How to detect human fall in video? An overview
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Abstract— Every year, thousands of elderly people are victim II. FALL DETECTION SYSTEMS
of a fall incident. Sometimes with severe consequences sueb
hip fractures or even death but, in many cases, the main prolgim In this section we will discuss the existing fall detection

is that an injured elderly may be laying on the ground for systems and the advantages of a video-based system.

several hours or even days after a fall incident has occurredThis . .
makes it important to have a fall detection system. Commerei First of all, we have the wearable sensor based devices such

types of fall detection systems are mostly based on wearable@S the Zenio system of vitaltronics. Most of those systems
sensors, which the elderly may forget to wear. Although we make use of accelerometers [4][5], which detect abnormal
will give a short presentation of these sensor-based devige accelerations and trigger an alarm. An example is the system
this paper focusses on the existing approaches to detect allfa proposed by Zhang et al. which uses an non-negative matrix

in video. Therefore we have to deal with the different types o .
of background subtraction. After having studied the practical factorization method for feature extraction. These systane

approaches for background subtraction, we went further to he ~Quite accurate in detecting falls, but elderly people magéo
next step in the algorithm, namely fall detection itself. Beide wearing the device or to recharge the batteries needed for

these specific techniques, we also give an overview in diffites the power supply. It is clear that if the person forgets the
while implementing a fall detection algorithm. In our conclusion  sensor, or is reluctant to wear it, no fall can be detected.

we will see that all systems studied in this paper have theirwen . . S .
advantages and disadvantages. To become a good video-base’c%nother important disadvantage of this kind of system is

fall detection system, a combination of different techniqes will comfort. It can be very compact, but even th'en, t.he elderly
be needed. may feel uncomfortable wearing the device which discowsage

the elderly to use it.
I. INTRODUCTION Another sensor based fall detection is described in [3]. The
system described here makes use of MEMS (Micro Electro-
Falling of elderly people is a major health issue. Everylechanical System) gyroscope sensors to detect a falléntid
year, thousands of elderly people are victim of a fall innide based on angular rate. Also a high speed camera set-up was
Chan et al. say that approximately one third of the hompresent and synchronised with the MEMS sensor device to
living adults aged 75 or more even fall each year [1]. Thignalyse the falls, but not to detect the falls.
makes falling one of the five most common causes of deathThe systems presented above are automatic alarm generation
amongst the elderly population [2]. Falling is also the mosgpes. Simple manual systems exist as well, though we should
important cause of hip fractures in the aged population andt call them ’‘fall detection’ systems. These devices are
has a very high psychological impact on the victims, even diperated by the elderly people themselves and do not really
there isn’t any injury. To reduce the fear of laying down odetect a fall. The person wearing it can simply push a button
the cold floor for several hours or even days, and to overcome the device to request assistance. This may be a first step
serious injuries related to this (e.g. hypothermia), thednef to avoid an elderly lying on the ground for several hours but
a fall detection and alarm system is obvious. In this paper, wWloesn’t cope with situations where the victim is unconssiou
will describe some fall detection principles based on videar when the victim isn't able to push the alarm button for any
processing, focussing on systems that can be used in feal-dither reason.
situations. As suggested, wearable devices aren't the best offer for
The organisation of this paper is as follows. Section Il willall detection because the risk is too high that the elderly
give an overview of existing non-video fall detection syste person just forgets to wear it or feels uncomfortable with
and the advantages of a camera system. Section Il wile system. This is the main reason why we should search
discuss the difficulties in implementing a video fall deimat further for an optimal, accurate and comfortable fall iritl
algorithm. Section IV will handle background subtractiorda detection system without the need of physical contact with
moving object detection while in section V we see how tthe elderly. From this point of view, a camera-based system
detect a fall. A conclusion is formulated in section VI. could bring the ultimate solution. The main disadvantages o



the wearable sensor-based devices are bypassed in a systemPeople that should be tracked may change their shape
consisting of a few cameras. There is no need for electronic (e.g. bending) . Partially- ,or even fully occluding by athe
sensors, attached to the elderly person, to get the negessar people or objects [9] can occur.
information and to monitor his activities. We do not worklwvit  While designing a camera-based fall detection system, we
electrical signals from sensors to detect a fall, insteadwlle do not only cope with difficulties in the algorithm, let's
use advanced computer-based image processing algorthmgdl them ’software considerations’. Another major topic i
detect suspicious (in)activity or fall incidents. In figute @ what we would call 'hardware considerations’ which will be
typical basic camera-based fall detection set-up is luetl. discussed in the following paragraph.

As can be seen in figure 1, the first step in the algorithm ) )
consists of background subtraction to determine the movifly Hardware considerations
objects (people). When the person is detected, we can extrac In a research setting, a perfectly working algorithm can

features of it to detect a fall in the fall detection stageteAfa be developed in quasi lab circumstances with a lot of
fall has occurred and is detected, the need for alarm geoerat processing power at your disposition. On the other side,
is obvious and will be done in the alarm generation step. when the system has to be made commercial, a real-

In the next section we will define the difficulties and prob-  time system is needed and due to cost reductions, a high

lems that can arise in developing a fall detection algorithm amount of processing power may be impossible.
- Another cost-related issue is the type of camera used

[1l. DIFFICULTIES IN IMPLEMENTING A CAMERA SYSTEM in the video capturing system. If the algorithm can
work with a relative low quality video input, the use
of cheap webcam-like cameras may be appropriate. If
higher quality video input is necessary, more expensive
cameras should be used and consequently the overall cost
of the system will increase. Other camera systems like
omnidirectional ones, used in [10], or infra-red cameras
may do a good job as well, but as stated before, the
overall system cost will increase and may become too
expensive for the elderly or the home care organisation.
Not only the legal aspect of privacy is paramount, also the
feeling of privacy is very important. We should not forget
that we put cameras in people’s personal environment.
The elderly can feel uncomfortable about this, especially

As we have seen in the previous section, the disadvantages
that are present with wearable devices are consideralie bu
camera system has its difficulties as well.

First of all, we have the privacy concerns of a camera system
[6]. The elderly should be fully aware of the fact that he is
filmed - although no-one will look at the video - and it is very
important to have permission to install camera’s in theimeo
The elderly should be well informed that the video data isn’t
viewed by other persons but is only processed on a computer
and, except if necessary during the test period, the data wil
not be recorded or used for any purpose. Especially because
the person may be filmed in private situations, such as the

bathroom, which is unfortunately a high fall-risk locatioks when the cameras are obviously present. Therefore, cam-
illustrated in fig. 1, there may be the possibility of sendarg eras should be placed as discrete as possible and even
alarm message to a remote appliance such as a cell phone hidden in an aesthetical ornament

or PDA, possibly including an image of the fallen person _ zyhough algorithms that can handle occlusions are de-
although with respect to the privacy concerns, it will be  goineq 111.12], it's better to avoid them. This makes
necessary to process the original image to a binary image ho system easier and more accurate. It is probably not
before sending. Beside these privacy issues, there areaseve  ,qqjple to avoid all occlusions in a real environment but
technical challenges we have to deal with while implementin -\ v .o ara positions are well-considered, most of them
a video based fall detection algorithm. We will give a brief can be avoided

summary of these aspects [7] in the next paragraph. . .
y P 71 paragrap If these requirements are considered, we can go to the

real work in the next chapter which will handle background

A. Difficulties while developing an algorithm . . : .
pIng g subtraction and moving object detection.

- Multi-source artificial lighting whether or not in combi-
nation with natural light sources may affect the moving V- BACKGROUND SUBTRACTION AND MOVING OBJECT
object detection algorithm. Different light situations yna DETECTION
cause large, different shadows to appear in the imageAs the title of this chapter already suggests, this sectitin w
and thus makes the use of a shadow detection systgive an overview of used background subtraction algorithms
indispensable [8]. Beside this, colour changes can ocdarcombination with moving object detection. In fact, most
with changing light conditions. of the background subtraction algorithms can only detect
- Houses may contain a lot of objects and pieces of furnioving objects, as non-moving objects will disappear in the
ture that can be moved. As a background subtractionbackground model.
used most of the time, it is important that the background We see in fig. 1 that background subtraction will follow
image will be updated fast enough so that the changesdinectly after the video capturing stage. The aim of thigpste
the background will disappear as fast as possible in tigeto extract the person from the video input by subtracting a
background reference image. background estimation model from the original video input s
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Fig. 1. Camera-based fall detection system

that we can calculate features of this person in the follgwirthe background model from the actual image and use some
step, fall detection. thresholding [17].

Before we can subtract the estimated background from the Iy — Li—q]| > T, ()
current frame, we have to generate this background image in ] ) ) ] ]
the background modelling stage. We can say that this is tH8€réZ: is the intensity of frame and7" is a fixed threshold.
most important stage in the entire background subtraction a The technique is very se_nsmve to the threshold value which
gorithm. A lot of research in this domain has been estaldishi® the only factor that can influence the result.
which has led to different new algorithms such as those in This type of modelling does not give the most precise
[13,14] where they do not use 'simple’ straightforward bacKesult and is very sensitive to noise but can be usable for
ground subtraction methods. Chen et al. for example make §§gne situations. An important disadvantage while tracking
of a knowledge-based adaptive background update algaritf?gOP!€ is that when someone is not moving for a very short
Because of the high number of variations in algorithms afne (one frame period), the person will become part of the
the fact that a lot of these new methods are only realisti@ckground. Main advantages are the small computational
in labs where you have a lot of processing power to yOLIgad, little memory space needed and its high adaptivitys Th
disposition [15], we will limit us in this chapter by giving ameans that the. background model will be updated very fast
short description of the most practically-used techniques &fter a change in the background.

We can split background modelling roughly in two main 2) Median filtering: Median filtering Another effective
categories, namely recursive and non-recursive techsiqu@ackground subtraction approach is the use of median figeri
We will first discuss the non recursive techniques and thé®l- The estimated background value of each pixel in the

continue with the recursive methods. background model is calculated as the median of that pixel
_ _ in all frames in the buffer.
A. Non-recursive techniques This method can achieve quite good results while not

Non-recursive methods use some sort of a sliding windaveeding too much computational power. Disadvantage is the
function. It will keep a number (N) of frames in a buffer andnemory requirement\( xframesize) [17].
depending on the frames in the buffer calculates an estima3) Linear predictive filter: The current background model
tion for the background model. These techniques are highdgtimate is computed by applying a linear predictive filtar o
adaptive as the model is only determined by the previoustNe pixels of the frames in the buffer. The filter coefficiezits
frames and is not affected by frames before these bufferestimated depending on the sample covariances at each frame
frames. On the other hand, these buffer function will regair time [16].
significant amount of memory, especially when a large buffer This is one of the techniques that are not usable in real-time
is used [16]. systems because of the difficult calculations.

1) Frame differencing: Frame differencing is the most . .
simple background model one can think of. Just take tht Recursive techniques
frame at time t - 1 as background model. This means thatThe difference between recursive and non-recursive tech-
the background is simply modelled as the previous frameiques is that the recursive types do not use a buffer with
To get the foreground (moving object), we should subtraptevious frames. Instead they update their backgroundemag



recursively. The advantage is that there should only be obackground pixel. Kalman filtering is known for the disadvan
frame stored and this image will be updated everytime a neéage of leaving long trails behind a moving object.

frame is received. On the other hand, when a faultis intreduc  4) Mixture of Gaussians:Last but not least, the mixture
in the background image, it will take much longer to disappeaf Gaussians background modelling method. Where Kalman
This means that a recursive technique is less adaptive as fittering only tracks one Gaussian, mixture of Gaussianskga
non-recursive methods. usually 3 to 5 Gaussian distributions simultaneously [16].

1) Running averageA very simple and fast backgroundis a highly popular technique for background modelling lsut i
modelling algorithm without high memory requirements is thconsidered as computational complex and is very sensitive t
running average. This can be computed as: sudden changes in illumination Beside this, it scores vesly w

for accuracy and is not very memory consuming. An important
Bit1=aCi+(1-0)B; (2) " gifference with a lot of other methods is that mixture of Gaus
where B stands for background and@; is the current frame. sians do not use one image of values as background model.
o is defined as the learning rate with a typically value of 0.0%stead, each pixel is modelled by a number of Gaussians
As with most of the simple methods, the running average givéiat will form a probability distribution function F. The nma
not the most accurate results but depending on the appiicatformula for the algorithm is:
and with some fine-tuning af, it can be acceptable [17]. k

As it is a very simple calculation, the running average F(i,p) = Zwi}m(%(,) (4)

method is very fast and does not need a lot of memory space. i—1

As with most simple background subtraction algorithms, th&ihough the formulas might look quite complicated, the
accuracy gained with this technique is not very high but C3Reory behind the method is straightforward. The meaof

be good enough depending on your the application. each Gaussian (1 tb), also called components, can be seen
2) Approximated median filteringh quite interesting back- 55 an estimation of the pixel value in the next frame. The

ground modelling technique is approximated median fil@rinyeight and the standard deviationwill give an impression

The algorithm was developed in 1995 by McFarlane ang configence in the estimation. A comparison between an

Schofield [18] to track piglets. input pixel and the means of the Gaussians tracking that pixe

It works as follows. There is one background model egnoyiq be done. The absolute difference between the pixel
timate. When a pixel in the current frame has a grayvalygye and the mean of the Gaussian should be less than the
which is larger then the pixel in the background estimatanth component's standard deviation, scaled by a fadorif so,

the pixel in the estimate is incremented by one. On the oth&g pixel is considered to be part of the background, if not,
side, when the value of a pixel in the current frame hasge pixel will be classified as foreground.

value which is lower than that in the background estimate, _
the pixel in the background estimate is decremented by one. li; — ptit—1| < Do (5)

When applying this function to the background model, thgfier each frame, the component variables; and o have
model converges to an estimate where half the input pixgls e ypdated. Formulas to update these variables areyclearl
are greater than the background and the other half are |%§Blained in [16].
than the background model. . _ This is one of the more accurate techniques which can
Although the very simple implementation, approximategis, handle multi-modal backgrounds due to the number of
median filtering may give good resu_lts wh|ch can even ac_h'eKSmponents [15]. Important disadvantages are the computa-
an accuracy near to that of algorithms with a much highgpna| complexity and the high sensitivity to sudden change
complexity. The memory requirements are low and it is @ jjjumination.
robqst techniqug. One major drawback is the slow adaptation, ihis chapter we have presented the most commonly-used
to big changes in the real background [16]. background subtraction algorithms. Every model has as we ca
_3) Kalman filtering: This method assumes that the begfee jis own advantages and disadvantages. However the more
information of a system state is obtained by an estimati&h [1 complex variants may give better results concerning acyura
To make this estimation, several approaches are presemted{y ropustness, the more simple models require much less
the literature [16]. Most using the luminance intensityem processing power and may give satisfying results as wejl (e.
sity and its temporal derivative (estimated variety) OBty  555roximated median filtering). When background subipacti
and its spatial derivatives. In the most simple variatio®, Ws gealt with in a fall detection system, the next step is tie f
can model the background estimation B(t) as: detection itself which is summarized in section five.

B(t) = At)B(t—1)+ K() [=(t) - H}®)A@®)B(t - 1)] (3) V. FALL DETECTION

where A(t) is the system matrix which describes the back- In this section, we will handle the fall detection stage @& th
ground dynamicsH (t) is the constant measurement matrixfall detection system. A lot of methods are described in the
z(t) is the system input and (¢) is the Kalman gain matrix. literature. A detailed discussion covering all these témpines

An advantage is that the gain matrix can switch betweeavould be beyond the scope of this paper. Instead, we will give
fast and slow adaptation whether the pixel is a foreground argeneral overview of these techniques.



A first major subdivision can be made between fall detection The techniques discussed above do have at least one thing
algorithms which are based on clear immediate visual cluesimilar, they detect a fall or a specific event. There is also
such as a sudden change in dimensions and on the other hamather possibility to generate an alarm when someone has
algorithms that need some sort of specific processing suefien. When someone is laying on the ground for a while
as hidden Markov models. Another possibility to classifg th[10] or is laying in bed for an abnormal long time, this may
algorithms is the difference between algorithms whichaltgyu be seen as unusual inactivity [22]. This event can trigger an
detects the fall, where others may detect 'abnormal’ behavi alarm but isn’t a real detection of a fall. A disadvantage of

One of the most used and most simple techniques to detdrse methods is the necessity of declaring inactivity one
a fall is the aspect ratio of the bounding box [21][6]. Th&hese are zones where the person may lay down for a longer
bounding box is a rectangular box which can be drawn aroupdriod without activating the alarm system. This creates th
the moving object. The aspect ratio is the ratio between theed of recalibrating the system every time the furniture is
dimensions inx and y direction of the bounding box. Whenreplaced.
someone falls, the bounding box will change drasticallg:in  In this chapter, we have given an overview of the most
andy direction and thus the aspect ratio will change as waliteresting fall detection algorithms. As we have seentethe
[2]. is not one best way in detecting a fall. To become a reliable

A second method to detect a fall is the use of a fall angigstem, a combination of several methods should be applied.
[2]. Fall angle can be defined as the angle between the ground
and the person from where it is certain that the person will VI. CONCLUSION

fall Al(tjhough the Ia” ahr_lgle m?y _dh:fer from EeOprie to per?p(; The goal of this paper was to study the existing fall detectio
a good estimate for this angle #°. Note that this method . ithms. Not only the fall detection algorithm on its own

masy fail if :ne pelrsor)tki]s faIIingktowards ;h;ehcamerta. id of tbut the system set-up was presented. We have seen that the
>O0me other aigorithms maxe use of the centroid ot rU‘ase of low cost cameras is preferable because of cost-delate
falling person. The centroid changes significantly anddigpi ; sues and that it should be possible because most backigroun

during the fall. Some related work even suggest that the fg btraction algorithms don't need high quality video input

mcmé)erlw_t wil rt]ake afpﬁr_OX|_r;1ateW).4s to 0588 [r210]' Hov_vev:rb The fall detection methods deal only with a number of falls
we believe that a fall incident can nqt e characterized by g ¢ jt ig necessary to implement a combination of several
duration interval as there are large differences betweks fa

. . . . approaches to get a reliable detection system. This combina
A more reliable detection method is found in [20] Whe”ﬁon can exist of a detection step and a confirmation step or

they use vc_artiqal pr_ojection histograms to _detect a fall_e Trbnly a detection step. Because of the importance of a new-ti
vertical projection histogram of a person will change shigni system, it is better to keep algorithms as simple as possible
cantly when a fall occurs [7] and is computed as follows: while maintaining a sufficient accuracy which is necessary
H(z,y) = 1 if (z,y) is an object pivel (6) to obtain a reliable result. The systems studied here were
’ 0 otherwise tested with simulated videos of falling people and even then
N none of the systems studied in this paper gave an accuracy of
Viw) = Z H(w,y) () 100% in all circumstances. All described algorithms hawgrth
, Y ) ~advantages and disadvantages. To get a system that is most
The last simple feature we want to present is the horizonigl formant in real life environments, a combination of thes

and vertical gradient [2]. When a person is falling, theealt ifferent techniques is needed. This provides a big chgéen
gradient will be less than the horizontal gradient.

It is clear that all methods mentioned above do work only in ACKNOWLEDGMENT
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papers describing the use of Hidden Markov Models are NO- 8. pp. 842-849, Oct, 2006.
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