI9
    /EMMIB10
    /EMMIB5
    /EMMIB6
    /EMMIB7
    /EMMIB8
    /EMMIB9
    /EMR10
    /EMR12
    /EMR17
    /EMR5
    /EMR6
    /EMR7
    /EMR8
    /EMR9
    /EMSL10
    /EMSL12
    /EMSL8
    /EMSL9
    /EMSLTT10
    /EMSS10
    /EMSS12
    /EMSS17
    /EMSS8
    /EMSS9
    /EMSSBX10
    /EMSSDC10
    /EMSSI10
    /EMSSI12
    /EMSSI17
    /EMSSI8
    /EMSSI9
    /EMSSQ8
    /EMSSQI8
    /EMTCSC10
    /EMTI10
    /EMTI12
    /EMTI7
    /EMTI8
    /EMTI9
    /EMTT10
    /EMTT12
    /EMTT8
    /EMTT9
    /EMU10
    /EMVTT10
    /EstrangeloEdessa
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /Fences
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /FreestyleScript
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Giddyup
    /GreymantleMVB
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /ICMEX10
    /ICMMI8
    /ICMSY8
    /ICMTT8
    /ILASY8
    /ILCMSS8
    /ILCMSSB8
    /ILCMSSI8
    /Impact
    /jsMath-cmex10
    /Kartika
    /Khaki-Two
    /LASY10
    /LASY5
    /LASY6
    /LASY7
    /LASY8
    /LASY9
    /LASYB10
    /Latha
    /LCIRCLE10
    /LCIRCLEW10
    /LCMSS8
    /LCMSSB8
    /LCMSSI8
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LINE10
    /LINEW10
    /LOGO10
    /LOGO8
    /LOGO9
    /LOGOBF10
    /LOGOD10
    /LOGOSL10
    /LOGOSL8
    /LOGOSL9
    /LucidaBlackletter
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaBright-Oblique
    /LucidaBrightSmallcaps
    /LucidaBrightSmallcaps-Demi
    /LucidaCalligraphy-Italic
    /LucidaCasual
    /LucidaCasual-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaNewMath-AltDemiItalic
    /LucidaNewMath-AltItalic
    /LucidaNewMath-Arrows
    /LucidaNewMath-Arrows-Demi
    /LucidaNewMath-Demibold
    /LucidaNewMath-DemiItalic
    /LucidaNewMath-Extension
    /LucidaNewMath-Italic
    /LucidaNewMath-Roman
    /LucidaNewMath-Symbol
    /LucidaNewMath-Symbol-Demi
    /LucidaSans
    /LucidaSans-Bold
    /LucidaSans-BoldItalic
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /LucidaTypewriter
    /LucidaTypewriterBold
    /LucidaTypewriterBoldOblique
    /LucidaTypewriterOblique
    /Mangal-Regular
    /MicrosoftSansSerif
    /Mojo
    /MonotypeCorsiva
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MTEX
    /MTEXB
    /MTEXH
    /MTGU
    /MTGUB
    /MTLS
    /MTLSB
    /MTMI
    /MTMIB
    /MTMIH
    /MTMS
    /MTMSB
    /MTMUB
    /MTMUH
    /MTSY
    /MTSYB
    /MTSYH
    /MT-Symbol
    /MT-Symbol-Italic
    /MTSYN
    /MVBoli
    /Myriad-Tilt
    /Nyx
    /OCRA-Alternate
    /Ouch
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Pompeia-Inline
    /Postino-Italic
    /Raavi
    /Revue
    /RMTMI
    /RMTMIB
    /RMTMIH
    /RMTMUB
    /RMTMUH
    /RSFS10
    /RSFS5
    /RSFS7
    /Shruti
    /Shuriken-Boy
    /SpumoniLP
    /STMARY10
    /STMARY5
    /STMARY7
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldOblique
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Oblique
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /UniversityRoman
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /WASY10
    /WASY5
    /WASY7
    /WASYB10
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


