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Abstract—Humans have various complex postures and
movements. Considerable attention is given to the problem
of recognizing a human fall. However, the recognition rates
must be further improved, for practical applications, from
that obtained in the previous research. In this paper, a new
recognition method, based on the analysis of a human fall, is
provided. Furthermore, five eigenvectors that describe a fall
are defined i.e. the aspect ratio, effective area ratio, human
point margin, body axis angle, and centrifugal rate of the
body contour. Then, a support vector machine based on the
Gauss radial basis function is trained to obtain a better
identification result. The simulation results show that the
model, though the combination of the five eigenvectors, has
a recognition rate of 94.5%, which is a significant
improvement as compared to the previous research.

I.
INTRODUCTION
Due to the aging population, the physical and mental
health of the elderly has gradually drawn our attention.
Due to their weak balance ability and adaptability, they
can easily fall down. If the elderly don’t get timely
treatment after they fall, they may suffer further disability
or even death, which has additional effects on their
mental and physical health [1]. Thus, it is necessary to
establish a method by which one can analyze an
emergency situation quickly in order to provide correct
medical treatment for aging citizens. Therefore, a key
aspect in the supervision of the elderly is to have a
method that can detect a fall. The human behaviors
should be analyzed according to the relationship between
the characteristics of human behavior. There is a
difference between the characteristics of the body when
falling down and other usual behaviors. The behavioral
characteristics of the former are similar, and vary among
different people and environments. Currently, traditional
intelligent identification methods must be improved, in
both their ability to analyze similar behavioral
characteristics and to reduce error in their identifications.
Some international journals, such as IJCV, CVIU, and
IVC, and important academic conferences, such as
CVPR, ICCV, and ICPR, have topic areas devoted to
research on intelligent video surveillance technology,
especially research using visual analysis on human
movement. In addition, IEEE organizes symposiums on
human movement analysis regularly. The real-time visual
control system W4, developed by Haritaoglu, et al. was
not only able to track the position and segmentation of a
human subject, but could also track several people at
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once. In addition, this system could be used to detect and
track people in the outdoors. Yu Yingzhuo is proposed a
3D reconstruction method, which he used to recognize
squats and falling actions. However, there is no
experimental study on continuous video [2]. Xu Liangwu
used a machine learning method to identify lateral falling
actions, but didn’t specifically study behaviors that are
easily confusing [3]. A 3-D model of the human head was
established by Rougier, et al. that analyzed and tracked
the motion of the head to detect whether there is a fall [4].
Hsieh, et al. presented a system that marked a model of
the body with its main joint sand could be used to
determine posture type through a corresponding matching
algorithm. However, none of these studies made a
distinction between the falling actions of humans,
animals, and objects [5].
In response to the above problems, a method using
multiple characteristics is proposed, which can detect a
falling action quickly and accurately. From this, the newly
defined eigenvector model is made, which contains a total
of five categories and eleven eigenvectors. We define five
categories, the aspect ratio, the effective area ratio, the
human point margin, body axis angle, and centrifugal rate
of a body contour. The results indicate that a support
vector machine (SVM), trained by the eigenvector model,
improves accuracy compared to previous models.
II.

SELECTION AND DEFINITION OF FALL
CHARACTERISTICS

A. The Human Aspect Ratio
We define the minimum enclosing rectangle and the
aspect ratio of the human body ( r1 ) in this paper. The
former is defined as the minimum rectangle that can
completely cover the human body. The latter ( r1 ) is
defined as the ratio of width to height of the human body
contour within the minimum external rectangle in the
image. The height will be longer than the width when
standing, thus the aspect ratio is far less than one. The
aspect ratio is only longer than one when falling. In most
cases, we can determine if the subject has upright posture
or not, through the aspect ratio. However, for movements
such as squats, push-ups, sit-ups, and other similar fitness
movements, it is less effective.
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measure we can gain more information on a falling
action. Therefore, the centrifugal rate of the body contour
is used as a shape characteristic, as shown in Fig. 1(e),
calculated by (5).

(1)

B. The Effective Area Ratio of Human Body
In this paper, the effective area ratio of human body is
defined as the ratio of the contour area in the minimum
external rectangle [6] to the entire area of the rectangle:
r2 =

Sp

e = 1−

b2
a2

(5)
.

In this way, the eigenvector with fused characteristics
is obtained: T = [ r1 , r2 , d1 , ⋅⋅⋅, d 4 ,θ1 , ⋅⋅⋅,θ4 , e]

(2)

Sr .

In the formula above, r2 is the effective area ratio. S p is
the number of pixels with the value 1 in the minimum
external rectangle of the image after binarization. S r is the
total number of pixels in the minimum external rectangle.
When the body covers most of the rectangle, the method is
considered to be effective. When the body falls down, the
aspect ratio is far greater than one. However, this is just
one of the detection factors because there are many similar
actions that could easily cause faulty judgment, including
squats, sit-ups and push-ups, etc. When a person falls
down, the area of the minimum external rectangle will
become larger, and the effective area of the subject will be
relatively smaller, the effective area ratio will also be
smaller. Therefore, the effective area ratio can be used as
an indicator of a fall.

As shown in Fig.1, the five characteristics of the
falling action above describe different aspects of the
human body form and motion, thus integration of each
characteristic gives a better description of a falling action.

(a) The aspect ratio

(b) The effective area ratio

C. The Point-edge Distance of Human Body
As shown in Fig. 1(c), the kite model is constructed by
connecting the centroid [7] of the subject figure with four
points that are farthest from the centroid to the top,
bottom, left and right. The body point-edge distances are
defined as the four lines between the centroid and the
points mentioned above.

di =

( xi − xm ) + ( yi − ym )
2

2

ˈ i = 1, 2, 3, 4 .

˄3˅

(c) The point-edge distance

(d) The Axis angle

The eigenvector is obtained˖ D = [ d1 , d 2 , d3 , d 4 ]
After dividing the body contour, the point-edge
distance of the subject contains information on the status
of the subject’s body posture, therefore it is selected as
one of the characteristics in this paper, as shown in Fig. 3.
D. The Axis Angle of Human Body
This characteristic is defined as four angles obtained
from the axis and the adjacent axes by connecting the
centroid with the four points of the kite model. As shown
in Fig. 1(d), the eigenvector of the four-star angle is
calculated by (4) and θ = [θ1 ,θ2 ,θ3 ,θ4 ]
θi = cos −1

( xi − xm )( xi−1 − xc ) + ( yi − yc )( yi −1 − yc ) , i = 1, 2,3, 4
di <di −1

.˄4˅
With different body postures, the axis angles are
different. Because the axes angles contain information
that can be used to distinguish falling actions, they are
also used as a one of the characteristics in our system.
E. The Centrifugal Rate of Human Body
The centrifugal rate of human body is defined as the
centrifugal rate of the minimum inscribed ellipse of the
minimum external rectangle of body contour. From this

(e) The centrifugal rate
Fig.1. Five eigenvectors

After the characteristics of the contour are extracted, a
support vector machine (SVM) is chosen to classify and
build a model defining falling and non-falling behaviors.
A kernel function is used to convert the nonlinear feature
space to a linear separable space through the SVM. After
the transformation, a hyperplane is constructed in the
linear feature space to obtain the optimal classification
model for distinguishing features so that better robustness
is obtained even in the case of a small number of samples
[8-9].
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FALLING DETECTION BASED ON RADIAL BASIS
FUNCTION SUPPORT VECTOR MACHINE
After extracting the characteristics by which we are
defining specific types of human behavior, the SVM is
chosen to model and classify falling actions. The SVM is
used to transform the nonlinear feature space into a linear
space. After the transformation, a hyperplane is
constructed in the linear feature space to obtain an
optimal classification model that makes clear distinctions
[10] between different classifications, in order to improve
robustness even in the case of a small number of samples.
Fig. 2 shows the mapping of the radial basis function
(RBF). It can be seen that the inseparable line in low
dimensional space turns into a separable line in high
dimensional space.

Where αi must be maximized.

III.

For the RBF, the feature space is an infinitely
dimensional Hilbert space [11]. Even the largest interval
optimization problem can be solved in an infinite
dimension because of its regularity. In order to ensure the
accuracy and efficiency of the classifier based on multicharacteristics, an SVM classifier based on the RBF is
studied in order to meet the requirements necessary to
detect a fall.
Observed human behaviors are divided into two
categories for the purpose of this paper: falling and nonfalling behaviors. Non-fall behaviors, including running,
jumping, squatting, bending, and sitting down, are not
considered. According to this paper, the eigenvector
includes11
parameters
and
is
defined
as T = [ r1 , r2 , d1 , ⋅⋅⋅, d 4 ,θ1 , ⋅⋅⋅,θ4 , e] . The SVM model process
is shown as follows:
Supposing that the training sample is S = {S1 , S2 , ⋅⋅⋅, Sk } ,
where Si is the i-th sample.
(1)
The
training
sample,
the
eigenvector T = [ r1 , r2 , d1 , ⋅⋅⋅, d 4 ,θ1 , ⋅⋅⋅,θ 4 , e] is used as the
learning parameter. The RBF is chosen to transform the
nonlinear feature space into the linear space, which is
shown as:
˄5 ˅

·
¸.
¸
¹

(2) Then the RBF is used in Lagrange's dual function.
N
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After a series of mathematical transformation, the
discriminant function is
˄7˅
f ( x) =
α ω k ( x , x) + b

¦

i∈SV

i

i

i

discriminant function with the maximum α i . Then save
the nonzero support vector

αi

and corresponding training

vector xi .
(4)For the classification of mode x, support
vector xi and corresponding weight αi are used to
evaluate the function:
˄8˅
f ( x) =
α ω k ( x , x) + b .

¦

i

i

i

i∈SV

Fig.3. The flow chart of falling detection based on multi feature fusion

Fig.2. The mapping of RBF

§ xi − x j
k ( xi , x j ) = exp ¨ −
¨
2σ 2
©

(3) Obtain xi , which satisfies the requirements of the

The process used to detect human body falling action in
a single image is as follows. We first selected 1454 static
pictures for training. From these, we extracted the
eigenvectors, which included the human aspect ratio as
well as the effective area ratio, the point-edge distance, the
axis angle and the centrifugal rate of the pictured human.
We then mapped the eigenvectors into a higher
dimensional space using RBF to separate the
characteristics. After the training was completed, the
classifier was obtained, which defines the model used to
detect falling actions. Finally, we extracted the
eigenvectors of the pre-processed samples, and the
eigenvectors were input into the model to detect falling
actions in test images.
IV. EXPERIMENTAL RESULTS AND ANALYSIS
In this paper, the process for detecting a falling action
is divided into two steps. The first step is classifier
training and the second step is the detection of falling in
test images. A single static image or a group of several
consecutive images are used in the experiments. A total
of 469 positive samples (fall images) and 985 negative
samples (non-fall images) were obtained locally and from
the Internet and were used as training images.
Subsequently, 100 fall images and 100 non-fall images
were selected as test images.
Using all eigenvector data, the classifier detecting a
falling action was trained according to the method
outlined above. After training, 1000 images were selected
as test samples, with a 2:1 ratio between positive and
negative samples. Among the samples, 735 images were
selected from local video images, and the remaining 265
images are from the Internet. Some experimental results
are shown as flows:The images which are right detected
are shown in Fig.4. The false images of falling detection
are shown in Fig.5. The images which are not detected
are shown in Fig.6.
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according to the proposed algorithm. The results are as
follows:
TABLE I.
RECOGNITION ACCURACY OF THE METHOD IN THIS PAPER

˄a˅

˄c˅

The number of fall images identified
The number of non-fall images
identified
The actual number of fall images
The actual number of non-fall images
The recognition rate of falls

˄b˅

632
368
669
331
(632/669)h100%=94.5%

Two methods of detecting a falling action are selected
to compare with the method proposed in this paper. One
of the methods is based on the Hopfield neural network
and the other is template matching method. The same
1000 images are used as test samples to compare the
performance of the three methods.

˄d˅

TABLE II.
RECOGNITION ACCURACY BASED ON HOPFIELD NEURAL NETWORK
The number of fall images identified
The number of non-fall images
identified
The actual number of fall images
The actual number of non-fall images
The recognition rate of falls

˄e˅
˄f˅
Fig.4. Part of the image that falling detection right

579
421
669
331
(579/669) h100%=86.5%

TABLE III.
RECOGNITION ACCURACY BASED ONTEMPLATE MATCH
The number of fall images identified
The number of non-fall images
identified
The actual number of fall images
The actual number of non-fall images
The recognition rate of falls

˄a˅
˄b˅
Fig.5. The false images of falling detection

503
497
669
331
(503/669) h100%=75.2%

From the results above, we see that only 503 images
are identified by the template matching method, with a
recognition rate of 75.2%, the lowest of the three methods.
The recognition rate of Hopfield neural network method
is 86.5% and 579 images are identified. The recognition
rate of the method proposed in this paper is 94.5%, and
632 images are identified.

˄a˅
˄b˅
Fig.6. The images which are not detected

From the experimental results above, we can see that
the detection of usual falling actions is effective, but
some similar images are still not correctly detected,
specifically when the human aspect ratio and the effective
area ratio are similar to those of falling action. In addition,
some external factors, such as significant illumination
change and background, can interfere with detection
results. Some false positives are images of body-building
movements such as squats, sit-ups, and push-ups.
It can also be seen that some falling actions are not
detected. This occurs is the beginning and middle of the
falling action, but not at the end. Errors also occur when
movements are interrupted through human interference,
such as when one catches and braces themselves or is
held up by another individual.
In this paper, 1000 images are selected as test samples
and the trained classifier is used to detect falling action

CONCLUSION
In this paper, we propose a method, based on Bayesian
fused multi-characteristics, for the detection of a fall. We
define five types of eigenvectors, which can describe the
characteristics of a fall. SVM model, based on RBF, is
used to detect a falling action. In our experiment, the data
obtained from videos and public databases are used to
train the classification model. The experimental results
show that our model is more accurate in detecting falls
than the previous methods.
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