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ABSTRACT

More than thirty percent of older persons fall at least once a year

and are often not able to get up again unaided. The lack of timely

aid can lead to severe complications such as dehydration, pressure

ulcers and death. A camera based fall detection system can provide a

solution. In this paper we present our fall detection algorithm by �rst

explaining the object detection and afterwards the used fall features.

We show the performance of the fall features separately and then also

the performance of the different combinations using a support vector

machine. Both are measured using our real-life dataset. We conclude

that the usage of the aspect ratio of the bounding box combined with

the speed of the head gives the best result with a sensitivity of 0.778

and a PPV of 0.366.

Index Terms� Fall Detection, Video Surveillance, Support

Vector Machine, Assisted Living

1. INTRODUCTION

Many older persons fall and are not able to get up again unaided.

Thirty to forty-�ve percent of the persons aged 65 or older living at

home and more than half of the elders living in a nursing home fall at

least once a year. One out of three up to one out of two older persons

fall more than once every year [1] [2]. Ten to �fteen percent of those

who fall, suffer severe injuries. The lack of timely aid can even

lead to more severe complications (e.g. dehydration, pressure ulcers

and even death). Although not all falls lead to physical injuries,

psychological consequences are equally important, leading to fear

of falling, losing self-con�dence and fear of losing independence[1]

[3]. Taking the ongoing ageing of the population into account, it is

obvious that a manner to detect fall incidents is getting more and

more important.

The existing technological detectors are mostly based on wear-

able sensors. However a market study of SeniorWatch [4] discovered

that the sensors are not worn at all times. Also in case the device is

button operated, like a Personal Alarm System (PAS), the person of-

ten forgets to press the button to generate the alarm. A fall occurring

at those moments will not be detected. A camera based system can

overcome these disadvantages.

In the last decade, several research groups have focussed on a

camera based fall detection algorithm. A simple method is to base

on the analysis of the moving objects bounding box's aspect ratio as

used in [5] and [6]. Notice however that the aspect ratio can also be

altered due to occlusions, and the relative position of the person with

respect to the camera. This could induce false positives. Willems et

al [7] use a combination of the previous techniques combined with

the fall angle. Lee [8] detects a fall by analysing the shape and 2D

velocity of the person. Rougier [9] uses wall-mounted cameras to

cover large areas and falls are detected using motion history image

and human shape variation. Other systems use 3D trajectory and the

speed of the head to infer events [10].

A mayor drawback of all these studies, is the fact that they use

simulated data. The falls have been recorded in arti�cial environ-

ments and the simulators are mostly younger persons. The TETRA-

funded [?] FallCam project uses another approach. The goal of the

project is the development of a prototype of a camera based fall de-

tection system. This system should be veri�ed using real live data.

For this, we have installed cameras to monitor the falls of four older

persons at their home for 6 months. The age of the participants is

in the range of 83 to 95 years old. During this period of time, we

have captured 25 falls and recorded 14000 hours of video. To our

knowledge, this is a unique dataset.

This paper gives an overview of our fall detection algorithm and

the preliminary results of the validation of the algorithm using ex-

clusively our real-live video.

The next section 2 describes our used methods, while section 3

shows the results. In section 4 we discuss these results to conclude

the paper in section 5.

2. METHODS

Our fall detection algorithm consists of four main parts: video ac-

quisition, person tracking, fall detection and alarm generation. Fig.

1 shows this in a schematic overview. The video is converted to grey

level images, this way there is no need to alter the processing if we

switch to near-infra red at night. The alarm generation is not im-

plemented for the moment. The next sub-chapters will explain the

person tracking and the features for fall detection in further detail.

2.1. Person Tracking

2.1.1. Foreground Detection

We �rst need to know the background, for this we use a background

subtraction technique based on an approximate median �lter. The al-

gorithm was developed in 1995 by McFarlane and Scho�eld to track

piglets [11]. The technique uses one background estimate. This es-

timate will be compared pixel by pixel with the current frame and is

updated as follows. In case the pixel in the current frame is brighter



Fig. 1. Overview of Fall Detection Algorithm

than the one in the background, the background will be incremented

with one, and vice versa.

The foreground can then be determined by calculating the dif-

ference between the current frame and the background. In case it

is larger than a given threshold (in our case 10 out of 256 intensity

levels), the pixel is a foreground pixel. Otherwise, it is a background

pixel. The advantages of the approximate median �lter are its low

memory consumption, fast computation and robustness. The draw-

backs are its slower update to large changes in illumination and the

fact that the foreground is in�uencing the background from the mo-

ment that it appears. This in�uence leads to the appearance of a

ghost �gure. When a person is sitting on the couch for a longer pe-

riod, the background will be updated to incorporate the person into

the background. If he stands up, the region of the couch that was

obstructed previously will also differ from the background and it is

detected as foreground. This can in�uence the extraction of the fea-

tures to detect a fall.

2.1.2. Shadow Removal

A shadow cast by a moving object will also be detected as fore-

ground since it makes the covered pixels appear darker. This makes

our foreground erroneous. To remove this shadow, we can use the

property that a shadow only changes the intensity of the pixel, the

texture of the covered region does not change [12]. From this follows

that the texture of the shadow is correlated with the corresponding

texture of the background image.

Jacques et al. describe in [13] the usage of the cross correla-

tion (CC) to see how good the detected foreground pixels match the

background pixels. For a pixel I(i, j), they propose to calculate the
CC as follows:
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Where T is the current frame, B is the calculated background,

Tij(n, m) is a (2N + 1) ∗ (2N + 1) neighbourhood around pixel

I(i, j), ET is the energy in this neighbourhood and EB(i, j) is the
energy in the corresponding neighbourhood of the background im-

age. A value of the CC close to one de�nes a high correlation. In

case the calculated CC is higher than a certain threshold Lcc and the

pixel is darker in the current image, then the pixel is part of a shadow.

Also other changes in illumination can be eliminated using this tech-

nique if removing the constraint that the pixel has to be darker in the

current image.

CC(i, j) ≥ Lcc ∩ ETij < EB(i, j) (5)

Jacques et al. state that a threshold for the CC of 0.98 together

with a 5*5 neighbourhood (N=2) gives a good result, which we agree

on.

2.1.3. ROI Detection

The next step in our algorithm is the determination of a region of in-

terest (ROI). We �rst use an erosion/dilation step on all foreground

pixels. After this a connected components analysis is executed to de-

termine the foreground objects. The largest object in the foreground

is then de�ned as being the person. To minimize noise and interfer-

ence, the object has to be larger than a certain threshold. In our case,

minimum 17500 pixels gave the best performance. From this object

we can start to extract the features to detect a fall.

2.2. Fall Detection Features

Using the object that was extracted in the �rst part, we can extract

four features to be used to detect a fall. These are: aspect ratio (AR)

of the bounding box, fall angle, speed of movement of the centre of

gravity and the speed of movement of the head.

The aspect ratio of the bounding box is calculated as the division

of the width of the bounding box and its height. A low aspect ratio

represents an upright person, while a high aspect ratio points to a

person lying down.

The angle of the person in the image can be de�ned as the an-

gle between the long axis of the bounding ellipse and the horizontal

plane of the image. A person that is standing, has an angle of 90

degrees. While an angle of close to zero represents a person lying

down if seen from a side-view. The fall angle is the difference be-

tween this angle in the current frame and the angle from a de�ned

time in the past. We use 2 seconds between the frames to measure

the angles. A fall angle that is close to 90 degrees can be a fall.

A person, and certainly an older person, moves typically with

a low speed, while in contrast to this most of the falls will have a

portion with a high speed of movement. We calculate two different

speeds. The speed of the centre of gravity and the so called head

speed. The centre of gravity has the advantage that it is rather stable.

Small changes in appearance of the person gives only small changes

in the centre of gravity. But an occlusion of the lower body, which

happens frequently, causes the centre of gravity to move upwards.

The head is however visible in most cases. Foroughi et al. describe



in [14] that the head is the highest point of the object. We use the

highest end of the main axis of the ellipse as head position. The

speed itself is then de�ned as the amount of pixels that the point has

shifted between two adjacent frames divided by the time between

these two frames.

2.3. Data Set

During the acquisitioning phase of the project, we have recorded 25

real live falls. The resolution of the images is 640 by 480 pixels.

For each of the 22 other falls, we have created a video of 20 minutes

long. The fall occurs in the last part of the video. We did not use

the information of the person lying on the ground. Each video was

divided in timeslots of 2 minutes long. For each timeslot, the four

features are extracted and the maximum values during that timeslot

are used as feature.

On this data set, many different tests have been executed. First

the different features are evaluated separately. In this case, a thresh-

old value is changed to �nd the best performance for each feature.

After this, we evaluated the usage of a Support Vector Machine

(SVM) to automatically �nd the optimal combination of these dif-

ferent features.

2.4. Support Vector Machine

General text about SVM will be delivered by Peter. Maybe the eval-

uation of the SVM has to be done differently? Search for which pa-

rameters of the SVM, we get the best mean performance? We cre-

ated 25 randomly chosen test and training sets. For each training

set we search for the SVM that delivers the best results. For each

SVM we calculated the speci�city, sensitivity and positive predic-

tive value. By calculating the mean and standard deviation (Stdev),

we can show the expected performance of an SVM that is trained on

the complete data set.

3. RESULTS

First the different fall detection features are handled separately. For

each feature we search for a threshold that gives the best perfor-

mance. The best results are shown in table 1.

Additional to looking at the features separately, we used a Sup-

port Vector Machine to �nd a good combination of the different fea-

tures. The best results are shown in table 2.

4. DISCUSSION

Table 1 shows that the aspect ratio and both the speed of the centre of

gravity and the head give similar results. The sensitivity is between

0.72 and 0.80, so 72 to 80 percent of the falls are detected. The

positive predictive value is however rather low at 0.17, meaning that

less than one on �ve is a real fall. The fall angle however generates

a huge number of false detections.

From table 2, we can conclude that a combination of features

gives a better result. The combination of the aspect ratio of the

bounding box and the speed of the head gives the best result with

a sensitivity of 0.778 and a PPV of 0.366. Using the fall angle dra-

matically decreases the sensitivity.

The reason for the very high number of false detections of the

fall angle, can be found in the fact that the bounding ellipse can

change considerably with small changes in the contours it surrounds.

A person that extends one arm will already make the ellipse turn.

The false detections for the three other features have two main rea-

sons: the quality of the foreground segmentation is not yet high

enough and the presence of more than one large foreground object.

As explained in section 2.1.1, we make usage of an approximate

median �lter. One of the disadvantages is that the person disappears

in the background when immobile, which leads to a ghost �gure.

When the person and the ghost are connected, the bounding box and

ellipse are deformed and lead to erroneous feature values. If another

person enters the room or some other object is moved, we see more

than one blob in the foreground. If the size is very close to each other,

it is possible that the object that we use to extract our features is the

older person in the �rst frame and a caretaker in the next frame. This

causes a high speed movement. This can be dealt with by restricting

the maximum speed, but a better solution is the usage of a tracker.

During a fall, often other types of interference occur. A rolla-

tor can roll further while the person is falling or the person can fall

against and even move furniture. Both cases lead to a foreground

that contains a lot more than only the person, and to features that are

signi�cantly different then expected. Our data set contains several

of these examples. Three other falls happen while the older person

is supported by a caretaker, in this case the falls are not detected, but

in this case it is also not needed.

5. CONCLUSION AND FUTUREWORK

Fall detection is becoming more and more important to ease the fears

of an older person or someone with an increased fall risk. In this

way these persons are able to live longer independently in a more

comfortable way. In this paper we gave an overview of our ongoing

project, which is unique in the way that we use real-life data. We

discussed our foreground detection algorithm and fall features. We

presented the performance of the single features and of the combi-

nation using an SVM. We concluded that an SVM trained using the

aspect ratio of the bounding box and the speed of the head of the

biggest object gives the best results.

Future work will be in improving the performance of the fore-

ground detection and using a tracker to follow more than one object.
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