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Abstract: Falls can lead to serious injuries, hospitalization and sometimes death, and are considered the number one
cause of disabilities among elderly people, making falls a key concern in the healthcare sector. Advances in medical
technology and healthcare mechanisms have driven the development of new responses to the healthcare needs of a
growing elderly population. Ambulatory accelerometer devices have been applied to develop reliable and robust fall
detection systems. This paper assesses fall detection systems using Field Programmable Gate Arrays (FPGAs) as a CPU
in addition to data transmission. In this paper, we give a survey of the different fall detection systems based on FPGAs
in the literature, definition of the main theoretical points of fall detection accelerometers-based systems, existing
techniques and algorithms and we give an overview of the main steps to design a fall detection system.
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Introduction

The global elderly population is expected to grow
dramatically over the coming decades. Falls are a major
health hazard for older people, and are a key cause of
trauma, disability, hospitalization and morbidity. Among
elderly people, 55 percent of falls occur in the home, while
another 23 percent occur in outdoor areas surrounding
the home [1].

Wireless networks [2] and mobile computing
devices allow for the development of new approaches to
fall prevention and response. Portable devices originally
developed for monitoring the health of chronically ill
patients have been used to detect falls through the use of
low-cost MEMs accelerometers [3]. A new trend in fall
detection is the development of small, smart wearable
devices with adaptive fall detection algorithms. Multiples
technologies like micro-controllers [4], FPGAs [5] and
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smart phones [6] have been successfully used to detect
falls. This survey mainly focuses on fall detection systems
using FPGAs as a flexible accelerometer-based platform.
The remainder of this paper is organized as follows.
Section Il reviews the theoretical background of fall
detection. Section Il provides a review of the literature on
fall detection systems. Section IV describes and compares
different FPGA-based fall detection systems. Section V
surveys existing techniques and algorithms for fall
detection systems. Concluding remarks are provided in
section VI.

Background

Falls by elderly people are a significant problem with
an estimated 30% of older persons over 65 falling each
year [7]. Various fall detection devices have been
developed to allow elderly or chronically ill people to live
safely and independently at home.
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Fall detection classification

A fall detection system is defined as a device that
sends out an alert in response to a fall. A miniaturized fall
detection device seeks to improve fall detection accuracy
while having a minimal impact on the user’s daily life. To
this end, several attempts [8] [9] have been made to
develop a variety of fall detection methods as follows

(Fig.1):
Vision based approach

This approach uses fixed cameras that monitor all
the patient's movements. The recorder video data are
then forwarded to a CPU that detects falls following a
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specific fall pattern recognition algorithm. If a fall is
detected, an alarm is triggered automatically [10]. This
approach allows for more events to be detected
simultaneously, making it less intrusive in the patient's
daily life, and the acquired data can also be used for
remote verification. Limitations include relatively high
cost and implementation complexity, along with privacy
concerns. Moreover, a fall can be detected only inside the
home in rooms equipped with cameras.

Environmental approach

This approach installs infrared or pressure sensors in
places where the patient is to be monitored for falls [11].
This approach uses cheap and non-intrusive devices, but
installation is labor-intensive and fall detection is limited
to areas with sensors.

Wearable approach

In this approach, the user wears sensors including
gyroscopes and  accelerometers collecting and
transmitting data to the processing platform via wireless
communications [12]. As the devices must be worn all the
day, this approach is relatively more intrusive, but offers
advantages in terms of cost, size, weight, power
consumption, ease of use and portability. Our survey
focuses on this approach. More precisely, we only
consider systems that use the analysis of motion data for
the detection of falls.

Wearable sensor-based systems

These systems can be worn by the subject during
normal daily life to monitor location-specific (i.e., indoor
or outdoor) physiological data. This provides a good
alternative for systems which rely on human activity
recognition [13]. Longitudinal data are collected through
wearable sensors that can be integrated into clothing or
worn as wearable devices. As they are attached to the
patient and don't interact with the environment, wearable
sensors can measure physiological parameters which may
not be measurable using environmental or video sensors.
Moreover, such sensors are inexpensive and unobtrusive,
and do not raise privacy concerns. Combining multi-
sensor systems with wearable devices can also prevent
false or missed alarms as it analyzes the full range of user
activity [14].

Accelerometers, tri-axial accelerometers or
gyroscopes are the most commonly wearable devices
used for fall detection. An accelerometer is used to detect
the magnitude and direction of the acceleration along a
single or multiples [15]. Analysis of
accelerometer outputs allows for the detection of specific
events based on fall detection algorithms. Accelerometers
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Figure 1. Fall detection classification.

have been used to facilitate long-term monitoring using
wearable sensor units. Through its embedded core, the
accelerometer can reliably detect falls. Moreover,
enhancements in micro-electromechanical systems
(MEMS) technologies, have significantly reduced the size
and cost of accelerometers. In addition, accelerometers
have low power consumption and good performance in
terms of power consumption and calculation capabilities
[16].

Design of a fall detection system
Requirements

- Automation: Health monitoring systems must
automatically trigger an emergency alarm, since after a
fall the patient may be unable to ask for help.

- Reactivity: Prompt fall detection can be a matter of
life and death, with quick response reducing risk of serious
injuries or mortality.

- Accuracy: System accuracy must be optimized for
detecting real falls as well as filtering false alarms. Two
criteria of quality can be defined: sensitivity and specificity.
Sensitivity (SE) is the capacity to detect real falls (Eq. 1)
and is defined as the ratio between the number of falls
properly detected (true positives) and falls that actually
occurred (true positives plus false negatives).

TP
~ TP+FN

SE

(1)

- Specificity (SP) is the capacity to filter false alarms
and corresponds to the ratio between falls properly
discarded (true negatives) and the total number of
discarded actions ( true and false negatives) (Eq. 2).

TP
T TP+FN

SE 2)
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The highest degree of accuracy is reached when
both sensitivity and specificity values are equal to 1 (or
100%) [15], meaning that the system always detects real
falls and never generates false alarms.

- Privacy: the monitoring device should be almost
invisible to patients and should not be a threat to their
privacy.

Challenges in designing fall detectors

The main goal in designing a fall detection system is
to prevent the greatest number of fall events and ensure
the subject’s safety in daily life. Thus fall detectors must
address the following challenges [18].

- Performance under real-life conditions: The fall
detection system has to be as accurate and reliable as
possible, providing high robustness, high sensitivity and
specificity.

- Usability: A health-monitoring device should be
easy to use as such devices are intended to be used by
elderly and disabled people.

- Acceptance: The new technology has to be
accepted, practicable by the monitored patient and
operate automatically without any intervention.

- Privacy concerns: the protection of patient's
personal data must be guaranteed.

General view of a fall detection system

A fall detection system consists a set of components
and can be described by a block diagram as shown in Fig.2.

In Fig.2, the core of the fall detection system is the
FPGA that controls the sensors (gyroscopes,
accelerometers, magnetometer, etc), reads the digital
outputs and determines whether an alert is needed in
response to a fall.

In addition, a feature extraction and classification
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Figure.2. Block diagram of a fall detection system.

algorithm is implemented for data acquisition and analysis.

As wired connections may hinder user movement or
present additional risk for falls, sensor data can be
transmitted using wireless connections. Long-range
communication between the control unit and other
stakeholders (e.g., physician, family members) can be
handled by a wide range of wireless technologies like
WLAN, GSM, 3G, and even 4G.

In terms of hardware requirements, the embedded
medical device should provide flexibility and circuit
customizability to support real-time, adaptive and multi-
parameter medical monitoring. A flexible system can be
dynamically reconfigured to meet specific application
needs, provides high speed throughput, low energy
consumption and small surface area for circuit
customization needs.

Wireless transmission in fall detection systems

Wireless communications components are energy
hungry [14] and data can be transmitted either by wired
or by wireless links.

A wired connection can severely impact the user’s
mobility and comfort, and raises the risk of system failure.
Using a smaller and less power hungry monitoring device
allows for obtaining real-time health information from
wearable sensors.

Wireless technologies including Zigbee, Bluetooth
and WLAN offer higher bandwidth but are more expensive
and power hungry especially. In particular, Bluetooth

D
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allows only a limited number of communication nodes at
a given time [14]. ZigBee offers numerous advantages
including low cost, low power consumption, high
portability, high reliability and a more extensive range [2].

Fall detection systems using FPGAs
Advantages of FPGAs in fall detection systems

Most existing fall detection solutions were
developed using either microcontrollers [21] [22] or
FPGAs [23] [24] as a CPU of the system.

Using a microcontroller as a processing unit
provides improved intelligence, compactness and
reliability but is restricted to research of software
architectures and applications [14]. Designing hardware
architectures and solutions requires the use of
programmable logic (FPGA) in order to maximize
efficiency and improve calculation capacities.

Using a microcontroller as a processing unit
provides improved intelligence compactness and
reliability but is restricted to research of software
architectures and applications 14]. In addition, the limited
performance of low-power microcontrollers makes them
unusable, and integrating a more powerful processor will
increase power consumption [25] which is the main
problem of FPGAs, with the leakage current of high—
density FPGA devices presenting a significant obstacle to
battery life because the amount of critical logic
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Table 1. Comparison between FPGAs and microcontrollers in fall detection systems.

A& Microcontrollers (uC)

FPGAs

Strengths .

implementation.

expensive.

e Lower power consumption

Shorter set up time and less complex

e Proposed solutions using puC are less

e  Significantly higher performance

e Efficient in parallel calculation operations
(necessary in fall detection algorithms)

e Fast response to data outputs from sensors (for
real-time applications)

e Configurability: can be easily re-programmed

e High flexibility

Weaknesses |o

complexity

e Sequential execution

Performance degrades with increasing

e Slower response to simultaneous inputs

e Power hungry due to the large number of logic
gates implemented in the board.
e High complexity

e  Building devices with FPGAs is more costly.

implemented in the device requires the device to always
be active.

Combined with a processor, FPGA technology can
offer a reconfigurable and flexible architecture in a single
chip which sidesteps the power consumption problem
[10], especially through the recent development of new
low-power FPGA devices like LATTICE Semiconductor’s
iCE40 Ultralite, designed for use in wearable applications,
Xilinx’s 7 series FPGAs  with power estimation and
optimization features, and MicroSemi’s Flash-based
SmartFusion2 SoC and IGLOO2 FPGA:s.

Low power microcontrollers can't provide
processing capacity required for real-time multi-
parameter analysis of biomedical signals [26]. FPGA
supports fast, real-time and multidimensional signal
analysis using statistical techniques and signal processing
algorithms which is very useful for biomedical patient
monitoring devices [4]. Some systems combining fall
detection applications and EEG signal analysis require
signal processing speeds of up to 100 MHz.

FPGA allows for quick and efficient transmission of
raw data acquired from the accelerometer. For fall
detection, the memory space available in FPGAs offers a
huge advantage over microcontrollers for data sample
storage.

FPGA also offers a flexible platform that enables the
designer to optimize performance from hardware
acceleration [27]. FPGAs provide high integration density
and flexibility which makes it possible to implement
different on-chip applications like fall-detection systems
[28].

The growing use of FPGAs in medical applications
has driven the development of solutions to improve the
efficiency of floating point (FP) calculations. Xilinx 7 series
FPGAs are designed to perform FP operations in a single
device using the Xilinx Generator DSP that enables the
design and implementation of FP algorithms [50]. Stratix

D
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V FPGAs from Altera [51] are also designed for optimal
double precision FP operations and implementation
results showed impressive performance  with
parallelization of different computational elements.
OpenCL can also be used to maximize complex FP
processing in FPGAs by using the "Fused Datapath"
technique [52] where FP processing reduces the number
of barrel shifting circuits required, allowing for large scale
and high performance FP designs to be built using FPGAs.

FPGAs can be promptly re-configured with an
appropriate soft-core processor and a set of suitable
peripheral interfaces thus increasing the overall fall
detection efficiency and reliability. But to achieve higher
performance while meeting critical timing margins using
FPGAs, one consistently problematic performance
bottleneck is the memory interface. Today’s more
advanced FPGAs provide embedded blocks in every 1/0
that increase the simplicity and reliability of the interface
design. These I/0 elements are building blocks that, when
combined with surrounding logic, can provide the
designer with a complete memory interface controller. It
is also possible now with the new FPGA boards to perform
a short and efficient data transmission between numerous
devices such as sensors, memory and LCD displays
through the 12C bus or SPI communication protocol. The
provided interface between the sensor and FPGA is
reliable and supports high speed transmission rates.

Thus FPGA presents a promising technology to
control accelerometers in fall detection applications.
Existing fall detection systems using PFGAs as a CPU

Several recent attempts have been made to use
FPGAs as a CPU to address fall detection problems.

Ahola et al. [14] developed a new sensor platform
based on an FPGA for various applications including fall
detection. The main goal of the proposed advanced
sensor processor architecture is to minimize power
consumption by performing signal processing on a

AUSMT Vol. 6 No.4 (2016)

Copyright © 2016 International Journal of Automation and Smart Technology


http://www.ausmt.org/

[o[I\V\W:VAN[6 Fall Detection FPGA-Based Systems: A Survey

compact and energy processor unit. The hardware
prototype was designed to be semi-modular and includes
FPGA, battery management and several sensors (i.e., 3-
axis accelerometer, gyroscope, and magnetometer). As a
result, similar to other sensor platforms, to proposed
platform is also power hungry with 50 mA of current
consumption in sleep mode and more than 100 mA in
active mode. However, the proposed platform provides a
high degree of flexibility through the use of FPGA,
allowing for adaptation to a wide range of research areas.

In [23], a wearable wireless accelerometer device
based on FPGA was introduced for fall detection in
ambient assisted living (AAL) applications. Its functions
include accelerometer control, reading digital output and
delivering the necessary information to the ZigBee radio
module. The algorithm proposed here follows a main rule:
every time a fall occurs, the acceleration changes
significantly to result with the patient assuming a prone,
horizontal position in such a way that significantly changes
the accelerometer's orientation with respect to gravity.

Other searches [27] have run FPGA in two parallel
algorithms to detect falls, where the first algorithm
estimates the patient's orientation and the second
estimates his acceleration. Findings showed that, on a a
dual-core processor, the FPGA implementation offers a
great speedup over the software implementation with
reduced power consumption.

Combining the vision and wearable approaches, a
group of Italian researchers [29] presented a system that
integrates two devices: a MEMS wearable wireless
accelerometer and a 3D Time-of-Flight camera to detect
falls in a home context. Fall detection algorithms are
implemented on a low power FPGA, which runs six
different parallel routines, with two approaches for each
axis. The first measures the stress in terms of fall energy,
while the second checks the acceleration shape and the
third estimates the orientation of the person after a fall.

The authors in [30] describe the implementation
and acceleration of an automatic real-time fall detection
system using a Shimmer device. This device is based on
compressive sensing reconstruction, orientation and
acceleration estimation of data from three axial
accelerometers, to produce a fall detection decision. The
processor is used to manage and control the different
operations and also execute software tasks such as
decision making.

In [31], the authors designed a networked multi-
sensory system to produce a data fusion approach that
enhances the framework robustness while reducing false
positives. The developed architecture is a set of three
different sensors: a 3D time-of-flight range camera, a
wireless wearable MEMS accelerometer and an off-the-
shelf microphone. These devices are connected with ad-
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hoc interface circuits to a main host embedded PC that
receives and processes the transmitted data using a multi-
threading approach.

In [24], a group of researchers developed a new
computer architecture, implemented on an FPGA: Xilinx
Spartan-3E FPGA. They show the benefits of in-sensor
processing through 2 examples: fall detection for the
elderly and swimming style recognition for professional
athletes.

In [32], falls are considered to be an abnormal
activity and are detected by comparing the previous set of
measurements against a default (i.e., normal) scenario.
The system collects daily activity data and develops an
activity pattern using ultrasonic range finding combined
with a complicated algorithm. The signal processing
capability provided by an FPGA processor is needed to
reconstitute the patient activity.

Two fall detectors based on bio-inspired algorithms
are described in [25]. These systems includes two devices:
an embedded video-based one and a wearable
accelerometer-based one. Their architecture is extensible
and can be integrated into smart environments. These two
devices are connected to a specific framework that
implements policies aimed at maximizing system
reliability and minimizing the false positives.

A bio-inspired stereo vision fall detection system is
introduced in [47]. The system design includes two optical
detector chips, an FPGA, a digital signal processor (DSP)
and a wireless communication module. The optical chips
capture video frames. The FPGA creates input data for the
DSP by calculating 3D representations of the environment.
The DSP is loaded with a neural network used for
classification purposes. Falls are divided into 4 phases:
pre-fall, critical, post-fall and recovery phase. Trial results
showed a 90% fall detection rate for all networks, and
97%—-98% for the best network.

The authors in [48] present the design, simulation
and implementation of a novel fall detection system based
on the Shimmer platform and Zyngq board. In this
prototype, accelerometer data are sent to the processing
unit by Bluetooth. The Discrete Wavelet Transform (DWT)
is used to preprocess the raw data collected from the
Shimmer platform. Dimensionality reduction
implemented using Principal Component Analysis (PCA)
and finally classification is carried out using a Decision
Tree (DT) classifier. This system has been designed and
tested using MATLAB for software verification and then
the hardware implementation has been performed on
Zynq FPGA (SoC). Using the Zynq platform permitted a
high degree of flexibility in system design, and a
performance can be enhanced depending on the degree
of design complexity.

Bianchi et Al [49] introduced integrated a wireless

is

AUSMT Vol. 6 No.4 (2016)

Copyright © 2016 International Journal of Automation and Smart Technology


http://www.ausmt.org/

Sahar Abdelhedi, Riad Bourguiba, Jaouhar Mouine, Mouna Baklouti, and Anis Youssef

Table 2. Comparison of FPGA-based fall detection systems in the literature.

Reference Type of CPU Sensor Obstructiv Energy Cost Complexity Results
Algorithm e Consumpti
on
[14] Thresholds Altera Accelerome  LOW HIGH HIGH HIGH More efficient
Comparison Cyclone Il ter in signal
Gyroscope processing
Magnetome algorithms
ter
[23] Low Th FPGA 3D- HIGH LOW MEDIUM LOW Efficiency
Medium Th Spartan 11l Accelerome (Xbee Pro) 98%, 88%,
High Th ter 55%
Reliability
61%, 80%,
97%
[27] Orientation & FPGA Shimmer LOW HIGH HIGH MEDIUM Specificity
Acceleration  Virtex V Device 98%, 98%
Estimation Sensitivity 94
%, 96%
[29] Thresholds FPGA MESA 3D HIGH MEDIUM HIGH MEDIUM Efficiency
Comparison Tof 88.4%
Camera Reliability
3D MEMS 79.3%
[30] OMP+ Zedboard Shimmer MEDIUM MEDIUM MEDIUM HIGH 30% reduction
Thresholds Zynq 7000  Device in power
consumption
[31] Low Th FPGA+ 3D Camera  HIGH HIGH HIGH MEDIUM Efficiency
Medium Th GNU Zigbee 98%, 88.4%,
High Th Linux Wireless 50,1%
based Accelerome Reliability
e_PC ter 56%, 79.3%,
Microphone 96.2%
[24] SVM FPGA Wireless LOW HIGH HIGH HIGH Efficiency
Classifier+ Xilinx 3D- 99.05 %
Threshold S3E1200 Accelerome Reliability
ter 97.05%
Vision
Sensor
Node
[32] Initialization FPGA+ Ultrasonic MEDIUM HIGH HIGH HIGH Still in testing
& Decision  Netbook Sensors
Making
Procedure
[25] SMA & SVM  Spartan 3E  3D- LOW MEDIUM MEDIUM HIGH Accuracy
Classifer + 1200 Accelerome 91.24%
Threshold FPGA ter
Comparison Freescale
MMA
7260Q
[49] Threshold Xilinx 3D MEMS LOW MEDIUM MEDIUM LOW 40% reduction
and body tilt  Spartan Accelerome in power
comparison XC3S500 ter consumption
E
[48] DWT Zyng 7000  Shimmer MEDIUM MEDIUM MEDIUM HIGH Accuracy
PCA Device 88.4%
DT

sensor platform to a home control and monitoring
network to recognize abnormal gait and falls. Low power
strategies based on a threshold fall detection algorithm
were implemented at both the software and hardware
levels (both for microcontroller and FPGA). The sensor
platform prototype includes a 3D accelerometer, a Zigbee
transceiver and a PIC18LF4620 microcontroller.
Implemented as a subsystem of an ASIC design, this
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approach showed significant advantages in terms of
reduced power consumption, along with increased
reliability and portability.

Points to improve in fall detection systems

The performance of currently available automatic
fall detection systems is relatively limited. Fall detection
systems in the literature still require significant
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improvement before real-world deployment. Current key
disadvantages include:

- False alarms: Current fall detection systems
frequently misinterpret certain common activities as falls,
including sitting down or jumping [33]. These false
positives will trigger alerts, thus decreasing system
effectiveness [18].

- Inconvenience: Existing fall detection systems
present logistical difficulties for elderly people to use in
their daily lives as their components regularly need to be
re-charged, and some must be manually activated. These
details need to re-worked to ensure ease of use and user
autonomy.

- Charging the system: The sleep cycle of sensing
components must be carefully managed to minimize
battery drain [8], as frequent recharging may present
particular challenges for elderly or disabled users. Future
studies should reconsider power control issues in fall
detection devices to increase system robustness and
effectiveness.

- Unreliability: The high frequency of false positives
make existing solutions unreliable. Designers cannot
expect to subject older people to simulated falls, thus
creating difficulties for detector evaluation. In addition,
fall causes are not recorded, and devices are only tested
for a limited number of scenarios (e.g., lying down, a
backward fall, forward fall, etc) [34].

Fall detection algorithms

Techniques for fall-detection with acceleration-based
systems

A fall is a change in body orientation from standing
position to lying. It's a process lasting 1 to 5 seconds
consisting of several sub-actions that are analyzed to
detect the occurrence of a fall (Fig. 3). A fall isimmediately
preceded by a large negative acceleration [32]. Falls are
also characterized by a violent impact on a hard surfaces
causing sudden peaks in the acceleration magnitude's
graph [33].

Tests in [16, 35] showed that accelerometers placed
on the waist and chest give best results for fall detection.
Fall detection techniques based on acceleration
magnitude and speed of sign change include:

- Threshold-based methods (TBM): a fall is reported
when the acceleration peaks or valleys reach predefined
thresholds. This is the simplest and most commonly used
approach to detect falls, and the alert is automatically
triggered when the acceleration threshold value is
reached [36,37]. This approach entails lower
computational cost but suffers from high rates of false
positive and true negative results [38]. This approach
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provides weak specificity values because some impacts
can be caused by ordinary living activities.

- Machine learning methods (MLM) are based on
dynamic activity recognition and their rules are not yet
sufficiently accurate [39]. This method is a representation
of individual behavior and a classification of different
activities to detect a fall among other movements. The
user’s behavior is first classified into different activities.
These activities are recorded and split into 1s fragments.
Each activity is assigned to an attributed vector which
represents 10 consecutive snapshots of the user's posture.
The attribute vectors are used as training data for each
MLM algorithm. This method shows better adaptability to
different subjects because human movements are
considered as processes instead of isolated points, but
training requires a wide range of isolated points from real-
life scenarios [40].

25 T

2F Maximum magnitude due to the impact
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Acceleration [g]
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Figure 3. Prototypical acceleration sum vector of a fall
Mostly used algorithms
Threshold-based Algorithms

Threshold-based algorithms check if a person's
acceleration is above a fixed value. Impact detection is
calculated by following TBM. Threshold-based algorithms
have low computational cost and complexity making them
easy to implement for real-time applications.

Previous studies [1,41,42] have tested threshold-
based algorithms with Bourke [43] showing the best
results including a reduction of number of features, low
computational cost and easy integration in embedded
solutions. However, such approaches are subject to
limitations including low sensitivity for soft-falls (i.e., falls
against a wall), and for break-falls when a person acts to
reduce the fall impact [44]. Thresholds used in most
studies are calibrated on simulated false signals and are
not suitable for detection of real-world falls [45].
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SVM Algorithms

SVM is a robust classification tool with good
generalizability [34]. It divides all samples into objective &
non-objective fields, which are then mapped into a
higher dimensional feature spaces with efficient operators,
called kernel functions [38]. The most commonly used fall

parameters in SVM are ASVM: SVM of acceleration and 6(i)

(the angle between the accelerometer y-axis and the
vertical direction).

Asvm(i) = J (A2(0) + A2(D) + A2(D))

(43 (+a2(D)

Ax(D)

180
b2

0(i) = tan?!
where Ax(i), Ay(i) and Az(i) respectively correspond to
the x-axial, y-axial and z-axial accelerations of the ith
sample.

SVM is often chosen for its high performance in
binary classification tasks with small number of samples
[40]. The SVM algorithm is based on training, testing and
performance evaluation, which are common steps in
every learning procedure. Training involves optimization
of a convex cost function where there are no local minima
to complicate the learning process. Testing is based on the
model evaluation using the support vectors to classify a
test data set [46].

The OC-SVM algorithm shows better results of
specificity and sensitivity while respecting the threshold
based approach, detecting low-impact falls at a higher
computational cost since the number of features is
compact and can be integrated in low-cost embedded
solutions (DSP, FPGA, uC) [16].

It is very important for the designer to consider all
application features to select the proper fall detection
algorithm as it determines system reliability and efficiency.

FPGA interfaces to FPGA communication interfaces

Several studies have attempted to detect falls
among elderly subjects using accelerometers, with the
main steps for fall detection described in Fig. 4.

The motion data pattern of a fall is distinct from that
of other activities. Therefore, a fall detection algorithm
must be developed that calculates the acceleration from
the data collected by the 3-axis accelerometer. In fact,
developing an appropriate fall detection algorithm is a key
design step for developing an efficient system as early
response is critical for reducing serious injury. The tri-
accelerometer data are acquired and analyzed through
FPGAs interfaces (SPI, 12C...) and the fall detection
decision technique is implemented on the FPGA. When a
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fall occurs, the system directly sends an alert to family

|
Measure 3-axial
accelerations J

Extraction &
Acquisition of

Filtering
data

Alert in case of a Fall-Detection J

feature
parameters

Decision

Calculate fall-
Technique

fall J

members or caregivers through Wi-Fi, 3G. or other
wireless technologies. Alerts can also be displayed using
LEDs on the FPGA board.

Figure 4. Logical framework overview.

Conclusion

We present a survey of fall detection systems
including approaches and definitions focusing on systems
using FPGAs as a CPU. We provide an overview of fall
detection systems using accelerometers, along with
descriptions and comparisons of fall detection systems
using FPGAs, identifying their relative advantages and
shortcomings, while describing the main fall detection
techniques and algorithms. The results of the survey show
that most fall detection systems are tested for simulated
falls, but are not particularly well-suited for use in real-life
scenarios. We also suggest that a framework for fall
detection should adopt a modular approach that takes
into consideration standards for interoperability, security,
privacy, multiple hardware platforms, wireless
communications protocols and multiple application
interfaces.
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