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Abstract

Intelligent video surveillance system is discussed for years and applied in many areas, like
home care systems, security in the public place and so on. Due to this technique development, it
can lower down the product cost and decrease the error judgment by human.

In this NSC project, we focused on the home care system which can analyze the human
activities automatically. As the growing number of the elder population, more and more people
cannot take care of their parents or the elderly all the time. There is definitely a demand to build a
system with the ability to watch the elderly and alarm people when they have abnormal behaviors,
such as falling down to the ground. In our concept we first want to recognize the human postures,
so we set a CCD camera to grab the image containing the elderly and environment. And then we
separate the person from the environment using the background subtraction method. After the
object is subtracted, some parameters from the silhouette will be extracted and viewed as the input
of our classification system. As for the classification system, we use the adaptive fuzzy rule-based
system. It can generate the fuzzy rules automatically according to the feature parameters we extract,

and give a good performance in classifying the postures.

Keywords: Human Activities, Background Subtraction, Adaptive Fuzzy-Rule Based

Classified System
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1 INTRODUCTION

1.1 Motivation

The concept of e-home is developed for years, and it involves many aspects of technology.
The main goal for an e-home system is always to find an automatic control mechanism that
involves watching if there exist some dangers in the home environment and switching on the
power of the electric equipments before people coming home and so on. There are many
researches in solving these problems, in our research we will focus on the real time intelligent
video surveillance systems aspect.

Intelligent video surveillance systems have been mentioned in recent years. We can find many
applications in many areas such as airports monitoring systems, home care systems, bank
monitoring systems...etc. Especially in home care systems, it is more important in this time as the
growing numbers of the elder people. As we introduce before the development of video
surveillance systems is so fast cause of that we do not need a lot of security personnel to monitor
the human actions. Computer vision is usually used in this kind of intelligent video surveillance
systems. It is convenient cause of the information of human body is gathered by using the image
processing method without touching or putting the sensor directly on the human body.

As the growth of the elder people, the elderly have more and more time to stay at home
without the children’s care. The fast solution is to hire a person nursing beside, but it always has
the cost problem. As we know that the cost of the consuming electronics in this time is cheaper
and cheaper, to establish a system with some simple electrical products is more convenient and
cost down. That is people just need to buy a display and set it up on its own office. Then the

parents living situations will be transferred to the display and tell what if there happens some



dangerous.

The home care systems are expected to provide the functions that can monitoring the people
inside the house and alarm the watcher when people in some dangerous situations. To give more
applications even the human postures can be classified is also needed added. In our approach we
want to establish a simple system with a PC and a CCD camera only to get the goal. More

application it may be used in the other regions such as the robotics or some artificial science.

1.2 Purpose of Research

In the human action recognition part there are many tasks that are hard to solve. There are
two main problems, one is the image processing part and the other is how to define the human
action.

In discussing the image processing, the images shot by CCD camera are usual including the
moving object and the background. So how to subtract the object we want is a main task dealing
with in our system. After getting the object the human action is defined in what descriptions is the
next problem. As for the human action there are many words expressed in the similar way like
action, behavior, motion, gesture, posture, deed, and movement. For simply dividing, one is the
individual static frames like gesture and postures, and the other is continuous dynamic frames
like action and behavior.

Our research provides a solution to establish a home care system with the images processing
and human action recognition. The image processing part will use a easy concept of background
subtraction to complete, and the human action recognition here is focus on the static frame
discussion. That is we mainly discuss on the postures recognition parts. The postures part is also
can be view as the basic of the human behavior recognition, as you can recognize the human

postures the human behavior will be more easily defined.



1.3 Overview of System Architecture

As mentioned before for the easy setup, in our system a camera and a PC are needed and
show as figure 1.1. In figure it shows the whole system architecture, the CCD camera is fixed in
the corner of the indoor environment and using the image grabbing card to get images, and a PC

will process the images and tell the situation happened in the house.

= Intelligent video surveillance
Camera Unit .

Figure 1.1 Procedure of human posture recognition.

The procedure of imaging processing subtracts the human silhouette from the background
image. The silhouette helps us to define the human parameters for the next postures recognition
procedure. Of course the parameters we get from the silhouette are usually some characteristic of
the human postures. In the postures recognition, it can use the figure 1.2 to explain how it works

precisely.
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Figure 1.2 Procedure of human postures recognition.

In figure 1.2, the vectors Xp are composed of the parameters we get from the procedure
before, and they are viewed as the systems input. In the adaptive fuzzy rule based classified
system, it is based on the original fuzzy rule based method with a little change in the generating

fuzzy rules. The detail will be introduced in the following sections.



2 PRELIMINARIES

2.1 Introduction of Human Activities Identification

Human activities identification is a quite challenge topic in many kinds of respects. It is
complicated in that it can be divided into motion estimation, behavior understanding, and
postures recognition. As the various applications of the identification of human activities such as
video surveillance, artificial intelligence, medical diagnosis and so on, it is more and more
discussed in the computer vision science. In analyzing this problem it usually can be separated
from the processing procedure parts. That is in the high level processing tasks usually deal with
the body modeling and the whole action identification. As for the low level processing part, they
are usually taking the video tracking, segmentation, and pose recovery.

In other words before discussing the problem we need to figure out how the different
processing parts works. So in this chapter, section 2.2 will show how to model the human body in
two kind of respects, one is based on the pre-build modeling based method to recover a human
model and the other is build a human model without pre-model. The section 2.3 will show the
key method in modifying the human actions including the HMM method, template matching
method and so on. Finally we will give a summary in section 2.4 for the method introduced in

this chapter.

2.2 Modeling of Human Body

Human motion analysis usually includes human body part segmentation and the recovery of
3D structure from the 2D projections in an image sequence. There are two typical approaches

related motion analysis. One is model based method and the other is non-model based approach.
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The difference between the two methodologies is in the process of establishing feature
correspondence between consecutive frames. Methods which assume a priori shape models match
the 2D image sequences to the model data. Feature correspondence is automatically achieved
once matching between the image and the model data is established. As no a priori shape models
are available, correspondence between successive frames is based upon prediction or estimation
of features related to position, velocity, shape, texture, and shape. Conventionally, the
representation of human body maybe uses the stick figures, 2D contours, or volumetric model.
Section 2.2.1 and 2.2.2 would respectively discuss model based and non-model based approaches.

Figure 2.1 shows the classification of human motion analysis.

Human Motion Analysis
|
A A

Non-Model Based Approaches Model Based Approaches

v 4 A A A

Stick figures 2D contours Stick figures 2D contours Volumetric

Figure 2.1 Classification of human motion analysis [3]

2.2.1 Model Based Approaches

Model-based approaches build the body representation by fitting to the image data the
predefined parameter values of a parametric body model. This approach can efficiently integrate
shape knowledge and visual input, and are better for high-level identification of complicated
motions. However, model-based approaches usually require additional processing steps of model

selection and parameter estimation to fit the model to a given visual input. Addition of a new
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activity or motion may require significant complexity to model-based techniques. In model-based
approaches, the fitting process involves either an optimization scheme such as the least square
method of Gavrila and Davis [10] or a stochastic sampling scheme such as the particle filtering
method by Isard and Blake [11].

In general, human bodies could be represented as stick figures, 2D contours, or volumetric
models. Thus, body segments can be approximated as lines, 2D ribbons, and elliptical cylinders,
accordingly. Bharatkumar et al. [29] used stick figures to model the lower limbs of the moving
human body. They aimed at constructing a general model for gait analysis in human walking.
Chen and Lee [12] recovered the 3D configuration of a moving subject according to its projected
2D image. Their model used 17 line segments and 14 joints to represent the features of the head,

torso, hip, arms, and legs. The model is shown in figure 2.2.

feature points
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) Right ankl
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Figure 2.2 A stick-figure human model [12]

Various constraints were imposed for the basic analysis of the gait. The method was

computational expensively, as they use the full search to find the possible combinations of 3D



configurations, given the known 2D projection, and required accurate extraction of 2D stick
figures.

The pioneer work of O’Rourke and Badler [27] used a volumetric model consisting of 24
rigid segments and 25 joints. The surface of each segment is defined as a collection of
overlapping sphere primitives. Sato et al. [28] developed a different approach that treats a moving
human as a combination of various blobs of its body parts. Leung and Yang [13] applied a 2D
ribbon model to recognize poses of human performing gymnastic movements. The emphasis of
their work is to estimate motion solely from the outline of a moving human subject. The system
consists of two major processes: extraction of human outline and interpretation of human motion.
The 2D ribbon model is comprised of two components, the “basic” body model and the
“extended” body model. The basic body model outlines the structural and shape relationships

between the body parts, shown in Figure 2.3.

Figure 2.3 A 2D contour human model [13]

The extended model consists of three patterns: the support posture model, the side-view

kneeling model, and side horse motion model. A modified edge detection technique was



developed based on the work in Jain and Nagel [22] to generate a compete outline of the moving
object images, A spatial-temporal relaxation process was proposed to determine which side of the
moving edge belongs to the moving object. Two sets of 2D ribbons on each side of the moving
edge, either a part of the body or that of the background, are identified according to their shape
changes over time. The body parts are labeled according to the human body model. Then, a
description of the body parts and the appropriate body joints is obtained.

Elliptical cylinders are one of the commonly used volumetric models for modeling human
forms. Hogg [23] and Rohr [24] used the cylinder model originated by Marr and Nishihara [25],
in which the human body is represented by 14 elliptical cylinders. Each cylinder is described by
three parameters: the length of the axis and the major and minor axes of the ellipse cross section.
The origin of the coordinate system is located at the center of the torso. Hogg attempted to
generate 3D descriptions of a human walking by modeling. Hogg [23] presented a computer
program (WLKER) which attempted to recover the 3D structure of a walking person. Rohr [26]
found the initial pose of the human first and then incremented it from frame to frame. He used the
Kalman filter, edge segmentation, and a motion model tuned to the walking image object for a
more robust result. He applied eigenvector line fitting to outline the human image, and then fitted
the 2D projections into the 3D human model using a distance measure similar to Hogg [23].
Besides, Rohr [26]’s method identified the straight edges for tracking the restricted movement of
walking human parallel to the image plane. The representation of volumetric human model is

shown in figure 2.4.



Figure 2.4 A volumetric human model [23]

All of these approaches must match each real image frame to the corresponding model,
which represents the human body structure at an abstract level. This procedure is itself non-trivial.
The complexity of the matching process is governed by the number of model parameters and the
efficiency if human body segmentation. When fewer model parameters are used, it is easier to
match the feature to the model, but more difficult to extract the feature. For example, the stick
figure is the simplest way to represent a human body, and thus it is relatively easier to fit the
extracted lines into the corresponding body segments. However, extracting a stick figure from

real images needs more care than searching for 2D blobs or 3D volumes.

2.2.2 Non-Model Based Approaches

As no predefined shape models are assumed, heuristic assumptions, which impose
constraints on feature correspondence and decreasing search space, are usually used to establish
the correspondence of joints between successive frames. The approaches of non-model based
human motion analysis are applicable to more diverse situations. However, these approaches are

sensitive to noise in general, because they lack any mechanism to distinguish noise from signal in
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visual input.

The approaches of non-model based human motion analysis are also called as view-based
approaches. They build a body representation in a bottom-up fashion by first detecting
appropriate features in an image. The methods do, however, build some sort of model to represent
the pose. These pose representations are points, simple shapes, and stick-figures. The pose of the
subject may be represented by a set of points and is widely utilized as markers are attached to the
subject. Without the markers, the hands and the head may be estimated from the image
represented by just three points [30] as figure 2.5. This is a very compact representation which
suffices for a variety of applications. By utilizing color segmentation [31] or blob segmentations

[30], these three points are usually found.

Figure 2.5 Detecting and Tracking Human “blobs” with The PFINDER System [30]

A subject in an image can be simply represented into some boxes by the boundary of subject
[32]. However, the boundary box representation is mainly utilized as an intermediate
representation during processing and not as the final representation. Instead, shapes which are
more human-like, such as ellipses [33], may be used as a final representation.

A rather different approach of view-based model is to learn a mapping directly from image

11



features to posture data. In the work proposed by Brand [34], the paths through the 3D state space
obtained through training are modeled using an HMM where the states are linear paths modeled
by multivariate Gaussians. As in [35] the moments (central) are found by synthesizing various
poses. The moments are associated to the HMM. Altogether a sequence of moments is mapped to
the most likely sequence of 3D poses. Obviously this approach is either offline or includes a

significant time-lag, but it has the ability to resolve ambiguities using hindsight and foresight.

2.3 Human Activities Recognition Approaches

For human activity or behavior recognition, most efforts have been concentrated on using
state-space approaches [36] to understand the human motion sequence [37, 38, 39, 40]. Another
approach is to use the template matching technique [41, 42, 43] to compare the feature which is
extracted from the given image sequence to the pre-stored patterns during the recognition process.
There are still some researches in discussing how to get the human feature from the silhouette
image, like image skeletonization [5, 29], active contours based [1], and so on.

The approaches which are related to human action recognition will be surveyed and
introduced in this section. Besides, the recognition of human behavior is our future desired

research. Some approaches of human behavior recognition will be presented below.

2.3.1 State-Space Approaches

Approaches using state-space models define each static posture as a state. These states are
connected by certain probabilities. Any motion sequence as a composition of these static poses is
considered a tour going through various states. Joint probabilities are computed through these

tours, and the maximum value is selected as the criterion for classification of activities [3]. Most

12



studies using state-space model have applied the methods of ‘Dynamic Time Warping’ (DTW)
[33] or ‘Hidden Markov Model’ (HMM) [30].

DTW is a method of sequence comparison used in various applications such as DNA
comparison in microbiology, comparison of strings of symbols in signal transmission, and
analysis of bird songs and human speech. DTW deals with differences between sequences by
operations of deletion-insertion, compression-expansion, and substitution, of subsequences. By
defining a metric of how much the sequences differ before and after these operations, DTW
classifies the sequences. DTW can also be applied to image sequences. However, DTW lacks the
consideration of interactions between nearby subsequences occurring in time. In many actual
situations, a sequence has higher correlation between closer subsequences than between distant
subsequences [44].

State-space models have been widely used in the recognition of human activities. Hidden
Markov Model (HMM) is a finite set of states, each of which is associated with a probability
distribution. HMM has been successfully applied in speech recognition [10, 35]. Recently, it has
been applied in the research field of image processing and computer vision such as handwritten
character recognition, human action recognition [30, 45], sign language recognition, and facial
expression identification [12]. The conception of HMM comes from the Markov chain. The most
difference between hidden Markov model and Markov chain is that HMM can not acquire the
states of event directly. HMM must utilize the observation function to infer the event states
indirectly. The observation is a probabilistic function of the state. The basic HMM model can see

the Figure 2.6.
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Figure2.6 Hidden Markov Model (HMM)

In order to define an HMM completely, following elements are needed.

B N: the number of states in the posture graph. The model state at time t is denoted as q; ,
l=q¢=N,1=t=T.

B T : length of the observation sequence.

B S={S;|1=i= N }:aset of model-states; if the state is k at time t, it is denoted as q;= S .

B M : the number of observation model-states.

B V={vi|1=i= M} : aset of observation model-states.

B A={a;|1=ij= N} ' a state transition probability distribution, where ~ a;=P(q;at n+1 |
giatn).

B B={bjk)| I=j= Nand 1=k=M } : an observed state probability distribution where
bi(k)=P(viatt|q:=S;j).

B J[I={m| 1 =i= N }: an initial state probability distribution , where
m; = P(qj= Sy).

B )\ =(A,B, n) : HMM parameter.

B 0={01,0;,,...,01} : observable symbol sequence.

The complete parameter set A of the discrete HMM is represented by vector m and matrices A
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and B. In order to accurately describe a real world process such as posture with a HMM, the
HMM parameters have to be selected accurately. The parameter selection process is called the
HMM training process. This parameter set A can be used to evaluate the probability P(O | &), that
is to measure the maximum likelihood performance of an output observable symbol sequence
[46].
There are three basic problems in HMM design:

1. Evaluation problem

Given the observable symbol sequence O={01,0,,...,0r} and the HMM parameter set

A=(A,B, 1), how do we efficiently compute the probability P(O| 1) ?
2. Estimation problem

Given the observable symbol sequence O={03,0;,...,Or} and the HMM parameter set

A=(A,B, m), how do we choose an optimal corresponding state sequence q=(q,,q,,L q;) ?
3. Training problem

How do we adjust an HMM parameter set A=(A,B, m) in order to maximize the output

probability P(O| A) of generating the output observable symbol sequence O={01,0,,...,07} ?

These problems have had complete and effective theory to solve. Problem 1 utilizes the
forward-backward algorithm to reduce computation [49, 50]. Problem 2 uses the Viterbi
algorithm to find the state which has a maximal probability at a given time [47, 48]. Problem 3
utilizes the Baum-Welch algorithm to increase training efficiency [46].

A good tutorial for details of HMM is proposed by Rabiner [48]. HMM has been more
popular than DTW for dynamic representation of action because of its ability to handle
uncertainty in its stochastic framework. For instance, hand motions are classified by HMM [49].
Min et al. [50] used both static representation and dynamic representation for hand gesture
recognition. Yang et al. [S1] applied HMM to classify human action intent and to learn human

skills.
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2.3.2 Template Matching Approaches

The template matching approaches analyze the individual frames first and then combine the
results. The motion magnitude in each cell is summed, forming a high dimensional feature vector
used for recognition. To normalize the duration of the movement, they assume that human motion
is periodic and divide the entire sequence into a number of cycles of the activity. Motion in a
single cycle is averaged throughout the number of cycles and differentiated into it fixed number
of temporal divisions. Finally, activity recognition is processed to use the nearest neighbor
algorithm.

In an early research, Herman [52] utilized the template matching of stick-figures of a given
frame to analyze different poses of a person. The emotions and actions at a given frame based on
the person’s pose are inferred. His stick figure was built by manually locating body parts, and he
analyzed individual frames separately, without considering the interrelations between the frames
in a sequence. Akita [53] used template matching of silhouette images to recognize different
motions of a person in tennis play. Recent work by Bobick and Davis [41], they follows the same
vein, but extracts the motion feature differently. They interpret human motion in an image
sequence by using motion-energy images (MEI) and motion-history images (MHI). The example
can see the figure 2.7. The MEI is binary images containing motion blobs. The motion images in
a sequence are calculated via differencing between successive frames and then threshold into

binary values. The MEI ( E; (X, y,t)) is combined by these motion images in time and is defined:

E; (X, y,t):OD(x, y,t—1) (2.1)

i=0

where D(X, Y, t) is a binary image sequence indicating regions of motion, t is critical in defining

the temporal extent of a movement.
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MHI is to represent how motion the image is moving. The each pixel value is proportional to

the duration of motion at that position. The MHI (H_(X, y,t) ) is defined:

T ifD(x,y,t)=1

H (x,y,t)= 2.2
6.0 {max(O,HT(X,y,t—l)—l) otherwise (22)

The MEI can be generated by threshold the MHI above zero. Moment-based featured are

extracted from MEI and MHI and employed for recognition using template matching.

Key Frame

Move 2

Move 4

Move 17

Figure2.7 Example of MEI and MHI [43]

2.3.3 Silhouette Based Method

In this kind of method, they all focus on how to get the human characteristic features to do

17



the next activities identifications. It means first the image subtractions for the moving object is all
needed to be done. As the silhouette getting the next procedure is divided into some different
method. [1] efforts the active contours features to represent the human postures, [2] take the
Fourier transform concept to develop an image Fourier descriptor method. It will be introduced

one by one.

A. Active Contour Based Method

In the research mentioned, Buccolieri [1] give a method using the active contours as the
image features and take this as the NN input to model a systems in recognition the postures. The
system architecture consists of five sequential modules that include the moving target detection
process, two levels of segmentation process for interested element localization, features
extraction of the object shape and a human posture classification system based on the Radial
Basis Functions Neural Network. Moving objects are detected by using an adaptive background
subtraction method with an automatic background adaptation speed parameter and a new fast
Gradient Vector Flow snake algorithm for the elements segmentation is proposed.

The GVF-snake method can separate the object as the figure 2.8, its detail derivation is not

mentioned here.

(a) (b) (c)

Figure 2.8 Segmentation of a grey-level image through the traditional-snake (a) and GVF-snake (b).Comparison

between the final shape of the GVF-snake and the real human shape (c).

18



In its research, it use the three layers Radial basis function neural network, and as for the
input of these system is the Euclidian distance form the snake center that is shown in the figure

2.9. The Euclidian distance is calculated by the equation 2.X expressed as bellow.

HINTE RN GF AR PR AT

Figure 2.9 Left image shows the active contour at the end of the deformation. Right graphics represent the

relative Euclidean distance and histogram of radial projections.

di:\/(xi—xc)2+(yi—yc)2 i=1--n (2.3)

1 & 1<
xC:_E X, ,yC:—E Vi (2.4)
N [

Where (X,,y.) means the center of the contours and (X_,y.) is the coordinate of each point
on the contour, and n is the number of the contour points. As the features can be extracted the
input is chosen from these data. Although these features are easily evaluated, a high number of
them is necessary (depending of the object’s size) and, moreover, they are too sensitive to excess
parts (noise and shadow) and to lacking parts.

There is another extension active contours method for the analysis of human motions. [5, 29]
take a more deepgoing process to represent a human model. From these, a “star” skeleton is
produced. Two motion cues are determined from this skeletonization: body posture, and cyclic

motion of skeleton segments. These cues are used to determine human activities such as walking or
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running, and even potentially, the target S gait. Unlike other methods, this does not require an a
priori human model, or a large number of ‘pixels on target”. Furthermore, it is computationally
inexpensive, and thus ideal for real-world video applications such as outdoor video surveillance.
For getting the ‘star’ shape of a tracking human model it is using some image process from
segmentation of the moving object and using morphology process like dilation and erosion it
shows in the figure 2.10. The figure shows the whole preprocess procedure step by step. The
process dilation is first fitting the hole in the original image then using erosion the make the

image thinner. Finally grab the contour for the image and finish the pre-process.

Moving target

%

binarization

\
Dilation
(twice)
—

Figure 2.10 Target pre-processing. A moving target region is morphologically dilated (twice) then eroded.

4

Border extraction
I

Erosion

Then its border is extracted.

As the pre-process finished, the data process part is then continued. It is shown in the figure
2.11. The figure shows the main procedure in getting the star skeleton, that is first calculate the
active contour like before and the take the DFT for the data curve, and by using low pass filter to
get the low frequency characteristic. Finally do the inverse DFT can get another smooth curve
and find the characteristic point to represent the apex of the star shape. And the whole diagram is

shown in the figure 2.11.
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O,end

centroid ——

distance d(i/

distance,

0 i
e border position

“star* skeleton of the shape

Figure 2.11 The boundary is “unwrapped” as a distance function from the centroid. This function is then

smoothed and external points are extracted.

As a reason that the star shape is somewhat like our hand and foot, the angle from the shape
can be view as the motion analysis key point. Besides the angle of the star apex the period of the
skeleton changing is also another human motion analysis property. The system then applies the

concept to model a running person motion and the detail here will not to be focused.

B. Fourier Descriptor

In the paper, it assumes that a human silhouette can be extracted from monocular visual

input. The idea behind Fourier descriptors is to describe a silhouette by a fixed number n of

sample points {(X,,y,), -*,(X, .y, )} on the boundary. Since Fourier descriptors can describe only

a single closed-curve shape, we only sample along the external boundary. Sampling can be done
randomly but in practice, equidistant sampling is preferred to make sure the sampling is more

uniform. The sample points are transformed into complex
coordinates {z,,---,z, ,} with z; =X, + Y, *v—1 and are further transformed to the frequency

domain using a Discrete Fourier Transform (DFT). The results of this transformation are called
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the Fourier coefficients, denoted by { f,,---, f, }.

The coefficients with low index contain information on the general form of the shape and
the ones with high index contain information on the finer details of the shape. The first coefficient
depends only on the position of the shape and setting it to zero makes the representation position
invariant. Rotation invariance is obtained by ignoring the phase information and scale invariance
is obtained by dividing the magnitude values of all coefficients by the magnitude of the second

coefficient f;. Since after normalization f, is always zero and f, is always one, we have n-2

unique coefficients given by:

) (2.5)

This descriptor is a shape signature and can be used as a basis for similarity and for retrieval.
When we deal with Fourier descriptors of length n, we actually use only n — 2 coefficients. It is
clear that Fourier descriptors describe a shape globally. The finer details are filtered out. Now
consider two shapes indexed by Fourier descriptors FD1 and FD2. Since both Fourier descriptors
are (n — 2)- dimensional vectors, we can use the Euclidian distance d as a similarity measure

between the two shapes:

d= J(E\ij - FDzj\z) (2.6)
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3 IMAGE PROCESSING AND FEATURE
EXTRACTION

A real time man-less monitoring system requires three main process procedures. One is
moving object segmentation, one is feature extraction and the final is the smart sensing procedure.
The first of all is to subtract the foreground image like the elderly from the background image.
Many segmentation techniques have been developed which can be classified into five types :

(1) Temporal Segmentation,

(2) Spatial Segmentation,

(3) Spatial-Temporal Segmentation,

(4) Motion Estimation Segmentation,

(5) Background Subtraction Segmentation.

In our research we use the fifth kind of method to develop our home care system, we will
introduce in the next paragraph. As the foreground object has been captured the features
characteristic will be extracted from the object. These features will help us in classifying the
human motions. At the final stage we use the Adaptive Fuzzy Rule-based Classification method
to model the system. The extracted features are the system input vectors and the output is the

classified postures. The whole system will be introduced in the next paragraph step by step.
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3.1 Moving Object Segmentation

In this plan, the method we applied in moving object segmentation is the background
subtraction. Its main concept is to subtract the current frame from the background frame to
separate the foreground object. More precisely, we take the difference operation to see the pixel
value change from these two frames. So the problem now is to determine the suitable threshold
value to separate the foreground and background. In this plan, the histogram method is used to
count the difference pixel value and than the threshold value will be decided. More detail will be

introduced in the next sections.

3.1.1 Block Diagram for Background Subtraction

( The Image Processing |
Unit

(" Background
_  Subtraction

v
Auto-Adjust

Threshold Algorithm

" Human Silhouette
. Separation )

( A
Background Update
\ y,
\ J

Figure 3.1 Moving object segmentation diagram.

In figure 3.1, it shows the segmentation procedure. In this method the main goal is to get the

background and foreground image, so at first the CCD camera will automatically take a quick
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shot as the background image. Next step it takes the next frame as the foreground image. Then
the system will put these two image into auto-adjust threshold algorithm to get the moving object
silhouette, i.e. the gray level value between foreground image and background image changing
too large to exceed the threshold the output image gray level value will be assigned as 0. In the
final we will get a two gray level value image which gray level value is 0 or 255. In figure 3.2, it

shows the result of this applied subtract method.

(2) (b) (c)

Figure 3.2 (a) Background Image (b) Object Moving Image (c) Segmentation Result

3.1.2 Auto-Adjust Threshold Algorithm

In this section, the plan will introduce how to decide a good threshold to subtract the object.

In the traditional method is determined by the following equations :

D(X, y,t) =|F (X, y,t) = B(x, Y)| (3.1)
Lo V.1 = F(x,y,t) ,if D(x,y,t)>Th 3.2)
*y:D=1"" A D(X,y,t)<Th

In these equations, F(x, y, t) is the pixel value of current frame. B(x, y) is the pixel value of
background frame Th is the global threshold value and I(x, y, t) is the segmentation result. D(x, y, t)
is the different value between current frame and background frame. So in these two equations
above the different threshold value we choose the segmentation will also have different result.

In order to get the proper threshold value, in this system we will first calculate the AD
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(absolute difference), which is defined as :

ADij :|F(I7 Jat)_ B(Ia J) ,Where i=1~ dX, J =1~ dy (33)

It means that we first need to calculate the difference value for each pixel in the capture image,
where dx means the resolution of the x dimension of the image and dy means the resolution of the
y dimension of the image. After getting the AD value we make a histogram to count this AD
value. More precisely, we take each pixel absolute difference from (dx , dy)=(1 , 1) to (dx ,
dy)=(480 , 640), and assign a row vector, HISTOGRAM(1, 260), to save this value. The length of
this row vector is 260 in order to make sure that every pixel’s gray level difference from 0~255
can be saved. For example, if the AD value is 23 we will put one count in the row vector (1, 23),
i.e. the value of the HISTOGRAM (1, 23) will be added one. Figure 3.3 shows the histogram

plot.
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Figure 3.3 Histogram of AD values, x axis is the AD value of total image and y axis is the counter number

As long as we got the histogram, the Rules of Auto-Adjust Threshold will be realized in the
next four steps.
1. Find the globally maximal counter number.
2. Search the first locally minimal counter number that is located at right side of globally

maximal counter number
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3. If the first locally minimal counter number is greater than 100, find the next locally minimal
counter number as step 2, otherwise the threshold value is not changed and go to step four

4. Check the index of globally maximal counter number. If the index of global maximum equals
zero, the system will decrease the threshold value. The new threshold value is decided from
the point where the SAD variation greater than 150. Otherwise the system does not change

the threshold.

The first step assumes the SAD value of background information is lower than foreground
information. The second step assumes that there is a border between moving object and
background so we find the first local minimum to determine the threshold value. The third step
confirmed that the threshold value would not be influenced by false histogram of SAD different
value. The fourth step checks the index of globally maximal counter number to monitor the camera
noise to apply on different video sequence. If the index of globally maximal counter number equals
zero that means the camera noise is very small. If camera noise is small, we will decrease the

threshold value to adapt different video sequence.

3.2 Features Extraction

Like the figure 3.2 (c¢), we got the binary value image i.e. the black pixel gray value is 0 and
the white pixel gray value is 1. There are many kind of method in discussing how to extract the
human silhouette features, [2] transfer the image into the FD (Fourier descriptor), [1, 5, 29]
calculates the image counter called active contour...etc. In the FD method, it is often viewed the
2-D image as the complex plane. Assume the close plane image curve can be got, it take the
Fourier transform of this curve, and take the dominate term to represent the image feature, It has

the space-invariant characteristic, i.e. the rotation will just differ in phase. But in our goal to
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determine a man which is lying is not properly used here because the lying pose is the rotation of
the standing pose. The other method, Active Contour, is a kind of contour based method. It first to
find out the contour mass center and next to calculate the Euclidean norm between each point and
the mass center. Then the distance data will be regard as the feature of the image. Above methods
are quite useful for some special situation, but it usually takes time to process this algorithm. So
in order to deal with the real time problem, we should take a quick process to find the proper

feature. In the next paragraph, the method we use will be discussed.

3.2.1 Definition of Postures

Actually the obvious human pose in this plan is divided into five kinds of postures such as
stand, sit, lie, kneel and bend. This section will show this kind of pictures and explain some

definition. First we show the stand pose as the figure 3.6.

ERE

Figure 3.6 Stand Postures

In the standing poses the hands motions may be an effect of the parameter we define in the
next section. So in this plan the most frequent poses people will act are included and discussed.
For the purpose to get the real time postures recognition system, besides the standing postures we

also consider the other four kinds of postures, such as sit, kneel, bend and lie. They are all shown
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as below. In the kneeling and bending postures for the convenience of feature extraction, the side

view images are used.

Figure 3.7 Sit Posture

Figure 3.8 Kneel Posture

Figure 3.9 Bend Posture
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Figure 3.10 Lie Posture

As getting these postures definition, it is now important to find the different feature

expression for these different postures. In the next section the feature extraction methods are

discussed.

3.2.2 Definition of Feature Parameters

In fact, in this plan we take the bounding box of human contour, see as the figure 3.11.

Width

 —

H1

Height

Figure 3.11 Bounding box of the human silhouette and its parameters

In the figure 3.11, L1 means the left boundary of the bounding box, R1 means the right

boundary of the bounding box, HI means the upper boundary of the boundary box and F1 means

the lower boundary of the bounding box. M1 is calculated by (F1+H1)/2, it means the middle line
of the bounding box.

Intuitively, the most difference between the human pose is the ratio of height and width, and
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the bounding box will help us to obtain the value we need. Cause of the imperfect of the image
segmentation the subtraction image we got usually has some noise. It is shown in figure 3.2 (c),
the up-right corner has some noise disturbances. The noise will be viewed as the moving object if
we take the boundary by finding the first black pixel we met form left to right, top to down. To
solve this problem, we count the black pixel number column by column. As we known the
moving object will be assigned the black pixels, and it will occupy the large image space. Again
we use the histogram method to record this counter values, figure 3.12 shows the plot. In figure
3.12 the x axis of the lower plot means the x coordinate of the image i.e. it ranges from 1 to 640,
and the y axis means the counter numbers of each coordinate. The max counter line here is point

out the maximum black pixel counter numbers.

Ta Max
Counter
Line

Counter Numbers

o 200 250 300 5
Column Index ®)

Figure 3.12 (a) Segmentation (b) Column Index vs. Counter Numbers
For finding the outer bounding box we check the black pixel counter numbers from the
index of the maximum counter line to the boundary of the image. If the counter numbers of index
(1) and (i+1) are not equal to 0, we set the index to be the bounding box boundary. For example in
figure 3.12, the index of maximum counter line is 239. From column index 239 to column index
640 the first two zero count numbers are column index 311 and 312. Then the right bounding box

boundary, i.e. the parameter R1 in the figure 3.9 is the column index 313. In the same way we can
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find the outer bounding box H1, F1 and L1.

In fact, the hand is rising or not will make the bounding box more complicated. It means that
when the hand is spread like the figure 3.13, the width of the outer bounding box will become
larger than the original width, i.e. the ratio also becomes smaller than the original stand pose ratio.
To accurately determine the real human body boundary in this case we should modify the

bounding box boundary.

Height

1

"t : noise

Figure 3.13 Human Hand Spread Plot

M_Width

Height

Figure 3.14 Modified bounding box of human silhouette

In further discussion, we modify the figure into figure 3.14. The ML1 and MR1 mean the
left and right boundary after modifying. The M_Width means the distance between MR1 and

ML1. The way we find the modified parameters is also using the same histogram way discussed

32



before.

As mentioned before, we take the figure 3.15 for the example. We take some mark for the
figure 3.12 (b) and it becomes figure 3.15. The symbol B is the main body part of human, symbol
A and symbol C are the hand part. It can be obviously found from the figure 3.12 (a) that the
black pixel numbers of hand parts are much smaller than the body part, so the boundary of part A
and part B is chosen by this concept.

First, after finding the maximum counter numbers of part B, we move to the right part to get
the counter numbers of each column. As the process going we pick the column index as the
boundary of part B and part C if the counter numbers of the right part divide by the maximum
counter numbers is larger than the threshold value. The boundary of part A and part B is also
chosen as the same way. It can be seen as the figure, at column index 280 the counter numbers
suddenly drop to a small value so we take the 280 to boundary of the modified bounding box.

A B C

Counter Numbers

150 200 250 300

Column Index

Figure 3.15 Histogram of the human to modify bounding box boundary

Once again the hand effect is not only in spreading out case, but the raising effect. It means
that if the hand is rising over the head the ratio of width-length will be lager than the original case.
By solving this kind of problem we take a quick process to define the head line it is shown below.
The symbol of N1 in the plot indicates the line which is modified as the neck line. The definition
of the line index is calculated by dividing the upper bounding box into three part and we take the

1/3 length for its coordinate. M_Height here represents the length form N1 to F1.
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M_Height

F1

Figure 3.16 Definition of neck line plot

In the next paragraph the two postures, kneel and bend will be discussed. Cause of the
specialty of these two postures, that is the length-width ratio of these two postures are easily
confused with the sit postures, it is necessary for finding another proper parameters.

The main concepts of our feature extraction are based on the shape method. That is the
formation of the postures shape is a kind of index to point out the different postures. Take the
kneel postures for example, that is show a below in figure 3.17. In the figure the symbol KN 1
means the parameter to define the kneel-pose line, and the BN 1 means the parameter to define
the bend-pose line. More concisely, the other two parameters are defined to calculate the features.
The line index of KN 1 is found by finding the maximum black pixel numbers from the half line
of lower bounding box to the bottom line of the lower bounding box. It can be drawn as the fig.
3.17 shown. The meaning of BN 1 line is also very clear seen as the fig. 3.18. In the bend-pose,
the number of black pixels in the line BN 1 are obviously large than others. For the quick process
procedure the line of BN 1 are chosen by take the half of the upper bounding box. For recoding
the two parameters we use the symbol of Pixel(BN 1) and Pixel(KN 1) to stand for the pixel

numbers of the KN 1 line and BN 1 line.
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Width

Height

Figure 3.17 Parameters of kneel-pose

Width
H1

Height

F1

Figure 3.18 Parameters of Bend-pose

. Original _length—width _ ratio = (Height /Width) = x,

. Modify _length—width _ratio(1) = (Height/M _Width) =X,

. Modify _length—width ratio(2)=(M _Height/M _Width)=x_,
. Kneel _ratio = (Pixel (KN _1)/Pixel(BN _1)) =X,

. Bend _ratio = (Pixel(BN _1)/Pixel(KN _1)) = x,
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Figure 3.19 All of the Feature Parameters Plot.

By summing all above up, we can derive five main feature parameters for our classifier
system. It can be summarized as the five equations shown below. Figure 3.19 shows the
parameters plot for the system. All the five parameters can be derived from the plot, ant the plot
in other words is the summary of all the plots shown before. So in our processing, every image
taken by the CCD camera will be through the image subtraction and feature extraction. Then we
can get the feature extraction vector which has the five components,

like X =(X,,X» X5 Xc» X,) Tepresents.

02 'ml1> 'm2>°

36



4 ADAPTIVE FUZZY RULE-BASED
CLASSIFICATION SYSTEMS

This paper proposes an adaptive method to construct a fuzzy rule-based classification system
with high performance for pattern classification problems. The proposed method consists of two
procedures: an error correction-based learning procedure and an additional learning procedure. The
error correction-based learning procedure adjusts the grade of certainty of each fuzzy rule by its
classification performance. That is, when a pattern is misclassified by a particular fuzzy rule, the
grade of certainty of that rule is decreased. On the contrary, when a pattern is correctly classified,
the grade of certainty is increased. Because the error correction-based learning procedure is not
meaningful after all the given patterns are correctly classified, we cannot adjust a classification
boundary in such a case. To acquire a more intuitively acceptable boundary, we propose an
additional learning procedure. We also propose a method for selecting significant fuzzy rules by
pruning unnecessary fuzzy rules, which consists of the error correction-based learning procedure
and the concept of forgetting. We can construct a compact fuzzy rule-based classification system
with high performance. Finally, we test the performance of the proposed two methods on the pose

recognition system.

4.1 Fuzzy Rule-Based Classification Systems

In this section, a method for auto generating fuzzy if-then rules systems will be introduced.
First step is generating the fuzzy if-then rules by using the data partition in the fuzzy subsets.
Next we define the fuzzy classification procedure, and at last we introduce an adaptive learning

method to correct the error classified postures. As the three main processes are done the system is
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constructed.

4.1.1 Fuzzy Rule Generation Procedure

Let us consider the training patterns are normalized between the axis [0,1]. For example, if

the training vectors have the dimension of X,x X, then the dimension is [0,1]x[0,1]. Now
suppose that we have n training vectors pair X, =(X,;, Xy, 5 X,,) P=1,2,---,n which is

divided into M classes :class 1(C1), class 2(C2)---class M( CM). In our research, the training
vectors have five components like length-width ratio, modified length-width ratio---, and the
classified categories are stand, sit, kneel, bend and lie. The classification problem here is to
generate fuzzy rules that divide the pattern space into M disjoint decision areas. For this problem,
we employ fuzzy rules of the following type :

RE -

. . . K . . K . . K
if X, isin A” and X, is in A;" ---and X, is in A,

4.1
then classify X, as class Cm with CF = CF , *D

i=1---K,j=1---K,--,u=1---K,m=1--M

Where the RY

ij---u

the rule number, AK , A;< o, A]K are fuzzy sets on the unit interval [0,1], Cm

means the consequent class (in this plan is five). The K means the numbers of the fuzzy subsets

in the axis of universe [0,1]. In the plan we set the K equals to 5 like figure 4.4.

Membership

Pavaavad

' 1.0

1.0
0.0
Attribute value

Figure 4.1 Plot of membership function of K=5 subsets.
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In fuzzy systems, the membership functions have various kind of type, like triangular, bell
and trapezoid. The membership function we choose here is the triangular membership function. It

can be described as the following equation :

_ K
yiK(X):max{(l—Xb—KaiJ,O} Ci=lK
I

Where aiKZI; ,i=1---K b" =L
K-1 k-1

(4.2)

For more detail discussions, a don’t care term is added for the consideration, the don’t-care
term membership function is plot as figure 4.5. In the fig. 4.5, it shows the membership function
shape of the don’t-care term for a two dimensional training vector. The generating rules method
are calculated by X,xX,x---xX_~ so the numbers of rules generated by the method are
(K+1)™, where m is the numbers of the training vector, in the plan m is equal to 5. It means that
we have 6° rules before eliminating the dummy or unnecessary rules. After the procedure the

CF values are calculated by the method below.

don’t carc

0.0 1.0

X1

Figure 4.2 Two dimension membership function with don’t-care term

1. Calculate the S, for T=1---M as
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Ber = 2t (X O (X))o 448 (X ) (4.3)

peCT
2. Find Class X (CX) by
Bex =max(f,, Pey> > Pow ) In the plan which 1s represented as

IBCX = max(ﬁcfsit’ﬂcfstand ’ﬂcfkneel ’ﬁCfbend ’ﬂcflie) (44)

If multiple classes take the maximum value in (4.4), the consequent CX of the fuzzy rule
corresponding to the fuzzy subspace cannot be determined uniquely. Thus, let CX be dummy class

and the procedure is terminated. Otherwise, CT is determined as CX in (4.4).

K . . .
3. CF”,_.LI is calculated by the following equations

CF, ='6;(,|3X—_'B , where B= ) P (4.5)
Zﬂ cizex M =1
CT
T=1

Here if we take an example for a three class i.e. we just classified the pose into pose-sit,

pose-stand and pose-lie. The CF value will be calculated as below.

ﬂcfsit _ﬂ ’ where E _ (ﬂcistand +ﬂc7lie)

CFX —
(ﬂcisit +ﬁC75tand +/BC7Iie) 2

ij-u —

sit

(4.6)

Take more consideration, the meaning of f.; = Z u" (Xpl)ﬂu;( (Xpp) 7 (X,m) 1s to see
peCT

the partitions of each pose in the fuzzy subsets. Then compare and find the maximum value to
decide the rules which is guiding the decision of this pose. It is described as the equation (4.4).
CF value are the index of fuzzy if-then rules, it represents how certain the rules in classifying the
poses. After the parameters are getting by us the next step is to the main classified process i.e. the

fuzzy reasoning parts.

4.1.2 Fuzzy reasoning
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When the antecedent fuzzy sets of each fuzzy if-then rule are given, we can determine the
consequent class and the grade of certainty by the heuristic rule generation procedure in the
previous section. Here we assume that we have already generated a set of fuzzy if—then rules for a

pattern classification problem. In our fuzzy classifier system, we perform the fuzzy reasoning via

the single winner rule. The winner rule RS

i for the input pattern X, is determined as :

€s) (4.7)

-u

(' (X )ICF' = max(;u(xp)ECFij}f-u | Ry.
where u(X,)= ' (Xpl)D,uf (Xp) ol (Xom)» S is the generating rule sets. That is, the winner
rule has the maximum product of the compatibility x(X,) and the grade of certainty CFij'f,u. In

other words, assume that we got a training pattern, X ; = (X, X,,,X,;), once the membership

pL>
function is needed to be considered, we divide the five linguistic variables are small, medium

small, medium, medium large and large, so the fuzzy if-then reasoning rules is described as

below.

iju -
If x,, is small and if X, is large and if X, is medium small

then Class C; with CF =CF |

As shown in the previous, if we have 100 if-then rules for the classifier problem, we will
calculate 100 times the CF values and find the maximum CF value to see which class the CF

represents. The mathematical representations are shown below.

1. Calculate o, forclass T=1---M as

Gy = max {4 ()% 225 (%) * 1 (X,5) *CFi¢ | Ry €S 48)

2. Find Class X (CX) maximizing o.; by
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Oy :max{am,am,---,am|T=1---M} (4.9)
By combining these equations the classified problem can be easily done. When multiple
classes take the maximum value of «; , the classification of the unknown pattern will be rejected

in this procedure.

4.1.3 Learning Algorithm

So far the classified system is almost finished except the miss classified part. The fuzzy
reasoning part although can almost solve the classified problem but the blurred data. It means that
it can be misclassified in the follow steps if we don not add the learning algorithm. To adjust the
grades of certainty of the fuzzy rules, we use the following error correction-based learning

procedure.

1. When X, is correctly classified by RS

ij---u

CFX, _NEW =CFX, _OLD+7I(I-CF}, _OLD) (4.10)

ij---u

K
ij...u'

2. When X, is misclassified by R

CE"

ijo--u

_NEW =CFf, OLD-72*CFf, OLD (4.11)

Where nland 72 are learning constants. Generally, because the number of correctly

classified patterns is much larger than that of misclassified patterns, the grade of certainty of each

fuzzy rule tends to be increased to its upper limit (i.e., CFij*f,u =1) by (4.10) if we choose the

proper 71. In other way, the misclassified training patterns will be narrow down by choosing the

proper 12. By this assumption, we take the value for these tow constants 0 <nll] 72<1. A
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learning method with Procedure C for generating a fuzzy rule-based classification system can be
written as the following algorithm.
1. Initialization :

a. Set the stop iteration numbers J . and desirable classification rate.
b. Let K be the number of the fuzzy subsets in each axis of the training vectors.
c. Generate the fuzzy if-then rules by using procedure A.

2. Classification -

a. Classify all the training patterns with the generated fuzzy rules and calculate the

classification rate.

b. Stop the algorithm if J =J_, or the classification rate is reached.
3. Tuning the grades of certainty (CF values) :

(a.) Stop algorithm when the classification rate is reached.

(b). Set J=J+1

(c.) Perform the learning procedure in C for each pattern.

(d.) Go back to step 2.

4.2 Apply the AFRBCS in Posture Recognition

In our plan the, each subtracted image has the five feature parameters as in the section
mentioned above. That is the training pattern vector for each image is expressed

as X =(X,»Xm» Xma» X X, )» €ach element in the vector is introduced before. As mentioned before
we have the five postures needed to be classified, and it will show the feature parameter

distribution for them. Figure 4.6 shows the five postures feature vector distribution plot. In our

training patterns the vectors have five dimensions it excesses the three dimensions expression, so
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in the plot it will show just only two dimensions to explain the concepts. In figure 4.6 x axis
means the first element of the training vectors that is the original length-width ratio, and y axis
means the second element of the training vectors that is the modified length-width ratio. In this
figure the circle points represents stand postures, star points represents sit postures, diamond
points represents lie postures, triangular points represents kneel postures and the pentagram

means the bend postures. It is easily found that the boundary of these data is not well-defined.
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Figure 4.3 Training vectors of five postures distribution in the two dimensions (Xo0,Xm) plot.

For the kneel postures, parts of them have almost the same partitions with stand postures. It
means that the tow dimensions can not character all of these five postures, so that’s why the kneel
ratio and bend ratio are needed. Figure 4.7 will show another two different dimensions plot for
differing kneel and stand postures. It can be found that kneel ratio can separate kneel posture
from the other postures.

So dose the bend posture once again we plot it as the figure 4.8. In the figure we use a
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different x axis as the modified length-width ratio for explaining more conveniently, and the y

axis means the bend ratio.

35+

25+

Kneel Ratio Xk
2
P
B>

1.5

<

o ok

0.5+ #* *’ *i

0 1 1 1 1 1
0 05 1 1.5 2 25 3 35

Original lenght-width Ratio Xo

Figure 4.4 Training vectors of five postures distribution in the two dimensions (Xo0,Xk) plot.
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Figure 4.5 Training Vectors of Five Postures Distribution in The 2-D (Xm,Xb) Plot.
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For generating rules, the data partitions in the fuzzy subsets are calculate. Take the standing
postures for example, we will show how to generate the fuzzy rules for recognition the standing
postures. At first we choose 15 training vectors for each pose, and each vector has the 5 elements
as shown before. In the fuzzy membership functions we defined are distribution in the x axis [0,1],
so we have to normalize the data into the interval [0,1]. The normalized equation is stated as

below.
Xnormalize = (X - Xmin ) /(Xmax - Xmin) (4 12)

First of all as we get the training vectors the generating rules procedure is to calculate the

P by using equation (4.3). For convenience to show the /f.; values, the membership
functions are assigned some index for them. That is the membership function of “small” we
assign it as number 1, the membership function of “medium small” we assign it as number 2, and
so on. The “don’t care” membership function is assigned as number 6. As mentioned before there

are 6° =7776 rules before vanishing unnecessary dummy rules.

In table 4.1 the rule 1 means the fuzzy if-then rule which represents as

Rule 1:
If x; is small and if X, is small and if X; is small

and if X, is small and if X; is small then Class C; with CF = CFU.'f,u

For the same inference the other rules are the same form as shown. As we define the index for

these membership functions the next is to calculate S, so that we can use the f, value to

tand tand
design the rules for understanding the stand postures.

And the p, can be calculated from the membership function rule by rule, that is we will

tand

fit the standing training patterns into these membership functions and see how they distribute. In
the final results we have 675 if-then rules for standing postures, and it is too trivial to explain

how to generate each rule by the /S, ., Vvalues. So we just take some of these rules for example.
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\

Rule 1

Rule 2

Rule 3

Rule 4

Rule 5

Rule 6

Rule 7

Y

NP, |R, |-

Rule 7775

Rule 7776

In table 4.2 it shows the 15 standing postures training patterns, each element of the patterns

are normalized into interval (0,1). As we put the 15 input standing training vectors in the table 4.2

into each rules in the table 4.1, the first nonzero /S,
membership functions 24411. The nonzero £, value is 0.0037, and it is a very small value to

compare with other /.

lass

so fitted for recognizing standing postures.

Table 4.1 Generating Rules Index Form.

tand

term 1s the Rule 2053 that is the index of

values. It can be considered as that the Rule 2053 (index 24411) is not

\ X, X, X X, X
Stand 1 0.912843 0.981392 0.981469 0.36904 0.184669
Stand 2 1 0.907653 0.9077 0.277973 0.257307
Stand 3 0.803819 0.69307 0.692588 0.269139 0.242014
Stand 4 0.871147 0.870021 0.868772 0.29144 0.275882
Stand 5 0.832914 0.863768 0.865014 0.27932 0.318522
Stand 6 0.89761 0.762438 0.764133 0.159426 0.281974
Stand 7 0.80421 0.988638 0.989521 0.207169 0.281974
Stand 8 0.534074 0.975375 0.975586 0.226751 0.402334
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Stand 9 0.352448 0.858483 0.859735 0.228675 0.192778
Stand 10 0.334406 0.934312 0.935649 0.267355 0.217936
Stand 11 0.372614 0.988231 0.988933 0.280958 0.605972
Stand 12 0.483742 1 1 0.333943 0.466719
Stand 13 0.639042 0.774204 0.773661 0.224579 0.19415
Stand 14 0.915131 0.674471 0.673494 0.213016 0.208518
Stand 15 0.984026 0.75206 0.750975 0.276192 0.217523

Table 4.2 Training Patterns for Stand Postures

In the table 4.3 it shows parts of the nonzero f,,., value terms. Cause of too large number

of rules generated, table 4.3 just shows the first 15 rules. In the table the bolded sign means the

values of f,, , are larger than the other /. values. Although part of the S, , values are

seems very small like Rule 2062, Rule 2065 Rule 2067and Rule 2068 and so on. It means the

other f,. values may be zero, so the zero f,, value-rules may not act in recognizing

standing postures.
So in such a system, how to decide which rule is the postures precognition rule is decided by

the S, Vvalues. Once we take the table 4.3 for example, as we mentioned before the bolded

sign means the rules’ f,. are larger than other postures. Like Rule 2060 the g, , value is

tan

equal to 0.168557, and its S, value is equal to 0.0551, and the rest f,,, values are equal to 0,

so the f,,..4 value is the biggest of all. Then the Rule 2060 will be defined as the rule to

tan

recognize the standing postures, that is the rule can be written as

Rule 2060 :
If x, is MS and if X, is ML and if X; is ML

and if X, is MS and if X is MS

then the posture is Class C,,, with CF,__, =CF,,,

Stan tand
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Here the MS and ML are represented as the membership functions for the linguistic variable of
medium-small and medium-large. In the above rule the CF value is calculated by the equation

(4.5), and it will be introduced in the next paragraph.

\ X X X X Xs Bang
Rule 2053 2 4 4 1 1 0.00366
Rule 2054 2 4 4 1 2 0.01233
Rule 2058 2 4 4 1 6 0.015989
Rule 2059 2 4 4 2 1 0.044592
Rule 2060 2 4 4 2 2 0.168557
Rule 2061 2 4 4 2 3 0.000536
Rule 2062 2 4 4 2 4 0.000394
Rule 2064 2 4 4 2 6 0.214079
Rule 2065 2 4 4 3 1 0.000399
Rule 2066 2 4 4 3 2 0.002711
Rule 2067 2 4 4 3 3 7.58E-05
Rule 2068 2 4 4 3 4 5.57E-05
Rule 2070 2 4 4 3 6 0.003241
Rule 2083 2 4 4 6 1 0.048651
Rule 2084 4 4 6 2 0.183598

Table 4.3 Rules for Recognizing Standing Postures (the first 15 terms).
Biiand B Bie Prcel Biend
Rule 2060 0.168557 0.0551 0 0 0

Table 4.4 Each Pass Value of Rule 2060.

For calculating the CF,, value for the Rule 2060, we list each S, value to explain how

lass

to get the CF,,, value. According to the equation (4.5) we put each S, value into the

lass

equation and we can write as the following form
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CF = lBstand _(ﬁsit +ﬂ|ie +ﬂkneel +ﬂbend)/4 = 0169-(0055/4) =0.919.
2060 Buws + Bas + Brc + Beost + Boeng) (0.169+0.055)

For this example it can be more easily to explain the meaning of CF values. That is the meaning

of the value is to see how certain the rule is in recognizing a posture. From the above equation we

know that if the value of S

it T Biie T Bieel T Poeng 15 bigger than the B, , value, the CF value
will become much smaller that is the rule is not efficient enough. For the same method the

other .. values can be determined. As the same procedure all the rules’ CF values can be done,

lass

and based on these CF values we can do the fuzzy reasoning parts as the section 4.2.2.

For reasoning part the value 4/'(X,)'CF" of each rule is needed to be calculated that we can

use the values and find the max(,u(xp)[CFij'fLI | R;

. €9S) value to decide the training vector is
which posture class. To explain the reasoning procedure we list some tables for it, the table 4.5

shows the training vectors versus the postures. It is said that the first column shows the postures

and each row shows the postures’ parameters. In the table 4.6 it shows the values of

,u(xp)ECFij’f_u |R: ., €S for the five postures, and the bolded signs mean the maximum values

ij-

that can also represent as max( ,u(Xp)ECFij’f_u | Rij_,_u

€S).

\ X, X, X, X, Xs
Standing 0.9128 0.9814 0.9815 0.369 0.1847
Sitting 0.4761 0.3645 0.3634 0.1957 0.0934

Lying 0.0223 0.3 0.2966 0.7507 1
Kneeling 0.4741 0.9485 0.9459 0.9652 0.0768
Bending 0.262 0.199 0.1986 0.0975 0.3266

Table 4.5 Five postures and its corresponding feature parameters.
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\ Standing Sitting Lying Kneeling Bending
max(u(x, ) CF,,.) | 06514 0.0506 0 0.3349 0.056
maX(,u(Xp YCF,,) 0.0787 0.3379 0.1528 0.0041 0.0971
max(u(x, ) CF;,) 0.1186 0 0.1851 0.0059 0.1826
maX(lu(Xp)[CFkneel ) 0.2135 0.1388 0.0133 0.7717 0.0041
max(£(X ,)[CFyq) 0.1131 0.3197 0.0593 0.0739 0.5929
%
Table 4.6 Training Vectors vs. maX(’u(Xp) CFes) Values.

In our system, each posture we have 15 training patterns that is we have 15 standing training
patterns, 15 sitting training patterns, 15 lying training patterns, 15 kneeling training patterns and
15 bending training patterns. In table 4.5 the first column is one of each posture training pattern.

Before we talk about this, in the generating rules procedure it generates 675 rules for standing
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postures, 484 rules for sitting postures, 55 rules for lying postures, 403 rules for kneeling postures
and 232 rules for bending postures. Figure 4.8 to figure 4.12 shows parts of the training postures

pictures.

Figure 4.7 Standing Training Patterns Images.

Figure 4.8 Sitting Training Patterns Images
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Figure 4.9 Lying Training Patterns Images

Figure 4.10 Kneeling Training Patterns Images

Figure 4.11 Bending Training Patterns Images

In order to obtain the table 4.6, the 1(X, ) CF,. values are needed to be calculated rule by

lass
rule first. Once we take the standing training pattern in table 4.5 for example, we put the vector

into all the fuzzy if-then rules and calculate the u(X,)CF, values then we list

lass
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the max(u(X,)CF,,) values in the table 4.6. More precisely speaking, the value 0.6514 is the

maximum value of these standing rules for the standing vector, which is the result of the equation

(4.8). In other words here the values we calculate in the table 4.6 are defined in the equation (4.8)

that is «g,, =0.6514 , a4, =0.0787 , o, =0.1186 , . =0.2135 and «,,,, =0.1131 . By

stand

using the equation (4.9), the largest a.; valueis «,,, =0.6514 so the output pose is standing.

stand
In the same reason the other four postures can be judged.
Although most of the postures can be classified by using the first generated rules, there still
exist few error classifying conditions. Like our classified system, in the first iteration (that is
without the learning algorithm) there are 2 errors in classifying standing postures, 2 errors in
classifying sitting postures, 4 errors in classifying lying postures, 1 error in classifying kneeling
postures and 2 errors in classifying bending postures. So adding the learning algorithm is
necessary.
By using the learning algorithm shown in the above section 4.2.3, we set the learning
constants 71=0.001 and 72 =0.1 . As the learning procedure it iterates about 20 times to get

the 100% classified rate. In the next chapter we will introduce the whole system architecture and

the testing demo pictures also be introduced.

54



5 EXPERIMENT AND RESULTS

The real time monitor system in postures recognition in our research is constructed. To deal
with the moving object subtraction we use the auto-threshold background segmentation method,
and a human silhouette will be got. Then the feature extraction will be determined in the next step,
and apply the AFRBCS system in recognition the postures parts. The whole system will be
realized in the previous method we mentioned. In the next section we will show the experiment

results and shows the classification rate.

5.1 Hardware Architecture and Environment

In the system process diagram as shown in the figure 1.X, in our system we use the PC

platform to set up this experiment environment. The equipment are listed in the below table.

1. PC (Intel Pentium 4 with CPU 3.2G Hz 1.96G RAM)

2. CCD camera (EverFocus EQ500/N)

3. Image restoration card (Matrox Meter 1I)

4. Simulation Software (MATLAB® 7.1 R14)

Table 5.1 List of experiment equipment.

The system can take 30 FPS like a usual real time monitor system. In general situation it is
not necessary to take so many frames to monitor an environment, so we take 3 frames per second

to deal with the general monitoring system.
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As a reason for the assumption of the home care system, so the experiment is taken in the
indoor environment. For the background subtraction method often we will take a more monotonic

scene and with only one moving object. In the next section it will show the experiment results.

5.2 Experimental Section

For two kind of situation we take two different demo video to explain the result, one is the
different postures recognition the other is ill-postures recognition. That is in the first demo we
will show the image and output in recognizing which posture the image is. The second demo part

will show the ill-posture, when a people is lying down in the floor.

A. General Posture Recognition Demo

In this part the demo will show the output of each image frame. In the output images, the
white line index out the outer bounding box and the bottom label shows the postures recognition
results. The figure 5.1 shows the demo frames one by one, the first 25 frames are the standing
postures and the next 30 frames are sitting postures and the kneeling postures and bending
postures. In the figure we just only show parts of the demo images, we cut the main postures parts

to show the results.
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(a) Frames of Standing Postures
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(b) Frames of Sitting and Standing Postures
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(c¢) Frames of Sitting and Kneeling Postures
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(d) Frames of Kneeling and Bending Postures.
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(e) Frames of Bending Postures.

Figure 5.1 General Postures Recognition Demo Images

B. lll-postures Recognition Demo

In the paragraph we assume a situation that if a people walk inside the room and then sit on
a chair finally when the people get up from chair and suddenly fall down on the floor. In our
system the main goal is to find out the people fall down and alarm the watcher to see what
happen in the room. Figure 5.2 will show the demo frame by frame and the output image
expressions are the same meaning as the figure 5.1. In the figure 5.2 (¢) and (d) the people are

falling down and our system can alarm immediately to the output window.
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(a) Frames of standing postures.
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(b) Frames of standing and sitting postures.
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(c¢) Frames of sitting and lying postures.
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(d) Frames of lying postures.

Figure 5.2 Ill-postures recognition demo images.

For above two demo images we show a real time monitoring home care system, no matter in

the various postures recognition or in the ill-postures recognition it works with little errors. In
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table 5.2 it shows the hit rate for our classified system. In the figure 5.1 and figure 5.2 we just
show the part frames from the original demo frames, so in the table 5.2 we will show the total
frames of these two demo images and the hit rate. From table 5.2 the two demos, when the
postures are transforming the classified rate will decrease that is the transition of two postures act

a poor appearance.

Postures Stand Sit Kneel Bend Total
Demo(1)  47/50=94% | 30/33=91% | 27/27=100% | 15/15=100% | 119/125=95.2%
Postures Stand Sit Lie Total
Demo(2) 50/56=90% | 34/34=100% 10/10=100% 94/100=94%

Table 5.2 Hit rate for the demo images.

In this section we show the total system architecture and the demo results for our real time
human postures recognition. Although cause of the processing time it just take three frames per
second, the classified rate is also can hold on the 90 percentage. In the general situation that

people action is not so variable in one second the system will work well.
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6 DISCUSSIONS AND CONCLUSIONS

In the plan, we present a real time postures recognition monitoring system. It has the
potential to recognize the general postures and gives a good classified hit rate. In the research, we
first use some simple concept to grab the human bounding box to get the feature parameters, like
some ratio of the body length and width. The feature extraction may not so difficult to get but it
may happen some ambiguous situation in data distribution. So we then present a method based on
the fuzzy if-then rules systems to modify how the class distribute.

In our method, the data with close characteristic may still have some boundary to separate
them. That is with our method the auto generating rules can apply to this kind of classified
problem and solve it well. The adaptive fuzzy rule based method can automatically adjust the
grades of certainty of fuzzy rules. The method also has the learning ability to improve the error
situation that is the ability to correct the errors. Finally we establish a real time system for
recognizing the postures three frames per second.

For our future work, we may build an embedded system to make the whole system in a chip.
As the chip is created, everyone can set it on any camera and show a real time postures

recognition results. It will be a benefit to the development for the home care systems.
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# < We present a real time postures recognition monitoring system. It
has the potential to recognize the general postures and gives a good
classified hit rate. In the plan, we first use some concepts to grab the
human bounding box to get the feature parameters, like some ratio of]
the body length and width. We then present a method based on the
fuzzy if-then rules systems to modify how the class distribute. In our
method, the data with close characteristic may still have some
boundary to separate them. That is with our method the auto generating
rules can apply to this kind of classified problem and solve it well. The
adaptive fuzzy rule based method can automatically adjust the grades
of certainty of fuzzy rules. The method also has the learning ability to
improve the error situation that is the ability to correct the errors.
Finally we establish a real time system for recognizing the postures.
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