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Abstract: For the safety of the elderly people, developed countries need to establish new healthcare systems
to ensure their safety at home. Computer vision and video surveillance provides a promising solution to analyze
personal behavior and detect certain unusual events such as falls. The main fall detection problem is to
recognize a fall among all the daily life activities, especially sitting down and crouching down activities which
have similar characteristics to falls (especially a large vertical velocity). In this study, a method is proposed to
detect falls by analyzing human shape deformation during a video sequence. In this study, Relevance Vector
Machine (RVM) is used to detect the fall of an individual based on the results obtained from torso angle
through skeletonization. Experimental results on benchmark datasets demonstrate that the proposed algorithm
is efficient. Further it is computationally inexpensive.
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INTRODUCTION

Many older persons fall and are not able to get up
again. The lack of timely aid can even lead to more severe
complications. Although not all falls lead to physical
injuries, psychological consequences are also important,
leading to fear of falling, losing self-confidence and fear
of losing independence. The existing technological
detectors are mostly based on wearable sensors. Most fall
detection techniques are based on accelerometers or help
buttons. But the major problem with these types of
technology is that older people often forget to wear them
and in the case of a help button, it is useless if the person
is unconscious after the fall. Also during housekeeping
tasks the sensors are removed, to prevent false alarms due
to the needed sensitivity. The devices are using battery
power, so no alarm will be generated if the batteries are
depleted. They are also sometimes removed when the
person finds them uncomfortable. If a fall occurs at these
moments, it will not be detected.

LITERATURE REVIEW

A number of video surveillance systems for towards
fall detection and abnormal detection have been reported.
Among fall detection methods, one of the simplest and
commonly used techniques is to analyze the bounding box
representing the person in the image that was used by

Toreyin et al. (2005) and Anderson et al. (2006).
However, this method is efficient only if the camera is
placed sideways and can fail because of occluding
objects. For more realistic situations, the camera has to be
placed higher in the room to avoid occluding objects and
to have a larger field of view.

Lee and Mihailidis (2005) detected falls by analyzing
the silhouette and the 2-D velocity of the person, with
special thresholds for inactivity zones like the bed. Nait-
Charif and McKenna (2004) tracked the person using an
ellipse and analyzed the resulting trajectory to detect
inactivity. However, (Lee and Mihailidis, 2005; Nait-
Charif and McKenna, 2004) used a camera mounted on
the ceiling and therefore did not have access to the
vertical motion of the body, which provides useful
information for fall detection. The 2-D (image) velocity
of the person has also been used to detect falls by (Lee
and Mihailidis, 2005; Sixsmith and Johnson, 2004).
However, a problem with the 2-D velocity is that it is
higher when the person is near the camera, so that the
thresholds to discriminate falls from a person sitting down
abruptly, for instance, can be difficult to define. Rougier
et al. (2006) proposed an algorithm that used simple
shape analysis and in Rougier et al. (2007) used head
tracking for detecting fall.

Caroline et al. (2011) used an elaborate shape
analysis based on person’s silhouette and Procrustes
distance.  Thome  et  al.  (2008)  proposed a method that
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Fig. 1: Proposed method

used Markov model to distinguish falls from walking
activities. The features used for motion analysis were
extracted from a metric image rectiWcation in each view.
Anderson et al. (2009) analyzed the states of a voxel
person obtained from two cameras and fall detection was
achieved with a fuzzy hierarchy. Auvinet et al. (2008)
proposed to exploit the reconstructed 3-D silhouette of an
elderly person for fall detection. An alarm was triggered
when most of this volume was concentrated near the Xoor.
False alarm rate increases in case of normal activity. The
objective of this study is to develop an algorithm that
detects the fall based on leg angle and torso angle. 

METHODOLOGY

Algorithm overview: The overview of the algorithm is
shown in Fig. 1. The Wrst stage of the surveillance system
is foreground extraction. This blob detection subsystem
detects the foreground pixels by subtracting the
background that is modeled using Gaussian Mixture
Model. Then, shadow removal and morphological
operations are done to enhance the image. The second
stage is the star skeletonization that is done for leg angle
and torso angle determination. In this study, Gaussian
Modelling of shadow is developed by extracting maximal
Gabor responses in the optimal color space where camera
is assumed to be static.

Background subtraction and shadow removal: In the
first stage, the background is modelled using Gaussian
Mixture Model (GMM) and the foreground pixels are
detected from the background model. Then, these pixels
are separated as subject regions and rough shadow regions

using projection histogram based approach (Ibrahim and
Anupama, 2005). The pixels belonging to shadow region
are classified as significant and insignificant and the
suitable color space has been assigned using optimal color
space rule. The rule for the classification of shadows
(Shan et al., 2007) is given by Eq. (1), (2) and (3):
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where, Ds and Dl are intensity differences between
original and background images, Ths, Thl are thresholds
of insignificant and significant shadows respectively and,
Ths<Thl, I0 is the original image, B is the background
image, g is the shadow classifier. 
 Based on the pixel being classified as significant or
insignificant, the appropriate color space is chosen before
modeling the shadow pixels. Once the shadow region and
corresponding color space have been determined the
Gabor filter kernels are used to build a proper shadow
model to model the pixels as a shadow pixel. The Gabor
filters have received considerable attention in image
processing applications because they posses optimal
localization properties in both spatial and frequency
domains. Therefore Gabor functions are ideal for accurate
texture identification of the surface which is related with
shadow (Caleanu et al., 2007). Also Gabor filter response
can be represented as a sinusoidal plane of particular
frequency and orientation, modulated by a Gaussian
envelope (Caleanu et al., 2007). Considering the
advantages of Gabor filters which include the robustness
to illumination changes, multi-scale and multi-orientation
nature, the following form of a normalized 2D Gabor
filter function in the frequency domain is employed for
the extraction of maximal response of spatial frequency
and orientation for the shadow pixels as in Eq. (4) and (5):

 

(4)  


( , , , ) exp expx y f
x y

ix 









2 2

2 2

(5)      x x ycos sin 

where, R is the Gabor kernel, f is the spatial frequency, 2
is the orientation,F is the standard deviation of the
Gaussian kernel and it depends upon the spatial
frequency. The responses of convolutions in a shadow
region at location (x, y) are given in spatial domain as in
Eq. (6) and it represents important features for the shadow
pixels:
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where, >(x, y) is the shadow pixel in region and r>(x, y, f,
2) represents the Gabor response. For each shadow pixel,
Gabor filters with multi-scale and multi-orientation are
first used to extract Gabor features from input frames.
Here, the magnitude of complex outputs of Gabor
convolutions are used as features. The maximal response
of the pixels in the shadow region is obtained by
multiplying it with Gabor kernel in frequency domain. 

These maximal Gabor responses are modeled as
Gaussian since the original shadow data is random
variable and subsequently these responses are also
random and large in size. Once these responses are
assumed  as  Gaussian,  the  likelihood   is  derived  as  in
Eq. (7):

L1(i, j) = exp(!0.5(X!mf)
TC-1(Y!m2) (7)

where, L1 (i, j) is the proposed Gaussian shadow model for
the Gabor response of the shadow pixels, X and Y are the
Gabor response obtained by varying the spatial frequency,
f and orientation 2, respectively, mf is the mean value of
the Gabor filter response when 2 is kept constant , m2 is
the mean value of the Gabor filter response when f is kept
constant and C is the covariance of both responses. To
eliminate the shadows completely, the Gaussian model
fitted earlier is used as a tool on the currently available
pixels representing the moving object along with their
shadow. These pixels are subjected to a Gabor filtering
action as developed earlier in modeling with the filter
function and the Gabor response is represented as Fg.

The mean spatial frequency mf and the mean
orientation m2 which were responsible for producing
maxima during modeling are used to produce Gabor
responses. The likelihood function of the response is
given by Eq. (8):

L2(I, j) = exp(!0.5(Fg(i, j)!mf)
T C-1(Fg(i, j)!m2)  (8)

where, L2 (i, j) is the likelihood response due to Gabor
action. Therefore a foreground pixel in the current frame
convolved with Gabor giving response is subjected to a
likelihood estimation resulting in a likelihood value. This
shadow likelihood is thresholded to decide whether the
current pixel is a shadow or foreground. Though many
thresholding schemes are available, the threshold (ths),
which is the mean value of the Gabor responses obtained
from modeling, is considered as threshold, since the
likelihood estimation is assumed as Gaussian which
follows non-skew distribution.

Foreground Dilation Erosion Border 
of moving extraction
target

Fig. 2: Pre-processing for skeletonization

Star skeletonization: There will be spurious pixels
detected, holes in moving features, “inter-lacing” effects
from video digitization processes and other anomalies.
Foreground regions are initially Wltered for size to remove
spurious features and then the remaining targets are pre-
processed before motion analysis is performed.

The Wrst pre-processing step is to clean up anomalies
in the targets. This is done by a morphological dilation
followed by erosion. This removes any small holes in the
target and smoothes out any interlacing anomalies. This
effectively robustiWes small features such as thin arm or
leg segments. After the target has been cleaned, its outline
is extracted. The process is shown in Fig. 2.

Fujiyoshi et al. (2004) proposed the use of star
skeletonization procedure for analyzing the motion of
human targets. The standard star skeleton techniques for
skeletonization such as distance transformation and
thinning are computationally expensive and moreover are
highly susceptible to noise in the target boundary. The
method adapted in this study provides a simple way of
detecting only the gross extremities of the target to
produce star skeleton. The main idea is, the simple form
of skeletonization extracts the broad internal motion
features of a target and is employed to analyze the target’s
motion (Fujiyoshi et al., 2004). Then the contour for a
human blob is extracted as shown in Fig. 3. The centroid
(xc, yc) of the human blob is determined by using the
following Eq. (9):
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where, (xc, yc) represent the average contour pixel
position, (xi, yi) represent the points on the human blob
contour and there are a total of N number of points on the
contour. The distance di from the centroid to contour
points is given by (10):
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Fig. 3: Plot of skeleton extreme points

Fig. 4: Skeleton features for normal walk

di =  (10)   x x y yi c i c  
2 2

From the di plot, the local maximum points are
collected and their corresponding plot is shown in Fig. 3.
The star skeletonization is formed as shown in Fig. 4. 

Another prompt to analyze the motion of the target is
its posture. Using motion cues based on the star skeleton,
it is possible to determine the posture of a moving human.
For the cases in which a human is moving in an up-right
position, it can be assumed that the lower extreme points
are legs and so choosing these points to analyze cyclic
motion  seems  to  be  a  reasonable approach (Fujiyoshi
et al., 2004). In particular, the left-most lower extreme
points (lx, ly) are used as the cyclic points. However, it is
not necessary that the same leg is detected at all times,
because the cyclic structure of the motion will still be
evident from this point’s motion. If {xs

i,y
s
i} is the set of

extreme points, (lx, ly) is chosen according to the
following conditions (11) and (12):
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Then the angle (lx, ly) makes with the vertical angle 2
is calculated as:

2 = tan-1 lx-xc / ly-yc (12)

A further cue to determine the posture of moving
human is the inclination of the torso. This can be
approximated by the angle of upper-most extreme point of
the target. This torso angle M can be determined in
exactly the same manner as 2 and the leg angle for
walking and running is shown in Fig. 3. The cutoT
frequency was set as 0.1 to get appropriate extreme points
in this proposed study. At last the leg angle 2, torso angle
M and the skeleton motion in a sequence are given as
input vectors for the Relevance Vector Machine. 

There are three main advantages of this type of
skeletonization process. It is not iterative and is, therefore,
computationally cheap. It also explicitly provides a
mechanism for controlling scale sensitivity. Finally, it
does not rely on priori human model.

Relevance vector machine: Fall is an action
classification problem that requires RVM for
classification. The Relevance Vector Machine is a
powerful algorithm, useful in classifying data in to
species. The proposed Relevance Vector Machine (RVM)
classification technique has been applied in many
different areas of pattern recognition. The skeleton points
and the motion cues for each blob are selected as features.
The RVM is a Bayesian regression framework, in which
the weights of each input vector are governed by a set of
hyper parameters. These hyperparameters describe the
posterior distribution of the weights and are estimated
iteratively during training. Most hyper parameters
approach infinity, causing the posterior distributions of
the corresponding weights to zero. The remaining vectors
with nonzero weights are called relevance vectors. In this
study, Relevance Vector Machine (RVM) technique is
used for the classification of human action such as normal
or fall.

RESULTS AND DISCUSSION 

The efficiency of the proposed algorithm has been
evaluated by carrying out extensive works on the
simulation of the algorithm on benchmark datasets. The
method processes about 24 frames per sec for colour
images. To demonstrate the performance of the proposed
method, different fall action sequences are taken from
CAVIAR (http://groups.inf.ed.ac.uk/vision/CAVIAR/
CAVIARDATA1/) and (Auvinet et al., 2010). These
datasets contain fall of an individual person from different
camera  view  points. The video sequences were
converted  into  frames and the background subtraction
was  obtained  using  GMM shadow removal has been
done   next   to   it.   Then  the  star  skeletonization  was
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Fig. 5: Results for benchmark dataset

Fig. 6: Comparative results of fall detection

used to obtain the motion cues and skeleton features have
been obtained clearly. Finally the skeleton features and 

the motion cues were given as input for the Relevance
vector machine algorithm to classify the fall from the
normal one which was indicated in red color as shown in
Fig. 5. 

To evaluate the proposed approach the classification
accuracy has been computed and compared with existing
state-of-the-art methods and it is shown in Fig. 6. 

To analyze our recognition results, we compute the
sensitivity, the speciWcity and the accuracy obtained with
our RVM classiWer as follows:

True Positives (TP): Number of falls correctly detected
False Negatives (FN): Number of falls not detected
False Positives (FP): Number of normal activities
detected as a fall
True Negatives (TN): Number of normal activities not
detected as a fall
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C Sensitivity: Se = TP/ (TP+FN)
C Specificity: Sp = TN/ (TN+FP)
C Accuracy: Ac = (TP+TN)/(TP+TN+FP+FN)

Proposed algorithm is validated using bench mark
datasets, from Auvinet et al. (2010) the Sensitivity: Se =
95.83%, SpeciWcity: Sp = 97.5%, Accuracy: Ac = 96.67%
is obtained. 

A good fall detection method must have a high
sensitivity, which means that a majority of falls are
detected and a high speciWcity, which means that normal
activities are not detected as falls. The accuracy must also
be high.

CONCLUSION

In this study, a video surveillance algorithm for
classifying human fall and normal actions is described.
First the foreground blobs are detected using adaptive
mixtures of Gaussians. Then shadow removal algorithm
is applied to eliminate other objects and shadows.
Subsequently, skeleton features are extracted for each
individual. These features reduced the training time and
also improved the classification accuracy. The features
are learnt through a Relevance vector machine to classify
the individual’s actions into two classes. The Accuracy is
also increased by selecting the appropriate kernel
Gaussian which also reduces the computational
complexity. This facilitates the proposed algorithm that is
able to detect abnormal actions of an individual such as
normal or fall with high accuracy. 
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