Survey of fall detection techniques based on computer vision
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Abstract

Falls affect tens of millionef elderly people
throughout the world, approximately -35%

of people over the age of 65 s each year.
That means falls are the primary cause
injury related to death for elderly and
second leading cause of injury related di
and set ofsymptoms after fe. Falling, the
rapid movement from standy or sitting tc
lying position can be classified in to for
phases as prll, critical fall, pos-fall and

recovery phaseslin this paper, we hay
reviewed and compared different fall detec

techniques based on computer vision in -
phases of fall. Examples af¢hniques founde
are Bayesian etwork, Centroid, Eige-space,
Gaussian mixture model, Hidden Mark
model, Neural network, upport vecto

machine and VelocityMost of techniques e

focused on critical phase and [-fall phase
which mean that the falling person had b
fallen already and may be injur Some new
sensor technologies includedhulti-camera
systems were used to improve the result
prefall and early critical fall hase by
combining information from several came
and sensors to make decisiand determine
the direction of the signal from multip
sources that mayrack many people at ti
same time.
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1. Introduction

Statistics in Global brief for World Health D
2012 [26]show that approximately -42% of
elderly people fall each yeaFhat means fall
are the primary reason of injury related de
for seniors and the second leading caus
symptoms after fall which includes loss
autonomy, confusion, increa: dependence,
immobilization and depressic The fall
therefore raises the interest of researcl
particularly preventive detection of the f
because there are inappropriately defi
processes and can be approached using ve

methods.To reduce therisk of falling, the
early detection of fall in p-fall or critical fall
phase therefore advances the interesl
researchersSeveral of research has been d
in this area to develop algorithms and syst
of preventive fall detection. The goals of -
study were to classify the computer vis
based approaches to prevented fall an
comparing the results of these stuc

2. Fall detection definition
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Fig. 1:Four phases of a fall eve [15, 19]

Firstly, as Fig. 1 the prlall phase is sudden
movements directed to the ground as sittin
crouching down occasionally. The sect
phase is critical phase that very short pe
and most important of fall eve This phase
can be detected by the body movement toy
on the ground or by the impact shock with
floor. Next phase is the post fall phawhich
can be detected by motionless of human t
after lying on the ground, lying position or b'
motion absence significant Last phase is the
recovery phase that fal get up from faing
dawn. Explicitly, fall event in human can
described as the rapid movement from stan
or sitting to lying positior During the critical
fall phase there is free fall temporal time t
continuous vertical speed increasin

3. Classification of fall detection techniques
As Fig. 2 [14] wearable device based, vis
based and ambience sensor based are the
categories of existing fall detection method:
a hierarchy. Most of wearable sensors
based on accelerometers based on
gyroscopes which track the body moven
automatically, not need intervention by hum



However, these kinds of sensors are o©
embarrassing to wear, and require batte
which need to be replaced or rechar
frequently, that are importantindrance of
these technologies.
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Fig. 2 Classification fotechniquis [14]

According to vision based device there
several techniques that are useful for detec
falling down of elderly people. As tt
following details, we have reviewed a
compared different human motion trackir
based on computer vision for understandin
fall detection techniques.
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Fig. 3 Classification ofmotion tracking[29]

As Fig.3 [29] a tracking system can be I-
visual, visual based or a combination of bi
Visual tracking systems can be classified
either visual marker bad or marke-free
visual based as following deta Firstly, visual
marker based tracking is a technique wi
cameras are adapted to track hu
movements, with identifiers position upon
human body.Consequently, each body p
controls an unpredictable and complex mo
trajectory, which may lead to contradictory ¢
unreliable motion estimatic Moreover,

disordered scenes or various lighting
likely divert visual attention from thereal
position of a markerVisual marker base
tracking is preferred to these kind of conditit
that are frequently used as a human mc
analysis standard due to their correct posi
information. One weakness of marker ba:
using optical sensors isnable to detect joint
rotation or body part overlapping and unabl
render 3-D [21].Secondl, marker-free visual
based tracking systems utilize optical sen
(camera) that can produce continuous |
resolution image¢o detect movements body.
Currently cameras are popularly used
surveillance applications with low cost &
flexible to configure by use However this
technique requires complicated computatio
error reduction, I rendering, decreasing
data latency [4hnd high speed camerg] for
high bandwidth Lastly, Combination trackin
systems take advantage of marker based
markerfree based technologies to red
errors  coming from using individu
technology [23].

4. Related works

Generally, several kinds of techniques w
usedto detect falling down event in [-fall,
critical-fall or post fall phases. Some of th
can only been used in one phase but some
used in several phases. Following details
briefly example of techniques that were u

Cucchiara et al. [5] «d Rimminen et al.
[17] proposed a human posture classifier u
Bayesian technique to detect falling in criti
through posfall phases. Both use shape, ¢
and magnitude of the patterns or postures ¢
input for classification. Furthermore, centis
[8, 9, 10] are an effective way to meas
object motion in space and can be compute
temporal averages of series of evel
Researchers use a temporal moderate o
centroid motion events as an input to track
risks and evaluate its dynamicn critical and
post-fall phase.

An efficient method for activity recognitic
based on fusion of integrated sp-temporal
motion images and eig-space techniques,
mainly dedicated to fall detection in critic
fall phase was proposed by Foroughi ef[7]
and Olivieri et al. [16]. The technique is us
for accurate classification of motions &
definition of a fall event in critical fall pha



Silhouettes from multiple cameras [1] are
used to build a 3-D estimation of the human by
extracting feature from voxel person and used
together with fuzzy inference to specify the
state of fall in critical through post-fall phases.
The resulting fuzzy rule base outputs are used
to generate temporal linguistic summarizations
and then temporally processed.

An automatically learning context-specific
spatial model [12] in terms of semantic
regions, particularly inactivity zones and entry
zones, uses maximum a posteriori assessment
of Gaussian mixtures (GM). Results of
contextual model are presented using overhead
camera sequences tracked using a particle filter
that can be produced and unusual inactivity in
post-fall phase to be detected. Rougier et al.
[19] also presented a GM model (GMM)
classification method to detect falls in critical
through post-fall phases by analyzing human
shape contortion during a video sequence. The
silhouette of human along the video sequence
was tracked by using a shape matching
technique. The peak of fall is an important
feature to indicate a fall in critical phase, but
the lack of significant movement after the fall

is also important for robustness when
obstructions occur.
Hierarchical Hidden Markov Model

(HHMM) and 3D human postures was
proposed by Thome and Miguet [24] whose
first layer states are related to the orientatibn o
the tracked person in critical and post fall
phase. They also proposed a multi-view
method to achieve automatic detection of a
falling person in video sequences, where
motion is modeled using a layered hidden
Markov model (LHMM) [25]. The posture
classification is accomplished by a fusion unit
that integrates the decision provided by the
independently processing cameras in a fuzzy
logic context.

The development of a vision system to
detect natural events in a low-resolution image
stream [3] concerns the assessment of
algorithmic design decisions to increase
detection reliability. As the approach of
calculating vertical velocities from the infrared
images and using a neural network to classify
fall or non-fall in critical through post fall
phase is sufficient to produce an actually fall
detector. A comparison of the basic physics of
falls to the ground that event can be explained
in terms of the distributions of vertical

velocities they generate, and the performance
of the nearest neighbor classifier, an honest
classifier.

A MEMS-based human airbag system [20]
detects the complicated human motions and the
recognition of a falling down motion in critical
phase, which can be used to release an airbags.
The system records human motion information
using a high-speed camera then set up a human
motion database that includes falls and normal
motions, and use a support vector machine
training process to classify. Moreover, a
network of overlapping smart cameras [27]
uses a decentralized process for computing
inter-image homographies by calibrating only
one camera. To evaluate fall detection
procedure in post fall phase by both the
Cyclops’ algorithm and support vector
machine (SVM) classifier, it uses & 8egree
polynomial kernel along with three features
which are extracted from the Cyclops’ images.

The study of identify unique features of the
velocity profile during normal and abnormal
activities [28] made the automatic detection of
falls during the critical phase of fall.
Additionally the horizontal and vertical
velocities of the trunk during normal activities
[11] are within a well controlled distances,
when the velocity in one direction increase, the
velocity in the other direction normally did not.
These two velocity characteristics could be
used to differentiate fall movements from
normal activities during the critical phase of
the fall.

As the new hardware technologies and in
particular digital cameras are now affordable
and popularly used as tools for automatically
assuring the human safety. Omni camera [13]
and multi camera [6] vision system are
proposed for detecting and tracking human and
recognizing risk behaviors and events using
posture based technique. Some posture
methods to detect falls are based on a
combination of motion history, human shape
variation, event-inference, human aspect ratio
and effective area ratio [11, 18, 22] that
algorithm provides promising results on video
sequences and simulated falls which can
effectively prevent misjudgments and greatly
increase the accuracy of detection results.

5. Summarization of phase detection
As Table 1, summarization of phase detection
using several techniques has been presented.



There are 18 items of critical phase detection
and 15 items of post-fall phase detection which
several techniques. Most of them detect falling
in critical and post fall phases sequentially that
means pre-fall and early critical fall phase
should be considered.

Table 1: Classification of Phase Detection

Detection Critical Post-fall Input
Techniques | Phase Phase
Bayesian [5, 17] [5, 17] posture
Centroid 8, 9] [9, 10] Cne]gggr']d
. saptio-
Eigen-space [7, 16] - temF:)oraI
voxel
Fuzzy [1] [1] person
human
GMM [19] [12, 19] motion
HMM [25, 26] [25, 26] posture
Neural .
Network [3] [3] velocity
human
SVM [21] [29] motion
Velocity [11, 30] i 2‘(‘)’;‘3{1‘
o [6, 11, 13, [6, 11, 13,
Combination 18, 23] 18, 23] posture

6. Conclusion and futurework

We have reviewed different fall detection
techniques as Bayesian, Centroid, Context
Aware, Eigen-space, Fuzzy Logic, GMM,
HMM, Neural Network, Posture, SVM, and
Velocity. Several fall detection techniques are
good solution for fall detection with high rates
but mostly detect on lately critical phase or
post-fall phase that mean fall person had been
injured already. To reduce the risk of falling,
the early detection of fall in pre-fall or critical
fall phase therefore advances the interest of

researchers. Some new sensor technologies

could also be used to improve the recognition
results in pre fall and early critical fall phase

by combining information from several

cameras and sensors by time synchronization
like PrimeSence, Kinect or Xtion sensors that
can provide color, depth, audio and video
stream. Moreover, it features a microphone
array that is possible to determine the direction
of the audio source and optimizes skeleton

tracking to recognize users as six people can be
detected and one or two human can be tracked

at one time.
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