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Abstract

Falls are one of the greatest causes of accidents for elderly people that can result in limited
activity or even death. The purpose of this thesis is the development of a video-based fall
detection system. For this purpose, videos of simulated falls from a freely available video
dataset with everyday living activities and different kinds of falls were used. For the purpose
of using effectively the features extracted, four of the eight cameras were selected from the
dataset.

A first step in fall detection concerns the detection of moving person within the video
sequence, the so called background-foreground subtraction. For this a simple method is to
assume that the first frame of the video is in fact the background and then perform a
subtraction between the pixel values of that first frame with the following ones, but this
approach has poor results in dynamic scenes, so in our approach the mixture of Gaussians
subtraction algorithm, which is a more advanced technique, was used. Then, the moving
object (i.e. the person) tracking occurs by using two different methods that result in different
outputs. The first method used was the Kalman filter in order to compute the center of mass
and the second method used was the dense optical flow velocity vectors.

For the evaluation of our system the 10-Fold Cross Validation technique was used, as well as
a percentage split method. The percentage split scenario consists of a 33% train and 66% test
case and a 66% train and 33% test case.

The results obtained showed that the Optical Flow method performs better than the Kalman
filtering approach, as well as that the percentage split scenario of the 66% train and 33% test
case presents better results than both the Cross Validation technique and the 33% train and
66% test case respectively. The classification algorithm that produces those best results is the
Sequential Minimal Optimization (SMO) algorithm.
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Xovoyn

O1 mtooelg elval pio amd TG UEYOADTEPEG OUTIEG ATLYNUATOV Yo TOVG MAMKI®UEVOVG
avOpOTOVG TOV UTOPEL VOL 0O YHGOVV GE TEPLOPIGUEVT] KIVITIKT] OpaCsTNPLOTNTO 1] OKOUN Kot
Bavato. O oKomOG OLTNG TNG TTVYWKNG €lvar M avATTVEN €VOC GLGTNUOTOC OVIXVELOTNG
nToong péow Pivreo. I'a 10 okomd awTo, Ypnoyoromdnke éva erevbepa dtobécio cHvoro
oedopuévev  Pivteo, to omoio mepLEel koOnuepvég Opaotnplotnteg OaPimong Kot
TPOCOUOIDGELS OOPOPETIKADV EWOMV TTOCEMV (T.Y. TAAYL TTAOGCT, EUnpdcOio TTdon, KAT).
[a 10 oKomd TG AMOTEAEGUATIKOTEPNC YPNONG TOV YOPUKTNPIOTIKOV YVOPIGULATOV TOV
e€ayope, téooepig and TIC OKTO Kapepeg emAEXONKaY amd T0 eAeBePO GHVOLO dESOUEVEDV
TV Bivteo.

To mpdTO PriHa Yo TNV OViYVELOT TTOGEMV OTOTEAEL TNV AVIXVELGN TOV KIVOOUEVOD OTOLOV
péca oy axkolovbio tov kdbe Pivieo. ‘Etotl Oa mpémetl va yivel doaympiopdg tov oTatikon
@OVTOL amd T0 pn-otatikod. [a v enitevén avtov tov Prpatog, pmopet va ypnoomom et
pio amAn péBodog, n omoia Bewpel 6TL N TP®OTN €OV TOL Pivieo etvar Kot To oTATIKO POHVTO
Kol €METOL VO YIVEL piol oA 0QOipEST] TOV TIUOV TOV EIKOVOSTOLEIOV TV ETOUEVOV
ewovav g akolovbiag tov Pivieo pe v TpOT €KOVA, OTOV AV TO OTOTEAEGUO TNG
apaipeong HETaED TOV TIHOV otV dgv eivar ico pe to 0, t0te Bewpel dTL TO KivovuegVo
dropo €xel aviyvevbel. H ovykekpuévn mpocéyyion €xel moAd Oty amoTteAEoUATO OTIG
OLVOUIKEG OKMVEG KOl YloL OVTO TO AQYO0 OTNV TTLYWIKN 0oLTH Ypnowormombnke pio mo
TPONYUEVN TEXVIKN OV givon Paciopévn og piypa amd Gaussians. ‘Enetta, 1o emopevo frpo
glval M TopaKoAOVONGN TOL EVIOMIGUEVOL TAEOV KIVOUUEVOL OVTIKEIWEVOL (dNAadN TOL
aTOUOV), M OTolo EMTVYYAVETOL LE TNV PN O OVO SPOPETIKMOV UEBOO®V, LE SLOPOPETIKA
amoteAéopato 1 kKabeuio. H mpdtn pnéBodoc mov ypnoonomdnke frav to @idtpo Kalman,
YL TNV TPOKOAOVON O™ TOL KEVTPOL HALAG TOL KIVOOUEVOL aVTIKEWWEVOL Kat TV e&aymyn
TV dlvvoudtov taydtntog tov. H devtepn pébodog nrav n dense optical flow, amd v
omoio. vwoAoyiotnKov To SovdouaTo TaxOTNTAG OAOKANPNG NG HAlAG TOL KIVOUUEVOL
OVTIKELLEVOV.

‘Enerta and v enelepyacio tov emAieypuévov Pivteo, dote va Toupldlovy GTIG OMOLTHGEL
pog, ypnowomombnke €vo  epyodeio  emoNpAvong Yo TNV EMONTELOUEVY], UN-
OLTOLOTOTOMUEVT EMCNHOVOT TOV KopEé ToL kdbe Pivieo, T0 omoio oaviurpocwmeVeL TV
TPAYHOTIKOTNTO, GOTE Vo Umopécel va mpaypatorombel n cwot) aflohdynon Tov
GULGTNWLOTOG TNG TTUYLOKTG.

INo v a&lohdynon Tov GLOTHUATOS ovToV, Ypnotlporodnke n teyvikny 10-Fold Cross
Validation, kabmg kot pio pébodog didomacng mocooto (percentage split). H pébodog
dllomaoNG MOGOoTOV amoteAeitar pe MV oepd g amd dvo ocevapla, 10 33% oet
ekmaidevong Kot 66% o€t dokiung kot 10 66% cet exknaidevong kot 33% ceT SoKIUNG.

Ta amotedéopato g mruylakng Edsi&av 6Tt n uébodog ue Optical Flow amodider kavtepa
amoteAéopato and v uébodo pe to eiktpo Kalman. Erniong, 10 oevdplo tg didomaong
n0ocooToy pe 66% oet ekmaidevong kot 33% oetr doxng, mapovoidler mo PéAticTo
armotedécpota Kot omd v 10-Fold Cross Validation pébodo, kabmg kot amd v mepintmon
dwomaong mocootov pe 33% oet ekmaidevong kot 66% oet dokiung. O akydpBuog
KOTNYOPlOoinong mov wapdysl avtd ta PEATiota amotelécpata eivor o Sequential Minimal
Optimization (SMO).
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1. Introduction

1.1 Problem Overview

In around 35 years from now, i.e. by 2050, it’s estimated that more than one in each group of
five people will be aged 65 or over. In this age group, falling is one of the most serious life-
threatening events that can occur, as approximately one-third to one-half of the population
aged 65 and over experience falls on a yearly basis and half of these elderly do fall repeatedly
[1]. So, the automatic detection of falls would help reducing the time of arrival of medical
caregiver, and accordingly reducing the mortality rate [2]. Falls are the leading cause of
injury in elderly people and the leading cause of accidental death in those 75 years of age and
older [3]. Also, more than 90% of hip fractures occur as a result of falls in persons aged 70
years and over [4].

Therefore, falls are one of the greatest causes of accidents for elderly people that can result in
limited activity or even death. More than one third of people 65 years old and older fall every
year and in many cases the falls happen more than once, resulting to visits to the emergency
department [5]. Most of the times a heart attack or a deterioration of a patient with chronic
obstructive pulmonary disease leads to a fall. Other factors that lead to a fall are diabetes,
alterations of balance, and previous falls. Falls not only cause physical injury such as many
disabling fractures [4], they also have dramatic psychological, medical, and social
consequences. The emerging picture is that falls are not a rare occurrence among older
persons.

The high occurrence of falls results to a high health care cost, for example in the U.S., falls
cost overall 10 billion dollars per year [6]. In case of an emergency, in a telecare home
environment, the person can call for help by pressing a button connected to a wireless
wearable device or by the use of smart phones. If the device has an accelerometer, like the
smart phones, it can automatically detect falls and send an emergency signal. After the fall,
some of the people may have lost their consciousness and may not be able to use their
devices or as it often happens, elderly people may forget their devices or even forget to
charge the battery of the device. The solution to all these problems is computer vision
systems with the use of cameras, which record the human activity. From this recording some
features are extracted that describe real time human activities with image and video
processing methods.

According to [7] a fall can be described in four phases:

e The Pre-fall phase includes daily activities with sudden movements towards the
ground, e.g. sitting on a chair.

e The Critical phase includes the actual fall that is very short and is detected by a
sudden movement towards the ground or an impact with the floor.

e The Post-fall phase is the period of time where the person is motionless on the
ground after the fall.

e The Recovery phase occurs if the person is able to stand back up after the fall.
The following figure (Fig. 1) presents the four phases of a fall.

12
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A N (N

Figure 1: The four phases of a fall, as shown in [7]

1.2 Scope and Objectives

The above information and the overview of the problem to be addressed as well as its
importance, we believe, clarifies the motivation of the work in the present thesis.

The overall scope of this thesis is two fold: (i) to execute an in depth review of available
approaches, methods and techniques for vision-based (human) fall detection and (ii) to
implement a specific solution to the video-based fall detection problem, using publicly
available datasets and state-of-the-art methods and techniques.

In the context of the present work the fall detection process is completed in three phases. In
the first phase the images are separated in background and foreground. The foreground
includes the objects of interest, e.g. the moving person, and the background represents the
static environment. In the second phase the moving objects are detected and their motion
tracking occurs. The extracted features that measure the motion or the posture of each
moving object are subsequently computed. Finally, these features (e.g. the silhouette, the
motion vectors, the histograms) are used to perform the necessary classification task, i.e. to
train an appropriate classifier.

1.3 Outline

In the first chapter we describe the problem and the purpose of this thesis. We also present
the structure of the thesis. In the second chapter we present the State of the Art of the video
based fall detection systems, while we select thirty three out of fifty papers and focusing our
research on only vision based fall detection systems, the date a paper was published, marker
less methods and indoor activities. We review and analyze the various approaches related to
the issues of background subtraction, feature extraction, the actual fall detection method and
report their results.

In the third chapter we describe the software used for our method, the dataset preparation,
and the background subtraction and feature extraction methods that we apply on the dataset.
We also describe the classification methods and we present a summary of the classification
algorithms we used in order to obtain the results.

In the fourth chapter, we present our results and the classification algorithms that achieved
the best results. Finally in the fifth chapter, we present our conclusion and in the sixth
chapter, we talk about a continuation on this thesis for future work.

13
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2. Review of the State of the Art

There has been significant interest in falls both from a research and commercial perspective
for many years. A variety of approaches have been taken technologically towards the
automated detection of human falls with varying degrees of accuracy. A number of attempts
have been made to monitor not only falls, but also to generally monitor daily activities
unobtrusively, i.e. without attaching devices to the body, and to subsequently detect and
ultimately prevent falls accordingly.

Many approaches that are using accelerometers to detect falls have been proposed [8]. In
those approaches, a change in body orientation from upright to lying that occurs immediately
after a large negative acceleration indicates a fall. However, generally despite all the research
dedicated to fall detection, there still isn’t a 100% reliable algorithm that catches all falls with
no false alarms. Furthermore, a limited number of research studies have been conducted
concerning the issue of fall prediction via monitoring and modeling patients’ behavior in
order to take protective actions that prevent the occurrence of falls.

This section presents a short review of research work performed in order to highlight various
solutions proposed for tackling the problem of fall detection and prevention from different
perspectives. Our focus of this review activity is on published research efforts using vision-
based systems for the detection and, more importantly, the prediction of falls.

In [9] human motion in video is modeled using Hidden Markov Models (HMM) in addition
to using the audio track of the video to distinguish a person simply sitting on a floor from a
person stumbling and falling or in other words to use the impact sound of a falling person as
an additional clue of a fall and to avoid false positive classification of a falling event. The
video analysis algorithm starts with the detection of a moving region in the current image. A
bounding box of the moving region is determined and parameters describing the bounding
box are estimated. In this way, a time-series signal describing the motion of a person in video
is extracted. The wavelet transform of this signal is computed and used in HMMs, which
were trained according to possible human being motions. The reported results indicate that
the wavelet transform domain signal provides better results than the time-domain signal. The
reason for this is the fact that wavelets capture sudden changes in the signal and ignore
stationary parts of the signal [10]. The proposed approach has been proven to be
computationally efficient and can be implemented in real-time. However, due to using a low
cost standard camera instead of an omnidirectional camera it is hard to estimate moving
object trajectories in a room. So, authors concluded that the proposed fall detection method
can achieve a better performance, if an omnidirectional camera is available.

In [11] the use of ’unusual inactivity’ detection as a clue for fall detection is demonstrated.
Motion trajectories extracted from an omnidirectional video are used to determine falling
persons, however without considering audio information to understand video events. In [12],
the person was tracked using an ellipse and inferring falling incident when target person is
detected as inactive outside normal zones of inactivity like chairs or sofas. The tracker uses a
coarse ellipse model and a particle filter to cope with cluttered scenes with multiple sources
of illumination. Summarization in terms of semantic regions is demonstrated using acted
scenes through automatic recovery of the instructions given to the subject.

Authors in [13] propose a vision-based fall detection system for the elderly and patients at
home or in health-care centers. The system proposed uses an omnidirectional camera to avoid
blind spot (where no light rays captured). The recognition features proposed for the system

14
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include angle and length variation associated with the body line and motion history images.
Given these features, a simple thresholding and decision tree technique is adopted for fall
detection. Experimental results show that the proposed system can solve the problems of light
source glimmer and static abandoned objects. The system successfully recognized most fall
events, however it disregard the type of falling as recognition errors occur when a normal
walking person is classified as being falling.

Also, in [14] authors used the normalized vertical and horizontal projection of segmented
object as feature vectors. So, in the first of the study of Foroughi et al, a method was
proposed to detect various posture-based daily life and unusual events in a typical elderly
monitoring application in a video surveillance scenario with a particular interest to the
problem of fall detection. The proposed approach provided a useful clue for detection of
different behaviors via applying a combination of best-fit approximated ellipse around the
human body, projection histograms of the segmented silhouette, and temporal changes of
head position. Then extracted feature vectors are fed to a Multilayer Perceptron (MLP)
Neural Network for precise classification of motions and determination of fall event. The
main advantage of the proposed system is that it is able to detect type of fall incident
(forward, backward or sideway), while most existing fall detection systems are only able to
detect occurrence of fall behavior. The approach proposed in this research has been applied to
a dataset of videos in a simulation environment and nothing has been mentioned regarding
time or computations cost/complexity for the system to be applied in real life environments.

Finally, authors in [15] used a similar approach in addition to considering the k-Nearest
Neighbor (k-NN) algorithm and evidence accumulation technique to infer human postures for
fall detection. Furthermore, they used the speed of fall to differentiate real fall incident and an
event where the person is simply lying without falling. Authors concluded that due to
evidence accumulation technique, an event will not be instantaneously detected; however it
takes an average of 8 frames to accumulate enough evidence of fall detection.

For the purpose of a more structured categorizing the existing methods for vision-based fall
detection systems, the review in [16] is taken as reference, which describes the architecture of
such systems that is separated into four steps. The first step is the Video Acquisition, where
the determination of the way that data is collected occurs. There are different approaches that
can be used in order to build a camera system, and in [16] three of these approaches are
described:

e The use of one Omni-directional camera
e The use of one infrared camera, and
e The use of many wide-angle cameras

The second step is the Background Subtraction and Moving Object Tracking, where the
search of the appropriate method in order to estimate the background and detect the moving
object occurs. According to [16], the most popular background subtraction methods are:

Frame differencing
Median filtering

Mixture of Gaussians, and
Other methods

A good method of estimating the moving object is the use of a Kalman filter on the data
obtained by the foreground model from the background subtraction step, as well as the
Optical flow method and/or the Particle filtering method respectively.
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The third step in the architecture of a video-based fall detection system is the Video
Processing and Feature Extraction step. After the moving object detection is completed, the
system focuses on the moving objects. Measurements of useful parameters of the objects are
essential for the fall recognition, so the following features are important for the completion of
this step:

a) Human shape, which consists of:
e Histograms
e Main axes
e Human Centroid
e Bounding Box and/or Fitting Ellipse
b) Fall Angle
c) Height/Width ratio, also referred to as Aspect ratio
d) Inactivity
e) Variation of motion
f) Head detection
g) Posture

The fourth and final step of the system’s architecture is the Fall Detection, in which the
performance of the fall recognition algorithms that are used is evaluated.

Table 1 below shows an overview of the first two steps mentioned above. Table 2 presents
an overview of the third step mentioned above, and Table 3 shows an overview of the
results of the final step. Chapters 2.1, 2.2, 2.3 and 2.4 describe these steps in depth for all
the existing video-based fall detection systems reviewed.

AUTHOR VIDEO ACQUISI-TION BACKGROUND SUBTRACTION
& MOVING OBJECT TRACKING

Single View Multi-View Frame Median Mixture of Other
Differencing Filtering  Gaussians

v

v

(Omni- (Single Gaus-
Directional sian)
camera)
v v
(Calibra-
ted)
v v’ (Bayesian
Approach)
v v
(SAKBOT)
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v v
v v v
(Morphological
Filter)
v v
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v
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v

(Omni-
directional
camera &
Side/Front
view)

(NCC)

Table 1: An overview of the Video Acquisition and the Background Subtraction and Moving Object

Tracking steps, which are the first two steps of the architecture of the existing video-based fall detection

systems as mentioned in [16].
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(Moore
automaton
)
v
v v v v v
v
v v v v
(MBR) (3D)
v v v
(HMM)
v v v v v
v v v
(GrabCut) (HoG)
v'\VPH v v v v

Table 2: An overview of the Video Processing and Feature Extraction step, which is the third one of the
architecture of the existing video-based fall detection systems as mentioned in [16].

2.1 Video Acquisition

The first step in a fall detection method is the collection of data. Vision-based systems use
video sequences, captured by either a single view calibrated or un-calibrated camera or a
multi-view surveillance system. Moreover, it is mentioned where the camera or cameras are
mounted in the room and their type.

Camera calibration is a necessary step in 3D computer vision in order to extract metric
information from 2D images. It is the process of finding the intrinsic parameters of the
camera that produced a given photograph or video.

There are two categories of the methods analyzed here, that relate to the dimension of the
calibration objects:

= 3D reference object based calibration:

Camera calibration is performed by observing a calibration object whose geometry in 3D
space is known with very good precision. Calibration can be computed very efficiently.
The calibration object usually consists of two or three planes orthogonal to each other.
This approach requires an expensive calibration system and a complicated setup.

= 2D plane based calibration:
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Techniques in this category require observing a planar pattern shown at a few different
orientations. Because almost anyone can make such a calibration pattern by themselves,
the setup is easier for camera calibration.

The highest accuracy is obtained by using a 3D system, so it should be used when
accuracy is needed most and when the cost of using 3D system is justified. In general, in
computer vision, researchers are mainly using calibration with a 2D system which seems
to be the best choice in most situations because of its ease of use and relatively high
accuracy.

Furthermore, there are three approaches to monitoring a room:

e One Omni-directional camera, which is a camera with a 360-degree field of view in
the horizontal plane, or with a visual field that covers the entire sphere. It is usually
mounted on the ceiling. An Omni-directional camera is used in [17], [18], [13](where
an Omni-directional camera called “MapCam” is used), [19], [20], [21] and [22].

e One or many wide-angle cameras. These types of cameras allow more of the scene to
be included in the field of view and are usually wall mounted. This approach is used
in the majority of the methods described in the literature. The cameras are calibrated
in [23], [7] and [24], in conjunction with a 3D reconstruction of the scene; in [25],
[26] and [27], where a wide-angle Pan-tilt-zoom camera is used.

e One infrared camera, which is a device that captures an image using infrared
radiation, similar to a common camera that forms an image using visible light. In this
category of cameras, the Time-of-Flight (TOF) camera is a range imaging camera
system that resolves distance based on the known speed of light, measuring the time-
of-flight of a light signal between the camera and the subject for each point of the
image.

e The Hlumination unit, which illuminates the scene and the illumination normally,
uses infrared light to make the illumination unobtrusive. This approach is used
combined with calibration and is found in [28] and [29].

2.2 Background Subtraction & Moving Object Tracking

The next step after collecting the data is to use background subtraction methods to detect any
moving object in the image in order to result to the detected person. The most popular
techniques are Frame Differencing, Median Filtering and Mixture of Gaussians.

2.2.1 Frame Differencing

Frame differencing is a technique where the computer calculates the difference between two
video frames. If the pixels have changed, there was apparently something changing in the
image (moving for example). Most techniques use image smoothing (blur) and thresholding,
to distinct real movement from noise. The background is to be the previous frame.

This technique is sensitive to noise and variations in illumination. Furthermore, another
disadvantage is that the detected objects must be continuously moving. If an object stays still
for more than a frame period (1/fps), it becomes part of the background.

On the other hand, this method does have two major advantages. The first one is the modest
computational load and the second one is that the background model is highly adaptive. Since
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the background is based solely on the previous frame, it can adapt to changes in the
background faster than any other method (at precisely 1/fps).

This technique is used in most of the methods presented here, combined with connected
component labeling (CCL) in [18], [27] , [30], [13], [25], with motion vectors in [27], with
mean filtering to eliminate noise in [30] and [31], with morphological filtering (dilation and
erosion) to remove noise in [29], [32] and [13]; also with 3D voxel space to improve human
segmentation in [25].

Some other methods combined with the frame differencing technique are the single Gaussian
in [17], [33] and [20], the mixture of Gaussians in [34], the Canny edge detector in [33], [35]
and [7] also with the use of particle filters in [7].

2.2.2 Median Filtering

Median filtering is a non-linear digital filtering technique, often used to remove noise. Such
noise reduction is a typical pre-processing step to improve the results of later processing (for
example, edge detection on an image). Median filtering is widely used in image processing,
because under certain conditions, it preserves edges while removing noise. When it is used
for background subtraction, the median of the previous n frames is used as the background
model, contrary to the frame differencing technique, where the previous frame is used as the
background model.

This technique is used in [36], [27], [24], [22], with cross correlation analysis (CCA) in [36]
and normalized cross correlation (NCC) in [22] for shadow detection.

2.2.3 Mixture of Gaussians

Mixture of Gaussians (MoG) is an algorithm, where the values of a particular pixel are
modeled as a mixture of adaptive Gaussians. It is a mixture model because multiple surfaces
appear in a pixel and it is adaptive because lighting conditions change. At every iteration,
Gaussians are evaluated using a simple heuristic to determine which ones are most likely to
correspond to the background, which means that the Gaussians with the most supporting
evidence and least variance should correspond to the background. Pixels that do not match
with the “background Gaussians” are classified as foreground. Foreground pixels are grouped
using 2D connected component analysis. This method utilizes Bayesian frameworks, color
and ingredient information and the detected objects are allowed to become part of the existing
background model, without destroying it. It also provides fast recovery of the scene.

This technique is used in [37], [28], [34], [38], [26] and [21]. In addition, Kalman Filtering
and RANSAC is used in [28], a morphological filter is used in [38], Stauffer MoG is used in
[26] and YCDbCr with Connected Component Algorithm is used in [21].

In [39] the SAKBOT system, which is a system for detecting and tracking moving objects in
traffic monitoring and video surveillance applications, is used; in [40], a Bayesian approach
to obtain the foreground mask is used.

2.3 Video Processing & Feature Extraction
This step focuses on the detected moving objects. The most important features are Human

Shape, Height/Width Ratio, Fall Angle, Inactivity, Variation of Motion, Head Detection and
Posture.
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2.3.1 Human Shape
Human Shape and the characteristics from its analysis, which are:
e Bounding Box or Fitting Ellipse
e Main Axes (size)
e (Vertical) Histograms
e Human Centroid

Most methods make use of the Human Shape feature and its characteristics, where in [23] an
HSV histogram is used, in [35] and [41] a log-polar histogram, in [7] a head ellipse, in [26] a
Minimum Rectangle Box as the person’s bounding box and in [42] a bounding box via
GrabCut, which is an image segmentation method based on graph cuts.

Graph cut is an optimization technique that achieves robust segmentation when foreground
and background color distributions are not well separated.

2.3.2 Height/Width Ratio

Height/Width ratio is the height/width ratio of the bounding box mentioned above, also
known as aspect ratio, or the height/width ratio of a person’s main axes, also mentioned
above. This feature is commonly used in the methods presented.

2.3.3 Fall Angle

Fall angle is the angle between the person’s main axes and the ground. If the angle is less
than 45 degrees or more than 135 degrees it is presumed that a fall occurred. Fall angle is also
used by the majority of the methods presented.

2.3.4 Inactivity

Inactivity is a small period of time without motion (about 5 seconds). This feature is used in
[43], [17], [28], [34], [18], [33], [35], [7], [19], [20], [42], [41] and [40].

2.3.5 Variation of Motion

The occurrence of a fall may be detected through a large movement and a large variation of
the main axes and the fall angle. In general, if there is a large variation in the velocity or the
angle of the detected person. In [44], [38] and [7] a Motion History Image (MHI) is used for
the human tracking in order to do the extraction. Also in [38] a spatio-temporal motion
representation is proposed, called Motion Vector Flow Instance (MVFI) template. In [19] a
Moore Automaton is used. The Moore Automaton is a self-operating finite-state machine,
whose output values are determined solely by its current state. This is also used in [40].

2.3.6 Head Detection

Head detection is the tracking of the detected person’s head, because it is usually visible in
the scene and has a large movement variation during a fall. This feature is used in [36], [14],
[34], [45] and [7], where in [34] a skin color model is used and in [45] the POSIT is used for
head localization, with particle filtering.
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2.3.7 Posture

Posture is the state of the extracted silhouettes. They are labeled as “standing”, “walking”,
“lying”, etc, in order to train a classifier to detect whether there is a fall incident or not.

This feature is also used very often in the literature, where in [28] a Discreet Reeb Graph is
used. A Discreet Reeb Graph describes the evolution of the level sets of a real-valued
function of an object on a topological space. It is used in computational geometry and
computer graphics, including surface segmentation. In [42] a HOG (Histogram of Oriented
Gradients) is used. In [40], the extracted human skeleton is used in order to categorize the
postures.

2.4 Performance of reported fall detection algorithms

The fall detection is accomplished with combining different techniques or their results from
the “Background Subtraction & Moving Object Tracking” and the “Video Processing &
Feature Extraction” sections, and is the final step of a video-based fall detection system. The
results in each paper are referred on a percentage of True Positives (TP), False Positives (FP),
True Negatives (TN), False Negatives (FN), Sensitivity, Specificity, Accuracy and Error
Rate. In some papers the results are described with a sentence or a paragraph.

An overview of the results of this final step is presented in the following table (Table 3).

AUTHOR FALL DETECTION RESULTS
A Hidden Markov Model “The train models are able to
(HMM) correctly recognize the corresponding
activities”
A Threshold Based fall “The system correctly classified all of
detection and fuzzy the falls”

inference

Neural Networks (a multi- | TP 97% and FP 5%
layered Perception NN)

An Evolutive Algorithm "the 3D prism is more computer

for 3D people tracking with | intensive than 3Dpoint which is more
3Dpoints and with 3d successful"

prisms
A Threshold on the motion | Fall detection rate 90.91% and false
of the human and on the alarm rate 9.09%

orientation of the ellipse.

a Hidden Markov Model “in case of bottom occlusions the
(HMM) classifier fails, in case of middle
occlusions the tracking and posture
are misled and when occluded part is
too large, posture classifier fails after
some frames”.

A Support Vector Machine | arecall of 0.896 (+0.194) and
(SVM) precision of 0.257 (£ 0.073)
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80% Efficiency and 97.3% Reliability
at0,4m

A 4-layered MLP network
with back propagation
learning schema

Sensitivity 92.80% and specificity at
97.60% and Reliable average
recognition rate at 91.12%

A multi-frame Gaussian
classifier

the algorithm can operate at real time
speed with more than 85% fall
detection rate and 100% without large
occlusions

A linear calibration method
of height above the ground
of the silhouette classifying
the pose

10 sequences sitting subject, 10
sequences lying down subject and 10
sequences walking subject all
correctly categorized

A Threshold Based fall
detection and inactivity

Front Fall 19 /20 events, Backward
Fall 20/20 and Lying down 18 / 20
events

A Threshold Based fall
detection

Best Result 80% Fall Detection, 1FP

Worst Result 60% Fall Detection,
2FP

Simple signal detection
theory

77% TP, 23% FN,
5% FP, 95% TN

A Threshold Based fall
detection

correctness ratio =~ 93%, miss ratio
13%, real time high accuracy and FP
ratio 0%

A Threshold Based fall
detection

“Effectively prevent misjudgments
increase of accuracy of detection
results and good robustness.”

K-NN classifier and
threshold based fall
detection

total accuracy rate is = 84.4% where
lying down accuracy rate is = 86.62%
fall incident detection is = 82.22%

the system leads to false alarm events
due to similarity of lying and falling

Full Procrustes Distance
between 2 consecutive
human shapes

Sensitivity 95.5%, Robust Specificity
96.4% Realistic Accuracy 98.89%
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A Threshold on the time of
the person lying on the
floor in 5sec.

“with 4 cameras the system achieved
almost 100% sensitivity & specificity

2

A simple decision
threshold algorithm with
and without personal
information (e.g. height
and weight) based on
Width-Height Ratio

with personal information : Accuracy
81% ,Sensitivity 90% and Specificity
86% and without personal
information : Accuracy 70%
,Sensitivity 78% and Specificity 60%

A Threshold on the
Inactivity of the detected
object using a MAP
estimation of a Gaussian
mixture model

All Falls were correctly detected

A k-Nearest Neighbor (k-
NN) algorithm and
evidence accumulation
technique to infer human
postures for fall detection.
Also, the speed of fall to
differentiate real fall
incident and an event
where the person is simply
lying without falling was
used

Robust Recognition rate
> 90%

N-fold cross validation
training (known sequences)
& K-NN classifier
(unknown sequences)

Fall : MVFI 99% , MHI 85% |,
Silhouette 92.0 %

A threshold on the posture
of the human (lie or bend)
and another threshold
inside the grand region. A
third threshold on the time
the conditions above are
kept.

31 out of 32 (96.88%) falls can be
detected while only 3 out of 64
(4.7%) non falls were mistaken as
falls.

A Threshold Based fall
detection

“ a majority of normal activities are
not detected as falls and the detection
rate is 2 out of 3 falls”

A Gaussian Mixture Model
(GMM) classifier with full
Procrustes distance or
mean — matching cost and
Inactivity

Human Shape Deformation with full
Procrustes Distance Equal Error Rate
(EER) 3.8% and Mean-Matching
Cost 4.6%
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I. A Threshold Based fall
detection with Head
Tracking

Il. And with Human-Eva
dataset

1.10 /10 falls with Vertical Velocity
and 9/ 10 falls with Head Height

II. mean error = 5% in 5Sm

Variation of Motion &
Inactivity

“Under artificial lighting from ceiling
excellent results were achieved. If the
main light entered through the
windows, shadows led to tracking
errors and undetected falls”

A Software Pipelining
Mechanism

“the algorithm can precisely detect
falling postures with sensitivity and
specificity = 90% 2.1 times through
and improving”

Lying Pose Estimation &

Orientation of the human
body which is calculated by
a function

FP 81% and FN 22%.

Human vs. Nonhuman (a
set of heuristic rules is used
to classify each voxel
object) and Background
Updating

“quite good at reducing artifacts due
to lighting and moving non human
objects”

Layered Hidden Markov
Model (HMM)

an 82% rate of real falling cases and a
18% FN rate"

An HMM of the wavelet
domain data

100% rate of correctly detected falls
when audio is also taken under
consideration with the video
computations

A Threshold Based fall
detection and State
Transition with 2-State
Finite State Machine
(FSM) are used for Fall
Confirmation

"in Omni-single Accuracy 94%,
Specificity 96% and Sensitivity 90%
and in Indoor- single Accuracy,
Specificity and Sensitivity 100%"

Lying Pose Estimation

"it outperforms other pose estimation
approaches"

A Threshold Based fall
detection

Correct 85%, 0% FP and 15% FN

Table 3: An overview of the results of the Fall detection step of the existing video-based fall
detection systems as mentioned in [16].
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2.4.1 Classification schemes

Threshold-based fall detection is when a threshold is applied on an extracted feature, such as
fall angle, height/width ratio and variation of motion to determine a fall. The best results with
this technique are presented in the following papers. The authors in [46] report that
“Effectively preventing misjudgments increases of accuracy of detection results and good
robustness” and also in [21] a State Transition with 2-State Finite State Machine (FSM) is
used for fall confirmation. With this approach promising results have been achieved with one
person only in the scene. Specifically in the Omni-single case results with Accuracy of 94%,
Specificity of 96% and Sensitivity of 90% have been achieved and for the Indoor — single
subject case, the results obtained indicate an Accuracy, Specificity and Sensitivity of 100%.

A threshold-based fall detection and fuzzy inference is used in [43], where the system
correctly classified all of the falls and in [24] a threshold is used at the time of the lying
person on the floor which is 5 seconds. The authors state that “with 4 cameras the system
achieved almost 100% sensitivity and specificity”. Threshold-based fall detection with (i)
Head Tracking and (ii) the Human-Eva dataset is used in [7]. The results reported indicate
correct classification of 10 out of 10 falls with vertical velocity and 9 out of 10 falls with
head height. Also head localization with Human-Eva dataset again in [7] resulting at a mean
error of approximately 5% in 5m. A further threshold-based technique is Variation of Motion
& Inactivity, which is used in [19]. The authors report that under artificial lighting from
ceiling excellent results were achieved, whilst if the main light entered through the windows,
the resulting shadows led to tracking errors and undetected falls.

A Hidden Markov Model (HMM) (or Layered HMM) classification is used in [37], stating
that “The train models are able to correctly recognize the corresponding activities”, which are
“walking”, “kneeling” and “falling”. In [26] the results show an 82% rate of correct fall
detections and an 18% FN-rate. In [39] it is mentioned that in case of bottom occlusions the
HMM posture classifier fails, while in case of middle occlusions the tracking and posture are
misled, and when occluded part is too large the classifier fails after some frames.

A k-NN classifier and a threshold based fall detection are used in [30] where it is reported
that the total accuracy rate is ~ 84.4%, where lying down accuracy rate is = 86.62% and fall
incident detection is ~ 82.22%.A k-NN classifier is a supervised machine learning technique
for learning a function from training data which classifies objects based on closest training
data.

Lying Pose Estimation is used in [42], where the authors report that it outperforms other pose
estimation approaches. This technique provides a detailed representation of human bodies
and uses information from segmentation. Orientation of the human body which is calculated
by a function, whose result is either standing or lying, is used in [20] with a FP rate of 81%
and a FN rate of 22%.

A linear calibration method of the height above the ground of the silhouette is used for
classifying the pose in [29] with 10 sequences of a sitting subject, 10 sequences of a lying
down subject and 10 sequences of a walking subject all correctly categorized.

Another reported technique uses Full Procrustes Distance between 2 consecutive human
shapes, used in [33] with Sensitivity 95.5%, Robust Specificity 96.4% Realistic Accuracy
98.89%. A Gaussian Mixture Model (GMM) classifier with full Procrustes distance or mean
— matching cost and Inactivity is used in [35], where Human Shape Deformation with full
Procrustes Distance Equal Error Rate (EER) 3.8% and Mean-Matching Cost 4.6%. Procrustes
analysis is a statistical shape analysis with object adjustment.
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Human vs. Non-human (a set of heuristic rules is used to classify each voxel object) and
Background Updating is used in [25] where the results are “quite good at reducing artifacts
due to lighting and moving non-human objects”.

A Software Pipelining Mechanism is used in [31] where they report that “the algorithm can
precisely detect falling postures with sensitivity and specificity = 90% 2.1 times through and
improving”.

A multi-frame Gaussian classifier is used in [34], which reports that the algorithm can
operate at real time speed with more than 85% fall detection rate and 100% without large
occlusions.

A Support Vector Machine (SVM) is a fall detector which classifies a timeslot (by its
features) as normal or abnormal event. This technique is used in [36] with a recall of 0.896 (+
0.194) and precision of 0.257 (£ 0.073).

A fall detection with Neural Networks (NN), a MLP, is done in [17] with TP 97% rate and
FP 5% rate. A 4-layered MLP network with back propagation learning schema is used in [14]
the results of which are Sensitivity 92.80% and specificity at 97.60% and Reliable average
recognition rate at 91.12%. This measure is essentially based on correctly detected events. An
MLP is a supervised NN that can have multiple inputs and outputs and multiple hidden layers
with an arbitrary number of neurons. Simple signal detection theory is used in [18] where
their results were 77% TP rate, 23% FN rate, 5% FP rate and 95% TN rate.

An Evolutive Algorithm for 3D people tracking with 3D points and with 3D prisms used in
[23] concludes that the 3D prism is more computer intensive than 3D point which is more
successful. In this paper the authors did not publish evaluation metrics but focused more on
computational cost.

Finally, a N-fold cross validation training (for known sequences) & a k-NN classifier (for
unknown sequences) is used in [38] where their results are MVFI 99%, MHI 85%, (cf.
Chapter 2.3.5) Silhouette 92.0 %.Cross Validation used to examine how accurately a
predictive model will perform.
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3. Methods

This thesis has two different approaches on the matter. The first approach is after computing
the foreground model in the Background-Foreground Subtraction step, a Kalman filter is used
on it, in order to track the moving object, and its output is used in the Classification step. The
second approach is using a dense optical flow technique applied on the foreground model, in
order to track the moving object and then using its results to detect if a fall had occurred.

The following figure (Fig. 2) presents the flow chart of our two different approaches.

START START
Video Video
Eeading Reading

Background- Background-
Foreground Foreground
Subtraction Subtraction

Moving Object Moving Object
Tracking with Tracking with

Kalman Filter Dense Optical

1 Flow
Feature Extracti .
Fature tairaction Feature Extraction

l = l

ARTFFE Creation <«———  Annotation (yml) ——® ARFF Creation
Classification l lf. .
{Fall Detection) (Pa;s]s:; ;tza;lizz)
(a (b)

Figure 2: The schematic representation of our system's two approaches; first is the approach with the
Kalman Filter for the moving object tracking (a), and second is the Dense Optical Flow technique for the
same reason (b)
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3.1 Computational Tools

3.1.1 OpenCV

OpenCV (Open Source Computer Vision) is, as its name indicates, an open source computer
vision library, developed by Intel in 2000, and available from http://opencv.org/.

It is written in C and C++, although its primary interface is in C++. It also provides of
interfaces in Java, Python, Ruby, Matlab, Octave, and other programming languages and
since 2010 it also includes an interface based in CUDA GPU.

OpenCV runs on multiple computer platforms, such as Windows, Linux, Android, iOS, and
others, because its libraries are cross-platform. It uses the CMake, a software that is cross-
platform itself.

Some of the applications that the OpenCV includes are: a Face Recognition System, a
Gesture Recognition System, Motion Tracking, Augmented Reality, and others in the
Computer Vision and Image Processing areas. In order to support some of these areas
OpenCV includes a statistical machine learning library than consists of the k-NN algorithm,
the Naive Bayes Classifier, Artificial Neural Networks, Support Vector Machine, and other
classification algorithms [47].

3.1.2 Eclipse IDE

Eclipse is an Integrated Development Environment (IDE), first released in 2004 by the
Eclipse Foundation (https://eclipse.org/), which contains a workspace and a plug-in system
for customization. It is an open source software and through the use of various plug-ins it can
be used to develop applications in programming languages such as C, C++, Ruby, Python and
others, despite that it is written in Java.

It also includes the Software Development Kit (SDK), which contains the Java Development
Tools (JDT) and is for the Java developers. For the C/C++ developers Eclipse includes the C
Development Tools (CDT), as well as other development toolkits for various programming
languages [48].

3.1.3Weka 3.7

Weka (Waikato Environment for Knowledge Analysis) [49] is a Java-implemented machine
learning tool. This tool is open source software issued under the GNU General Public License
and is used for research, education, and applications.

Weka has a collection of machine learning algorithms for data mining tasks which could be
applied to a dataset. Weka contains tools for data pre-processing, classification, regression,
association rules and clustering. Weka is used for the classification task in the context of the
work of the present thesis.

3.1.4 Microsoft Movie Maker

The Microsoft Movie Maker is a video processing tool used for the modification of the
selected videos from the dataset in order to show only one person entering the room and
falling. The waiting time after the fall was shortened for that purpose.
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3.2 Dataset Preparation

For the experimental work in the content of this thesis, the publically available dataset
«Multiple cameras fall dataset» [50] was used. The dataset consists of eight inexpensive IP
cameras with wide angle, to cover the entire room, as shown in Figure 3.

The dataset is composed of several simulated normal daily activities and falls viewed from all
the cameras and performed by one subject. Some examples are shown in Figure 4 and Figure
5. More specifically, it consists of:

e Normal Daily activities, such as walking, housekeeping, sitting down/standing up,
and

e Simulated falls, such as forward falls, backward falls, loss of balance, sideway falls.
The falls were done in different directions with respect to the camera point of view. A
mattress was used in order to protect the person during the simulated falls.

Caméra 6

Caméra 5

Caméra 8

Caméra 3

Figure 4: Camera 2-chute 02, showing a side fall
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Figure 5: Camera 5-chute 03, showing a front fall
In our work only the simulated falls from the dataset were considered. More specifically, the
selected and edited videos used in this approach present one person walking and falling
without occlusions. For the purpose of using effectively the features extracted, four of the
eight cameras were selected. The four cameras are: Camera 2, Camera 4, Camera 5, and
Camera 7 that were mounted in the room as shown in Figure 3. The other cameras of the
room were skipped. Nine takes from each camera were used:

e aback fall (ch06).

e aback fall while putting on a jacket (ch01).

e adouble fall (ch04) where the person stands up and falls again.
e a front fall (ch03) from the back side of the room.

e afront fall (ch05) from the front side of the room.

e aside fall (ch02) from the left side of the room.

e aside fall (ch08) from the left side of the room.

e aside fall (ch11) from the right side of the room.

e aside fall (ch12) from the left side of the room.

3.3 Feature Extraction

3.3.1 Background Subtraction

The Background Subtraction is a highly important filtering step in the video preprocessing
stage; therefore, it must be estimated optimally. A simple method is to assume that the first
frame of the video is in fact the background and then perform a subtraction between the pixel
values of that first frame with the following ones. Then, the pixels with zero values will
represent the static background, while the ones with non-zero values will represent the
moving objects in the foreground. This method shows poor results, especially in threshold
based approaches, because it detects all the movements however small those may be, so it is
prone to lighting variation, or furniture rearrangement.

A better approach is to acknowledge that the background is not constant and that the
background frame could be maintained dynamically. Therefore, the moving average (e.g. the
mean or the median) of each pixel of the last N frames is computed. After the N time period,
an update of every pixel will occur, allowing the lighting changes more smoothly, although a
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moving object that slowly changes its motion might be considered as one with the
background [51] [52].

In this approach, the second method is used for the background subtraction, with the help of
an adaptive Mixture of Gaussians.

3.3.1.1 Mixture of Gaussians

The background modeling consists of two steps. The first step is the Background
Initialization and the second step is the Background Update, for adaptation in possible
changes in the scene.

In our approach the OpenCV’s BackgroundSubtractorMOG2() function was used. It is based
on the Mixture of Gaussians technique, which is among the most fundamental and widely
used statistical models. The method constantly adapts the parameters as well as the number of
the Gaussian components of the mixture for each pixel. Also, the algorithm can
automatically, fully adapt to the scene, by choosing the number of components for each pixel
in an on-line procedure. The lighting in the scene could change gradually, e.g. daytime to
nighttime, or suddenly, e.g. turning on or off a light in an indoor scene. Also, a new object
could enter the scene or a present object could be removed from it. Therefore, the algorithm’s
training set is updated in order to adapt to those changes. For this reason, the Mahalanobis
distance’ is computed, to decide if a sample is close to existing components. If the sample is
not close to any of the components, a new component is generated.

This approach has also a shadow detection function for the shadow pixels in the foreground
mask. If a pixel is more than twice darker than the background, then it is not a shadow; it
becomes background. It consists of multinomial distribution with prior knowledge computed
by the Maximum a Posteriori (MAP) and returns a likelihood function, which gives the
Maximum Likelihood (ML) estimation. The mixing weights are constraint to sum up to one.
In addition, the Minimum Message Length (MML) criterion is used for the selection of
proper models for given data; that results in the processing time being very little [53].

The MoG gives a representation that is suitable for further processing and is also a better
model for the static scenes [54].

In the following figure (Fig. 6) the resulting foreground mask of this method is shown.

Figure 6: The foreground mask produced by the Mixture of Gaussians background subtraction

! The Mahalanobis distance is a measure of the distance between a point P and a distribution D, introduced by
P. C. Mahalanobis in 1936. It is a multi-dimensional generalization of the idea of measuring how many standard
deviations away P is from the mean of D.
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3.3.1.2 Contours

Contours are a list of points that represent line segments either curved or straight, that
separate one region from the other, in an image. In order to obtain the contours, an edge
detection algorithm must be used for segmentation and because the edges are also features of
the image; this method is also known as feature-based segmentation.

In OpenCV, contours are sequences of points that hold information about the location of the
next point on the curve. They are computed from the output of the background subtraction
(i.e. the foreground), which are binary images. [55] [56] The contours need to be identified or
manipulated for better detection. Some of their properties are:

e Perimeter

e Area

e Rectangle of minimum area(bounding box)
e Convex hull

In our work the OpenCV function findContours() is used, with the mode
CV_RETR_CCOMP; it retrieves all the contours and organizes them into a two-level
hierarchy. The top (first) level has the external boundaries whereas the second level has the
boundaries of the holes (i.e. the zero regions). It also uses the connected components
algorithm to the contour points. The method CV_CHAIN_APPROX_SIMPLE was also
used; it leaves only the end points of the contours, by compressing the horizontal, vertical and
diagonal segments. For example, a rectangular contour consists of only 4 points. This
method’s outputs are sequences of vertices (i.e. polygons) [55].

3.3.1.3 Bounding Box & Height/Width Ratio

Every detected object can be enclosed by a bounding box, which is no more than the
minimum rectangle that surrounds it. Usually, the bounding box is oriented along the x and y
axes of the Cartesian coordination system and consists of four values: the top-left corner with
(x, y) coordinates, the top-right corner with (x + w, y) coordinates, the bottom-left corner
with (x, y + h) coordinates, and the bottom-right corner with (x + w, y + h) coordinates.

4 o i

Figure 7: Example of the Bounding box of our approach (i.e. the blue
rectangle surrounding the person in the image) and the contours (i.e.
the red shape surrounding the person in the image)
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It can be used to enclose the contour of the moving object as well, which is also the approach
that we take. The features obtained by the bounding box include the origin, the dimensions,
and the aspect ratio. The Aspect Ratio, or Height/Width Ratio as mentioned in chapter 2.3.2,
is the ratio of the longer side to the shorter one, and it is a parameter often used to describe
the shape of an object [57].

The following figure (Fig. 7) presents the computed contours as well as the bounding box of
this approach.

3.3.1.4 Moments and Center of Mass

The moments are a tool for measurement, analysis, and design. In computer vision they
represent a specific weighted average of the intensity of the frame’s pixels. They are used
after the segmentation of the object is completed, thus only the foreground pixel values are
taken under consideration, for the motion analysis of the detected object. Therefore they can
be used for binary or gray scale area description. The moments of connected grey leveled
areas can also be computed entirely from the contour points of that area, with the use of
Green’s theorem, thus taking under consideration the positive as well as the negative pixel
values of the grey levels. This approach is also faster than computing the spatial moments of
an area [58]. [59].

A moment of order (p + q) in digital images is given by the following equation:

Mpq = i i P jTx f(0,))

[=—0w j=—00
where p, q, i, j are coordinates from the point region.

Moments can be used for various purposes such as edge detection, feature extraction, and
feature measurement, because they are considered to be features of the detected object. Some
of the properties that the moments have are: information about the orientation, the area of the
blob, the eccentricity (i.e. how round the object is), and the centroid [60] [51] [61] [62] [59].

The centroid can be visualized, if we imagine holding a pen and trying to balance it
horizontally on the tip of one finger. The region where the finger must be placed in order to
achieve that is the centroid of the pen. In general, the center of mass is the mean of all the
weighted points by the local density, whereas, the centroid is the mean position of all the
points in an object (shape). If an object has homogenous density, then its center of mass is the
same as the centroid. The moments that compute the centroid are called central moments and
achieve translation invariance by using the following equation:

Hoq = i Z (= ) * G= ¥ f(Q))

[=—00 j=—w©

in which the x, y, i, j, are coordinates from the point region, and the X, y. are the coordinates
of the area’s centroid that can be computed by the following equation:

M My
Aﬂm' ¢ A@m

where the Mgy equals the sum of the grey levels. Therefore the area (A) of the object [61]
[62] [59] is given by:

Xe =

A: MOO
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3.3.2 Moving Object Tracking

3.3.2.1 Kalman Filtering

The Kalman filter is first introduced in 1961 [63], and remains one of the main methods of
tracking till the present days. Its basic idea is that under a set of assumptions that are
considered reasonable, meaning that these assumptions are not restrictive, the method is
helpful for various actual problems that exist in the world. Therefore, it is considered that
with a given history of a system’s measurements, a model of the state of that system can be
build. This state model maximizes the a posteriori probability® of the previous measurements,
meaning that the distribution, which explains “what really happened”, is the most likely one,
based on the observed data.

The a posteriori probability can be maximized by keeping a history (not very long) of the
previous measurements. In order to achieve that, an iterative update is made to the state
model of the system, and only the state model for the next iteration is kept. As a result, the
computations are simpler. Figure 8 shows the Kalman filter cycle.

In theory, the most important assumptions that are required for the construction of a Kalman
filter are [55]:

1) The modeled system is linear
2) The noise of the measurements is “white”
3) The noise of the measurements is Gaussian

Therefore the following concepts exist:

1) The Kalman filter is discrete, because it relies on measurements taken between
repeated but constant periods of time.

2) The Kalman filter is recursive, because its prediction relies on the state of the present
measurements (e.g. position, velocity, acceleration, etc) as well as a guess about what
any parts tried to do to affect the situation.

3) If the state model is totally consistent with what is actually happening then the
Kalman filter's estimate will eventually assemble what is actually happening.

The Kalman filter during its initialization expects to know the following:

The system’s mathematical model, that is represented by the matrices A, B, and H
The initial estimate about the state of the system, computed in a vector x

The initial estimate about the error, given by the matrix P

The process in general estimates, as well as the measurement error of the system,
computed in the matrices Q and R consequently.

o0 ow

In every time step, the following information must be given:

2 The posterior probability is the probability of the parameters #given the evidence X: P8 X)) 1t
contrasts with the likelihood function, which is the probability of the evidence given the parameters:
p(X|9),
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a. A vector u that contains the most current state, and is the system’s guess considering
the situation and how it was affected.

b. A vector z that contains the current measurements used to compute the state of the
system.

Finally, after all the above calculations, the following information is obtained: the most
current estimate of the actual state of the system and the most current estimate of all the
errors in the system.

In general the Kalman filter has as inputs the control vector Un that is the magnitude of the
control system in the problem to be solved, and the measurement vector Zn, which contains
the real measurement received in this given time.

a4 K

Time Update Measurement Update
("Predict”) ("Correct’)

\\\ “ /

Figure 8: The Kalman filter cycle. As shown, the filter recursively predicts and corrects the state model of
the system [45]

Its outputs are the Xn, which is the newest estimate of the current true state, and the Pn,
which is the newest estimate of the average error of the state. Its constants are the state
transition matrix A, which helps predict the state of the next time step; the control matrix B,
which defines the linear equations for any control factors; the observation matrix H, where if
the state vector is multiplied by H, it translates into a measurements vector; the estimated
process error covariance Q, and the estimated measurement error covariance.

The equations that combine all the above and make the Kalman filter work, are:

State Prediction = xpgepicrep = Axn—1 + Bu,
Covariance Prediction = Pprgprcrep = APp_1AT + Q
Innovation =y = z, — HXprepicreD

Innovation Covariance =S = HPprgpicrepHT + R
Kalman Gain = K = PprgprerspHTS ™t

State Update = x,, = Xprgpicrep + KV

Covariance Update = B, = (I — KH) PprepicTED

Since a Kalman filter produces an estimate of the system’s next state, he State Prediction
computes where the detected object is going to be placed in the next frame, the Covariance
Prediction predicts the error, the Innovation compares the reality against the prediction, the
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Innovation Covariance compares the real error against the predicted one, the Kalman Gain
moderates the prediction, the State Update is a new estimate of where we are, and the
Covariance Update is a new estimate of the error [64].

The detailed example of the Kalman filter at a certain time step is shown in Figure 9, and the
Kalman filter in our approach is presented in Figure 10.

. Prediction ste
Prior knowledge Pi1/k—1 _, Based on e.g. P

—
‘Df state Xk—1k—1 physical model

Next timestep P:klk—l

k+—k+1 Xklk—1
Pklk Update step Measurements

-=—Compare prediction --— v,

Xk |k
| to measurements

|

Output estimate
of state

Figure 9: A more detailed example of the Kalman filter, at a certain time step of the system [65]

Figure 10: The Kalman filter as shown in our method. The blue “x” is the computed
center of mass (centroid of contours), whereas the white “x” is the estimated center
of mass by the Kalman filter

3.3.2.2 Dense Optical Flow

In general, if we consider a sequence, there is the idea of motion. Displacements in the
physical world caused by the relative motion between an observer (e.g. eye or camera), and
the scene, are known as optical flow. The optical flow and the 2-D motion have the same

40



Video-Based Fall Detection

qualitative properties, and thus, the optical flow holds information about the 3-D motion
behavior of the object or the geometric structure of the world [66].

An Optical flow example is shown in Figure 11 and the Dense Optical flow of our method is
presented in Figure 12.

Optic flow Optic flow
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Figure 11: Optical flow example [67]

For example, assume that we have two frames, and a pixel I(x, y, t) that is in the first frame,
and assume that it moves by distance (dx, dy) in the following frame that is taken after dt
time. Since we are analyzing the same pixels through time, and the intensity does not change,
we can assume that:

[(x,y,t) = I(x +dx,y +dy,t + dt)

Optical flow can be used in motion estimation, robotics, and video compression. In robotics it
is used for object detection, motion detection, robot navigation, and even object tracking [67].

In our approach in order to achieve object tracking, we employed the OpenCV dense optical
flow function, calcOpticalFlowFarneback ().

This dense optical flow function computes the optical flow for all the points in a frame and
returns as output a 2-channel array with the optical flow vectors (u, v), where u is the
computed magnitude and v is the computed direction. For example:

prev(y,x)~ next(y + flow(y, x)[1], x + flow(y, x)[0])

This method is based on Gunnar Farneback’s algorithm, [68] which is a two-frame motion
estimation algorithm that uses quadratic polynomial expansion transform to both frames in
the first step, in order to approximate their neighborhood, and then a method to estimate the
displacement fields from the polynomial expansion coefficients is acquired.

For example, when we have two frames where we used polynomial expansion to both of
them, we had as output the expansion coefficients for each one of the frames; consider A;(X),
b1(x), and ci(x) as the coefficients of the first frame, and Ax(x), by(x), and cp(x) as the
coefficients of the second frame respectively.

Ideally, this should result in A; = Ay, but the following approximation is more realistic:

A () + A; (%)
2

A(x) =
and the following equation:

Ab(x) = = /5 (by(x) = by (1))
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Ab(x), where d(x) is the spatially varying

is considered as well, in order to obtain A(x)*d(x)

displacement field.

Because the results can be too noisy, the information over a neighborhood of every pixel is

integrated by minimizing the following:

z w(A)||A(x + Ax)d(x) — Ab(x + Ax) |2

Ax€el

where w(AX) is the weight function of the neighborhood points. Afterwards indexing is used

to make the expression more reliable and the minimum is given by:

(Z wAbT * Ab) — d(x)7T * ZWATAb
This equation practically means that the ATA, ATAb, and Ab"Ab were computed point wise

e(x)

and averaged with a w before they are solved for the displacement. The solution is unique

is when the observer watches the movement

and exists for the neighborhood, unless the entire neighborhood is exposed to the aperture

problem.
through a window or aperture and cannot know the exact direction of the motion or even the

The aperture problem, as shown in Figure 13,

speed, because the moving contours could have different directions or speed but the observer

realizes them as the same. [69]
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Figure 12: The dense optical flow as shown in our approach
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Figure 13: The aperture problem [70]

3.3.2.3 Magnitude & Angle

The magnitude and the angle features are the values describing the velocity vectors. In order
to be computed, the cartToPolar() function of OpenCV was used. This function converts the
Cartesian Coordinates into Polar Coordinates [71].

In general, the 2-D Cartesian coordinate system informs us of the height (i.e. how far up) and
the width (i.e. how far along) a point is. Whereas, the 2-D Polar coordinate system informs us
of the distance (i.e. how far away) a point is and the angle that it has [72]. Figure 14 shows

and indicative example of this.

Therefore, this method can inform us of the position, the acceleration and the velocity of a set
of points in time (e.g. the detected moving object).

Ya

oooooooooooooo

Rectangular Coordinates
y P (X:Y)

. Y =rsin®

Polar Coordinates

X =rcost X

>

Figure 14: The Cartesian and the Polar 2-D Coordinates [73]

3.3.2.4 Final Selected Features

From all the techniques mentioned above the final features were extracted and written in the
output yml files in order to be later classified. The following table presents an overview of the
selected features of each method used in our approach.
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Approach Feature 1 Feature 2 Feature 3
Aspect Ratio (of Magnitude (of the

Angle (of the velocity

Bounding Box) velocity vectors vectors computed by
computed by the the tracked moving
tracked moving object’s centroid)
object’s centroid)

Aspect Ratio (of Magnitude (of the Angle (of the velocity

Bounding Box) velocity vectors vectors computed by

computed by the Dense | the Dense Opt. Flow
Opt. Flow technique) | technique)

Table 4: Overview of the selected features in every method of our approach

In the Kalman filtering approach, as shown in Table 4, the features consist of the aspect ratio
of the bounding box, and the magnitude and the angle of the velocity vectors resulting from
the Kalman filtering of the moving object’s centroid (central moments of contours) tracking
and the cartToPolar function.

In the Optical Flow approach, the final features extracted are again the aspect ratio of the
bounding box, the magnitude and the angle, but this time of the velocity vectors produced by
the dense Optical Flow technique and the cartToPolar function.

3.4 Annotation

3.4.1 Supervised Frame Annotation

After the editing of the videos, as explained in chapter 3.2, a video frame annotation tool has
been used for the supervised annotation on the frames of each video. The input of the tool
was the video and the output was a yml file.

When the moving object, that is the person in our case, enters the room, a rectangle is placed
manually around the person as well as a label on each frame. When the person was standing
or walking, the label was “No Fall”, as shown in Figure 15.

When the person’s position turns from vertical to horizontal and touching the mattress, the
label was “Has Fallen”, as shown in Figure 16.

Frame: 64 S L ',
. ) B g

Object 1 Per§on~ . :

Figure 15: Frame Annotation example “No Fall”
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Frame: -
Object 1 : Pet:

Figure 16: Frame Annotation example “Has Fallen”

The supervised yml files include the number of the frames in each video, the object label, in
our case “Person”. They also include the object, the x and y position of the object and the
height and width of the rectangle around it, although these data have not been used in the
classification. Finally, the yml includes the attributes, “No Fall” and “Has Fallen”.

An example of an yml file is shown in Figure 17.

XYAML:1.0
total frames: 52
Object_labels:
= [ ““J ".) "J '! " ]
= [ g "", ""I "“l 2 ]
- [ "'l "") .‘"l "} s ]
- [ > » "J "": ') ~ ]
- [ ; 'l "I "I '} y ]
r owe . “ ww we 3
o [ Parson, %7 Ty o)
- [ Parson; 05 e e iy |
- [ Person, *"y "y %%, "% ]
Objects
- [ { x:0, y:0, w:0, h:0 }, { x:0, y:0, w:0, h:0 }, { x:0, y:0, w:0,
h:0 }, { x:0, y:0, w:0, h:0 }, { x:0, y:0, w:0, h:0 } ]
- [ { x:0, y:0, w:0, h:0 }, { x:0, y:0, w:0, h:0 }, { x:0, y:0, w:0,
i h:@ }, { x:0, y:0, w:0, h:0 }, { x:0, y:0, w:0, h:0 } ]
[ { x:229, y:280, w:229, h:80 }, { x:0, y:0, w:0, h:0 }, { x:0, y:0,
w:®, h:e }, { x:0, y:0, w:0, h:0 }, { x:0, y:0, w:8, h:0 } ]
- [ { x:229, y:280, w:229, h:80 }, { x:0, y:0, w:0, h:0 }, { x:0, y:0,
w:®, h:0 }, { x:0, y:0, w:0, h:0 }, { x:0, y:0, w:0, h:0 } ]
Attr1butes
e [ [ ""l = ]l [ » ""I “.‘J ]J [ ""I » » e ]l [ »
n"l "") e ], [ .'"’ "n} '.J ey ] ]
- [ '[' LA ”"J Ill.."]" '['."":""":‘ ”ll’ "o ]’ [ llﬂ’ “”’ " : ]‘ [ LA
‘[[ NOFall) ’- ]’[-n'nu’n,n]'[nn'n' » ])[
' R VN g I
4 A T NoFall. "“. ], [ e SRt RS FI PR S RRe TR RS F |
S ‘.I u“l "“) - ], [ ’ » ’ 25 ] ]
- [ [ HasFallen} ""l ""J i ]l [ “"l ""I ""l e ]) [ ""J ""l ""l i ]l
[ ""I "") "“‘ o ]l [ ""' “"I "") i ] ]
o [ [ HasFallcn) '.") "") FAE ]) [ "") ”“) “") i ]J [ ""J "") “"’ ol ])
[ e » " » b 2 il ] » [ ! » i » 5 » e ] ]

Figure 17: Yml example image
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3.4.2 Final Data

3.4.2.1 Attribute-Relation File Format (ARFF)

After the yml extraction as explained in 3.4.1 and 3.3.2.4 section, a program has been created
in C++ language in OpenCV. This program has as input the 2 yml files from the same video
and as output the ARFF file. The ARFF file has in the @relation field the name of the video
and whether the features used are from the Kalman or the Optical Flow method.

The @attributes field contains the frame number which is a numeric type, the file name
which is a string type, the Aspect ratio, the Magnitude and the Angle which all are numeric
types as well as the classes “Has Fallen” and “No Fall”. An example image of an ARFF file
is presented in Figure 18.

[relation cam2kal

@attribute FrameNo numeric
@attribute FileName string
@attribute AspectRatic numeric
@attribute Angle numeric

@attribute Magnitude numeric
@attribute class {HasFallen,MoFall}

[idata

1,cam2backFallch@lmod.avi,®.988188,283.521,1%,3923,7
2,cam2backFallch@lmad.avi,®.988188,186.842,15,.8737,7
3,cam2backFallch@lmad.avi,®.988188,32.28,16.1919,?
4,cam2backFallch@lmod.avi,5.3514,6.32456,18.4387, 7
5,cam2backFallch@lmod.avi,1.@9891,344,681,174.34,7
6,cam2backFallch@lmod.avi,®.972973,218.586,175.883,NoFall
7,cam2backFallch@lmod.avi,1,145.344,176.856,NoFall
8,cam2backFallch@lmod.avi,1.97143,99,1262,182,.891,NaFall
9,cam2backFallch@lmaod. avi,®.914634,61, 2944 ,185.617,MoFall
18,cam2backFallch@lmod.avi,®.91,42.2966,186.788,NoFall
11,cam2backFallch@lmad. avi,®.931373,26.6833,192.996,NoFall
12,cam2backFallch@lmod.avi,1.37179,15.2315,283. 283, ,NoFall
13,cam2backFallch@lmod.avi,1,8.86226,262.876,NoFall
14,cam2backFallch@lmod.avi,1.5842,13,.4164,296,567 ,NaoFall
15,cam2backFallch@lmod.avi,1.9899,17.8294,31@, 239, NaFall
16,cam2backFallch@lmod.avi,2.37179,21.9317,316.839,NoFall
17,cam2backFallch@lmod.avi,1.16216,23,7697,337. 747, ,NoFall
18,cam2backFallch@lmod.avi,1.1453,27.6586,347.47,NoFall
19,cam2backFallch@lmod. avi, 2. 886881,3@,.8832,338. 548, NoFall

39

Figure 18: ARFF example image

3.5 Classification Algorithms
The algorithms that were selected were the most frequently used from the state of the art, and

they are the following: J48 and Random Forest from the Decision Trees, Naive Bayes,
Logistic, MLP from Neural Networks, SGD and SMO from SVM and IBk from KNN.
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3.5.1 Decision Trees

Decision trees are a decision system that uses a tree-like graph decisions and their possible
after-effect. A Decision Tree, or a classification tree, is also used to learn a classification
function which concludes the value of a dependent attribute (variable) given the values of the
independent (input) attributes (variables) [74].

Decision trees are easy to interpret, they select attributes automatically and they are able to
handle numeric as well as nominal values so they are the most powerful approach in
knowledge discovery and data mining [75],[74].They are easy to understand by the end user
and they are able to process incorrect datasets or missing values. They also have high
performance with small number of efforts and they can implement data mining packages over
a variety of platforms [74].

3.5.1.1 348

J48 uses the C4.5 algorithm to generate a decision tree. This algorithm is an extension of 1D3
algorithm and creates a small tree. First, it checks whether all cases belong to the same class, then the
tree that is a leaf is labelled with that class. Then, for each attribute, it calculates the information and
the information gain. It finds the best splitting attribute (depending upon current selection
criterion). Then it calculates the information gain, and the Entropy that is used in this process
[74].

3.5.1.2 Random Forest

As mentioned in [76], the definition of the algorithm is: "A Random Forest is a classifier
consisting of a collection of tree structured classifiers {h (X, <K) , k=1, ...} where the {Ck}
are independent identically distributed random vectors and each tree casts a unit vote for the
most popular class at input x."

In general, after a large number of trees are generated, they vote for the most popular class.
The accuracy of a random forest depends on the strength of the individual tree classifiers and
the measure of the dependence between them. There are two ways of selecting a node of the
tree, one that uses random selection from the original inputs and the other uses random linear
combinations of inputs. Usually, selecting one or two features gives near optimum results
[76]. Generalization error is a function that measures how well a learning machine
generalizes the unseen data. It is measured as the distance between the error on the training
set and the test set and is averaged over the entire set of possible training data that can be
generated after each iteration of the learning process [77].

Some random forest algorithms reported in the literature have consistently lower
generalization error than others [76].

3.5.2 Naive Bayes

Naive Bayes is one of the simplest density estimation methods from which we can form one
of the standard classification techniques in machine learning. Naive Bayes is a simple
technique for constructing classifiers: models that assign class labels to problem instances,
represented as vectors of feature values, where the class labels are drawn from some finite
set. Naive Bayes is very easy to program, is fast to train and to use as a classifier and is very
easy to deal with missing attributes [78].

All Naive Bayes classifiers assume that the value of a particular feature is independent of the
value of any other feature, given the class variable [79]. A Naive Bayes classifier assumes
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that the presence (or absence) of a particular feature of a class is unrelated to the presence (or
absence) of any other feature [80].

3.5.3 Logistic Regression

Logistic Regression is one of the most commonly used tools for applied statistics and discrete
data analysis [81]. It estimates the probability of an event occurring. What we want to predict
from a knowledge of relevant independent variables is not a precise numerical value of a
dependent variable, but rather the probability (p) that it is 1 (event occurring) rather than 0
(event not occurring) [82].

Two models of logistic regression are appropriate for inclusion in our work, namely
binomial/binary logistic regression and multinomial logistic regression. When the dependent
variable is dichotomous and the independent variables are either continuous or categorical
variables, binary logistic regression is used. Logistic regression is best used when there are
two classes. When the dependent variable is composed of more than two classes, a
multinomial logistic regression can be used [83].

3.5.4 Neural Networks

Artificial Neural Networks (ANN) and neurocomputers are models inspired by brain
functions and are defined as mathematical models of mind and brain activity. The objective is
to understand by these models how the brain learns and how a person has reasoning and how
such “computations” are arranged and carried out in the brain.

Neural Networks are being developed as a technological discipline that can automatically
develop operational capabilities to adaptively respond to an information environment [84].

3.5.4.1 Multilayer Perceptron

The Multilayer Perceptron is the earliest of the Neural Network paradigms. A Perceptron of
the simplest form is used for linear classification problems only. So for more complicated
problems, perceptrons with one or multiple hidden layers in between input and output of the
system are used. The reasons that enable a Multilayer Perceptron to learn complex tasks by
extracting more meaningful features from the input patterns are three distinct characteristics.
They are one or more layers of hidden neurons used that are not part of the input or output of
the network. A smooth nonlinearity employed at the output end of each neuron and that there
is a high connectivity in the network [84].

3.5.5 Support Vector Machines

The general idea of the Support Vector Machine is to linearly separate feature spaces. The
idea is to detect the pair of parallel hyper planes that lead to the maximum separation between
two classes of feature in order to minimize the errors. The pair of parallel hyper planes that
have specific sets of feature points are called “support vectors”. The number of the vectors is
one number more than the number of the dimensions. For example, if the dimensions are two
the support vectors needed are three.

One of the advantages of the SVM is the use of the smallest possible number of defining
example patterns (the support vectors). The disadvantage is that the basic method only works
when the dataset is linearly separable. So in order to overcome this problem, it is possible to
change the training and test data to a feature space of higher dimension where the data does
become linearly separable [85].
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3.5.5.1SGD

The Stochastic Gradient Decent (SGD) algorithm implements stochastic gradient decent for
learning various linear models (binary class SVM, binary class logistic and linear
regression).It globally replaces all missing values and transforms nominal attributes into
binary ones. It also normalizes all attributes, so the coefficients in the output are based on the
normalized data. This implementation can be trained incrementally on (potentially) infinite
data streams [86].

3.5.5.2 SMO

Support Vector Machine (linear, polynomial and RBF kernel) with Sequential Minimal
Optimization Algorithm. SMO implements a sequential minimal optimization algorithm for
training a Support Vector classifier. This implementation globally replaces all missing values
and transforms nominal attributes into binary ones. It also normalizes all attributes by default.
Multi-class problems are solved using pair wise classification [86].

3.5.6 k-Nearest Neighbour classifiers

The nearest neighbour algorithm is comparing an input image pattern against a number of
paradigms and classifies it according to the class of the one with the closest match. The
Nearest Neighbour algorithm has two disadvantages. The first one is that when the different
patterns are close to each other there is difficulty in distinguishing them. The second one is
that minor translations, rotations or noise prevent the algorithm to recognize the patterns. For
that reason all the possible patterns of each class are needed [85].

3.5.6.1 1Bk

IBk is a K-nearest neighbor classifier. It can select an appropriate value of k, based on cross-
validation and it can also compute distance weighting. It is an Instance-Based learner with
fixed neighbourhood; K sets the number of neighbours to use [86].

3.6 Evaluation

For the evaluation of our system we use two scenarios: a) 10-Fold Cross Validation and b) a
train and test dataset separation scenario.

3.6.1 10-Fold Cross Validation scenario

In 10-Fold Cross Validation the samples are randomly divided into 10 subsets. Each time one
subset is used for testing and the other nine are used for training of the algorithm.

This method is used for each classification algorithm mentioned in 3.3.4 on cameras 2, 4, 5, 7
individually and on the total of them, with the features Aspect Ratio, Magnitude and Angle
from the Kalman filter. The same procedure is done for the features Aspect Ratio, Magnitude
and Angle from the Optical Flow vectors.

3.6.2 Percentage split scenario

The dataset was split into “training set” and “test set” for a more realistic evaluation. The
system is trained with the “training set” and in the “test set” it tries to find if the class is “No
Fall” or “Has Fallen”. The video sequences (clips) for the train and the test set were divided
in a way that in each set, train and test, includes all types of falls; side, front and back ones.
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The 66.6% Train — 33.3% Test split provides a more realistic evaluation approach, since the
test set video sequences are completely unknown to the classifier.

3.6.2.1 Scenario 1: 33.3% Train- 66.6% Test

The “test set” consists of:
e cam2sideFallch02
e cam2frontFallch03
e camZ2backFallch0l
Plus the same video sequences from camera 4, camera 5 and camera 7. In Total 12 files.
The “training set” consists of:
e cam2sideFallchl2
e cam2sideFallchll
e cam2sideFallch8
e cam2frontFallch05
e cam2doubleFallch04
e camZ2backFallch06
Plus the same video sequences from camera 4, camera 5 and camera 7. In Total 24 files.

3.6.2.2 Scenario 2: 66.6% Train- 33.3%Test

The “training set” consists of:

e cam2sideFallch02
e cam2frontFallch03
e camZ2backFallch0l
as well as the same video sequences from camera 4, camera 5 and camera 7. In Total 12 files.

The “test set” consists of:

e cam2sideFallch12

e cam2sideFallchll

e cam2sideFallch8

e cam2frontFallch05

e cam2doubleFallch04
e cam2backFallch06

As well as the same video sequences from camera 4, camera 5 and camera 7. In Total 24
files.
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4. Results

4.1 Evaluation measures

The evaluation is measured with the help of counting True Positives (TP), False Positives
(FP), True Negatives (TN), and False Negatives (FN). A TP is when a fall occurs and the
system correctly detects it; a FP is when the system recognizes a fall when no fall occurs; a
TN is when a fall does not occur and the system correctly does not detect it; a FN is when a
fall occurs but the system does not detect it.

Precision is a percentage of frames labelled as “Has Fallen” that belong indeed in that class.
Although, it does not take into account the number of frames incorrectly labelled as “Has
Fallen”.

TP

P . . -
recision TP + FP

Recall (or Sensitivity) is the percentage of frames from the “Has Fallen” class that have been
labelled as frames that actually belong in that class. Although, it does not hold any
information about the number of items that were incorrectly labelled belonging in the “Has
Fallen” class.

TP
TP + FN

In general, as shown in chapter 4.2, when the precision value is high the recall value is low
and vice versa.

Recall =

F-measure is a combined metric of recall and precision so it effectively references the True
Positives to the Arithmetic Mean of Predicted Positives and Real Positives, being a
constructed rate normalized to an idealized value.

2 * Precision * Recall

Fmeasure = —
Precision + Recall

According to David M W Powers [87] the application of Recall, Precision and F-Measure are
argued to be flawed as they ignore the True Negatives. This system focuses in positive
example and predictions so these values are taken under consideration.

Specificity relates to the system’s ability to identify negative results.
oo TN
Specificity = TN+ FP
Accuracy describes the efficiency of the system.
TP + TN

TP + TN + FP + FN

Accuracy =

Finally, the Error Rate describes the deficiency of the system.

FP + FN

Error Rate =
rrorRate = Tp ¥ TN + FP + FN
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4.2 Results

For the efficiency of the algorithms this project took under consideration the F-Measure
percentage because it represents the mean value of the classification of the algorithm. The
Precision value is also important because it is the percentage of the correctly predicted falls
among all the detected falls, whereas the Recall value shows how many of the correctly
detected falls (TP) were found but does not take under consideration the False Positives, thus
making it unreliable.

a) 10-Fold Cross Validation

In the following tables (Table 5 and 6 respectively), the classification results with cross
validation from the features Aspect Ratio, Magnitude and Angle that were computed with the
help of the Kalman Filter, are presented. As it is shown, the efficiency of the algorithms is
tested on each camera separately and then on all the cameras together in the column “Total”.
The Random Forest algorithm has the best results in general and the SMO algorithm has the
worst.

KALMAN cameras & total Aspect Ratio-Magnitude-Angle

Classification Total cam?2
Algorithms Precision Recall F-Measure Precision Recall F-Measure

0,78 0,76 0,76

0,75 0,75

Table 5: Overview of the camera 2 results and of the total for the Kalman Aspect Ratio, Magnitude and
Angle approach

KALMAN cameras & total Aspect Ratio-Magnitude-Angle

Classification camé camb cam?
Algorithms Precision Recall F-Measure @ Precision Recall F-Measure | Precision Recall F-Measure
0,85 0,78 0,81 0,76 0,81 0,78

0,7 0,74
0,76 0,66

0,8
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Table 6: Overview of cameras 4, 5 and 6 results for the Kalman Aspect Ratio, Magnitude and Angle

approach

In more detail, the best and worst results presented in Tables 5 and 6 are:

Total:

Best algorithm is Random Forest with Precision 0.77, Recall 0.8 and F-Measure 0.79
Worst algorithm is SMO with Precision 0, Recall 0 and F-Measure 0.

Cam2:

Best algorithms are Random Forest with Precision 0.83, Recall 0.85 and F-Measure
0.84 and also J48 with Precision 0.85, Recall 0.79 and F-Measure 0.81 because the
precision value is higher.

Worst algorithm is SMO with Precision 0.73, Recall 0.77 and F-Measure 0.75

Cam4.

Best algorithms are 1Bk with Precision 0.86, Recall 0.88 and F-Measure 0.87 and also
Random Forest with Precision 0.84, Recall 0.86 and F-Measure 0.85.

Worst algorithm is Naive Bayes with Precision 0.7, Recall 0.87 and F-Measure 0.78.
Camb:

Best algorithm is Random Forest with Precision 0.8, Recall 0.83 and F-Measure 0.82

Worst algorithms are SMO and SGD with Precision 0, Recall 0 and F-Measure 0 in
both of them.

Cam’7:

Best algorithms are Random Forest with Precision 0.86, Recall 0.86 and F-Measure
0.86 and also J48 with Precision 0.88, Recall 0.73 and F-Measure 0.80 because the
precision percentage is higher.

Worst algorithms are SMO with Precision 0.77, Recall 0.63 and F-Measure 0.69 and
also MLLP with Precision 0.75, Recall 0.71 and F-Measure 0.72.

In the following Tables 7 and 8 the classification results with cross validation from the
features Aspect Ratio, Magnitude and Angle that were computed with the help of the Optical
Flow method, are presented. The J48, Random Forest and MLP algorithms have the best
results in general and MLP algorithm has also the worst results in camera 5.

OPTICAL FLOW cameras & total Aspect Ratio-Magnitude-Angle

Classification Total cam2
Algorithms Precision Recall F-Measure Precision Recall F-Measure

0,79 0,82
0,79 0,75

Table 7: Overview of camera 2 results and of the total for the Optical Flow’s Aspect Ratio,
Magnitude and Angle approach
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OPTICAL FLOW cameras & total Aspect Ratio-Magnitude-Angle

Classification @ cam4 camb cam?

Algorithms Precision Recall F-Measure @ Precision Recall F-Measure Precision Recall F-Measure
0,82 0,87 0,84 0,85 0,65 0,73

072 0,73

07 083 0,76
071 0,82 0,76
074 0,75 0,74

Table 8: Overview of cameras 4, 5 and 6 results for the Optical Flow’s Aspect Ratio, Magnitude and
Angle approach

0,82 0,88 0,85
0,82 0,82 0,82

In more detail, the best and worst results, as shown in the tables above, are:

e Total:
Best algorithms are MLP with Precision 0.8, Recall 0.8 and F-Measure 0.8 and also
J48 with Precision 0.85, Recall 0.72 and F-Measure 0.78.
Worst algorithm is IBk with Precision 0.76, Recall 0.75 and F-Measure 0.75

e Cam2:
Best algorithms are Random Forest with Precision 0.85, Recall 0.85 and F-Measure
0.85 and also J48 with Precision 0.89, Recall 0.79 and F-Measure 0.83 because it has
better precision..
Worst algorithm is SMO with Precision 0.77, Recall 0.79 and F-Measure 0.79.

e Cam4:
Best algorithms are both MLP and SGD with Precision 0.83, Recall 0.87 and F-
Measure 0.85.
Worst algorithm is Naive Bayes with Precision 0.71, Recall 0.93 and F-Measure 0.80.

e Camb:
Best algorithm is Random Forest with Precision 0.76, Recall 0.78 and F-Measure
0.76.
Worst algorithm is Logistic with Precision 0.69, Recall 0.76 and F-Measure 0.72.

e Camf7:
Best algorithm is 1Bk with Precision 0.87, Recall 0.87 and F-Measure 0.87.
Worst algorithm is MLP with Precision 0.81, Recall 0.79 and F-Measure 0.79.

Comparing the results obtained using the Kalman Filtering and the results when employing
the Optical Flow method, using the 10-fold cross validation scenario, we observe that both
approaches show approximately the same F-Measure percentages which are 0.79 for the
Random Forest algorithm (Table 5, Kalman filter) and 0.80 for the MLP (Table 7 Optical
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Flow) algorithm in the “Total” column respectively. Although the Random Forest, Logistic
and SGD algorithms show the same F-measure (0.8), they exhibit a slightly greater imbalance
between Precision and Recall. Another observation is that Camera 7 shows better results in
both approaches.

The following figures (Fig.19, Fig.20, and Fig.21) present graphically the results of the
comparison of the Kalman method’s Precision, Recall and F-Measure of the total results to
the Optical Flow method’s Precision, Recall and F-Measure in this scenario.

10-fold cross validation
precision

0,9
0,8 T
0,7
0,6
0,5
0,4 [] W Total Precision Kalman
0,3

0,2
01 — O Total Precision Optical

0 an e Fin Say San Sy Flow

Figure 19: The comparison between the Precision of the Kalman and the Optical Flow methods in
the 10-Fold Cross Validation scenario

10-fold cross validation
recall

M Total Recall Kalman

(elelejojeleleleX=)
ORNWhUIOINOLO

— @ Total Recall Optical Flow

Figure 20: The comparison between the Recall of the Kalman and the Optical Flow methods in the
10-Fold Cross Validation scenario
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10-fold cross validation
f-measure

i

Figure 21: The comparison between the F-Measure of the Kalman and the Optical Flow methods in
the 10-Fold Cross Validation scenario

W Total F-Measure Kalman

NTTTTTT

[0 Total F-Measure Optical
Flow

b) Percentage split scenario

KALMAN 33% train 66%test
Aspect Ratio-Magnitude-Angle
Classification
Algorithms Precision Recall F-Measure

0,614 0,804 0,696
0,486 0,729 0,583
0,639 0,766 0,696

0,647 0,776 0,705

0,592 0,751
Table 9: Overview of the Kalman results of the 33.3% train and 66.6%o test scenario

In the above table (Table 9), the “33.3% Train”-“66.6% Test” method with the features
extracted with the help of the Kalman filter is presented and the following results were
observed:

Best algorithms are both J48 with Precision 0.641, Recall 0.802 and F-Measure 0.713 and
also MLP with Precision 0.672, Recall 0.754 and F-Measure 0.710.

Worst algorithm is SMO with Precision 0, Recall 0 and F-Measure 0

In Table 10 the “66.6% Train”-“33.3% Test” method of the features extracted with the use of
the Kalman filter is shown.
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KALMAN 66% train 33%test
Aspect Ratio-Magnitude-Angle
Classification
Algorithms Precision Recall F-Measure
0,673
0,822 0,641

0,645
0,958 0,53

0,889 0,645 0,748

Table 10: Overview of the Kalman results of the 66.6% train and 33.3%b test scenario

The results presented are:

Best algorithms are both SGD with Precision 0.869, Recall 0.843 and F-Measure 0.856 and
also Naive Bayes with Precision 0.778, Recall 0.903 and F-Measure 0.836.

It is also noticeable that the Precision in some algorithms is very high although the Recall and
consequently the F-Measure are very low. For example in Logistic algorithm the precision is
0.972. This happens because the training set has enough values for the classification process.

Worst algorithm is IBk with Precision 0.773, Recall 0.627 and F-Measure 0.692.

In Table 11 the “33.3% Train”-“66.6% Test” method with the features extracted with the
Optical Flow method is presented.

OPTICAL FLOW 33% train 66%test
Aspect Ratio-Magnitude-Angle

Table 11: Overview of the Optical Flow results of the 33.3% train and 66.6% test scenario

The results shown are:

Best algorithm is SGD with Precision 0.707, Recall 0.836 and F-Measure 0.766. It is also
noticeable that the Precision in general is very low and the Recall is high due to the lack of
enough values in the training set.

Worst algorithm is Naive Bayes with Precision 0.605, Recall 0.852 and F-Measure 0.708.
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In Table 12 the “66.6% Train”-“33.3% Test” method with the features extracted with the
Optical Flow method is shown.

OPTICAL FLOW 66% train 33%test
Aspect Ratio-Magnitude-Angle

0,909 0,555

0,882 0,795
0,914 0,733

0,907 0,811

0,809 0,636

Table 12: Overview of the Optical Flow results of the 66.6% train and 33.3% test scenario

The results are:

Best algorithms are MLP with Precision 0.898, Recall 0.832 and F-Measure 0.864 and also
SMO with Precision 0.916, Recall 0.802 and F-Measure 0.855.

Worst algorithm is Random Forest with Precision 0.550, Recall 0.668 and F-Measure 0.750.

In conclusion, as it is shown from the tables above, the 66.6% train and 33.3% test technique
of the Optical Flow approach has the best results out of all the other approaches. Therefore,
we consider these values as the most important out of all the other values because as we
explained in 3.6.2 chapter this method is more realistic.

The following figures (Fig.22, Fig.23, Fig.24) show an in depth comparison of the Kalman
method Precision, Recall and F-Measure of the total results to the Optical Flow method
Precision, Recall and F-Measure in the 33% train and 66% test case, whereas figures 25, 26
and 27 present the same comparison for the 66% train and 33% test case of this scenario
respectively.
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Figure 22: The comparison between the Precision of the Kalman and the Optical Flow methods in the
percentage split scenario and the 33% train and 66%o test case.
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Figure 23: The comparison between the Recall of the Kalman and the Optical Flow methods in the 33%

train and 66% test case.
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Figure 24: The comparison between the F-Measure of the Kalman and the Optical Flow methods in the

33% train and 66%0o test case.
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Figure 25: The comparison between the Precision of the Kalman and the Optical Flow methods in the

percentage split scenario and the 66% train and 33% test case.
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Figure 26: The comparison between the Recall of the Kalman and the Optical Flow methods in the 66%

train and 33% test case.
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Figure 27: The comparison between the F-Measure of the Kalman and the Optical Flow methods in the

66%0 train and 33%o test case.
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5. Conclusions

The work described in this thesis has been concerned with the development of a Video-Based
Fall Detection System.

The video dataset that was used in this thesis was incorporated with some difficulties. These
were the high video compression (MPEG-4) that introduce artifacts in the image; the
shadows and reflections that could be detected as moving objects during the
background/foreground subtraction method, as well as the cluttered and textured background,
the varying illumination that must be taken into account during the process of updating the
background; and lastly the different clothes with different color and texture, as well as putting
on and off a coat [50].

Taking into consideration the technical difficulties mentioned above two different approaches
were applied with the purpose of accumulating experimental evidence regarding the
appropriateness of each method to support our ultimate objective, i.e. the design of a reliable
video-based fall detection system.

The first approach employs the Mixture of Gaussians technique for the
Background/Foreground subtraction, then the use of a Kalman filter for the tracking of a
moving object and finally includes a Data Annotation and Classification (Fall Detection)
stage applied to video Recordings from the video dataset that shows simulations of falls.

In the second approach, the video reading, the Background/Foreground subtraction, as well as
the Data Annotation and the Classification (Fall Detection) remain the same, but the tracking
of a moving object is done by using the Dense Optical Flow technique rather than Kalman
filtering.

The Classification (Fall Detection) task, in both approaches, is computed with two different
scenarios. The first scenario is the 10-fold Cross Validation and the second one is the
percentage split, which consists of two different cases. The separation of the dataset is done
as follows: 66% of the data is used for forming the training set and 33% of the dataset
available is used for testing for the first case, and for the second case the separation of the
dataset is 33% for training and 66% for testing.

In all the above scenarios and cases eight different algorithms were used. These algorithms
are the J48, the Random Forest, the Naive Bayes, the Logistic, the MLP, the SGD, the SMO
and the 1BK.

The worst results were obtained by the 10-Fold Cross Validation scenario with the Kalman
filter used for the tracking of a moving object and the SMO algorithm who showed 0 values
for the Precision, Recall and F-Measure respectively. The best results were obtained when
using the 66.6% of the available data for training and 33.3% for testing and the Optical Flow
approach for tracking. In this later case the MLP and the SMO algorithms delivered the best
results out of all the other algorithms. The MLP algorithm had a Precision of 0.898, Recall
equal to 0.832 and F-Measure equal to 0.864, whereas the SMO algorithm had Precision
equal to 0.916, Recall equal to 0.802 and F-Measure equal to 0.855.

As mentioned above, some of the results were far from satisfactory while others were more
robust. This may be due to the quality of the extracted features using both the previously
mentioned techniques, where the velocity vectors of the center of mass that were obtained
from the Kalman filter approach were less reliable (weak features) than the velocity vectors
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that were obtained by the dense optical flow approach (strong features). Also, the aspect ratio
feature in both methods had better results for the two selected cameras that were mounted on
the center of the walls of the room than the other two selected cameras that were mounted on
the corners of the room. This is a result, in our view, of the fact that the height/width ratio
was greater and therefore had better variation whenever the moving object was walking and
then falling perpendicularly from the selected camera.

Also, another known problem was the fact that a relatively low number of falls exist in the
dataset. There were only nine simulations of a specific fall (person walking and then falling),
so the features extracted and the results that were computed have a low power for
generalization.

Nevertheless, taking into consideration these problems of the dataset available, we feel that a
robust method for the automated detection of human falls based on the analysis of video data
has been constructed. In this process we have experimented with numerous different
algorithmic approaches for the different steps of the computational pipeline and performed
comparative assessment of their performance. The application of this computational pipeline
to a high quality video dataset including human falls, we are sure will produce much better
results, to the degree that would enable the realization of such systems for practical use.
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6. Future Work

Although the results presented in previous chapters, have shown the effectiveness of our fall
classification and detection approach, the system could be further developed in a number of
ways. These are described below:

Extending the algorithm to work by combining the multiple cameras outputs for each
frame

As mentioned in previous chapters, in our approach we use four different cameras that are
mounted on four different places on the walls (as obtained by the public dataset used [50]),
and we examine every camera separately and compute the features that feed the classifiers.

It is mentioned by the authors of [24], who employ the same public dataset, that the results
computed by the combination of the cameras outputs have far more realistic information
about the object’s true position in the scene, thus being more useful, should an occlusion or a
fall occur.

Working in the 3D space for Motion Tracking

Also, in [24], as well as in other papers we cited, the tracking is computed in the 3D space,
rather than the 2D, and the results presented are more realistic than all the other approaches,
because the information that is obtained in the 3D space is more accurate than the one
obtained from the 2D; this method is computationally more expensive for that reason.

It also requires the cameras to be calibrated.

Utilization of videos that include, apart from falls, several everyday living activities, as
well as occlusions for the design of a more complete fall detection system.

In our system we used only videos of falls (side falls, front falls, back falls) and another way
of improving the system could be the use of all the videos in the public dataset, which include
falls with occlusions and everyday living activities (e.g. sitting on couch, cleaning, etc).

There is clearly much work to be done in the area of Video-based Fall Detection and
Classification. Perhaps the most direct extension of this work is by using a supervised
training of the dataset to express the properties of all the situations included in it, thus helping
the system to classify more effectively every new video entry presenting some sort of fall.
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