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ABSTRACT

The elderly population is expected to more than triple by 2050 in the United States alone. This indicates
the growing need of medical innovations that are expected to deliver convenient, user-friendly, and intelligent
health care in the home. In particular, the use of computer vision and artificial intelligence offers a new
promising solution to analyze human behavior and detect unusual events. We propose a novel method to
detect unintentional falls, which are one of the greatest risks for seniors living alone. Our approach is based on
a machine learning technique, in which we use a human skeletal joint data from a Red Green Blue Depth
(RGBD) sensor, Kinect. To the best of our knowledge, this is the first fall detection research utilizing machine
learning mechanism with joint information. After building a solid definition of various types of falls, the
system is trained using Support Vector Machine (SVM) in two separate layers, which we call Double Layer
SVM (DLSVM). Our evaluation results show that our proposed system can efficiently detect different types of
falls facing various directions from the camera and is capable of accurately distinguishing an actual fall versus
a fall-like behavior.

Keywords: activity detection, behavior recognition, fall detection, video surveillance, support vector machine
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I. INTRODUCTION

Today, those who are aged 65 and older exceed 35 million, representing 12.9% of the U.S. population [1].
As the Baby Boomer generation ages, the need for elderly care significantly increases, especially in emergency
situations when they live alone or are left at home unsupervised. There are many risks that can cause harmful
injuries and even cause deaths in these situations. Of many unintentional home injuries, falls are the most
common cause of injury amongst the elderly population, resulting in hip fractures, severe head injuries, and
joint dislocations. Falling is also the leading cause of accidental death in this age group. An estimated 10,000
elderly die each year from accidents related to fall. These incidents have a tremendous impact on medical
cost. In U.S., more than 20 billion dollars are spent annually on seniors treating injuries caused by falls [2].
The Center for Disease Control and Prevention (CDC) estimates that by the year 2020, the annual direct and
indirect cost of fall injuries is expected to reach 54.9 billion dollars [3]. Furthermore, studies show that 30 to
50 percent of elderly has a fear of falling down [4]. The fear itself increases the risk of falls, as well as
resulting decreased activity isolation, and depression. In order to provide a convenient, cost effective method
of detecting a fall for elderly individuals in emergency situations, we specifically focus on an efficient fall
detection method using a surveillance system.

Previous studies for fall detection are limited to utilizing devices such as, help buttons or accelerometers [5].
However, it does not guarantee a fallen person to be notified to others when that person cannot reach for the
button or forget to wear the device. There are also recent studies being done on external sensors, such as,
floor vibration detectors [6]. These devices can be resolving solutions, but they require complex setup with
floor dynamics, and research is still in their infancy.  Additionally, another way to detect falls is using a video
camera system with computer vision algorithms. For example, 2D cameras are used to measure the bounding
box ratio of the person and detect the velocity of the fall [7]. However, the detection is not sufficient to
determine an actual fall in comparison to a daily activity.

We present a novel approach to achieve reliable, real-time detection of unintentional falls by using an
inexpensive Red Green Blue Depth (RGBD) sensor called Kinect. One of the major challenges to our proposed

approach is specifying what constitutes many different types of fall of all directions from the camera versus



fall-like behaviors (e.g. lying down, sleeping, etc.) and normal daily activities (e.g. walking, cleaning, etc.).
Our main contribution in this paper is to overcome this challenge while keeping the accuracy rate high and
false positive rate low.

Generating a catalog of falling behaviors is the first step of our approach. To address the challenge of
behavioral detection, we specify the behavior with (X, y, z) skeletal coordinate data and provide a compact
representation of the falling behavior.  After building a solid definition of various types of falls, we train the
system using a machine learning classifier called Support Vector Machines (SVM) in two separate
classification layers: one for body shape detection and the other for motion sequence detection, which are
collectively referred to as double-layer SVM (DLSVM). By combining our proposed DLSVM algorithm with
Kinect, we implement a novel system called Intelligent Fall Detection System (INFADES). INFADES is
designed to detect all types of falling behaviors and is capable of distinguishing an actual fall versus a fall-like
behavior in an accurate manner. Moreover, our performance evaluation results demonstrate that its robustness
is significantly increased to 97% accuracy. The methodology that we developed for fall detection system can

be extended to a generalized behavioral video surveillance.

Il. BACKGROUND - CURRENT FALL DETECTION
APPROACHES

1. Accelerometer

The damage from unintentional fall is increased if the person cannot call for help in a fallen situation. One
common approach to solve this issue is by using wearable device such as accelerometer [5] which is an
electromechanical device that measures acceleration forces. As part of the process of measuring acceleration,
the accelerometer yields information of vibration, inclination, and shock that contributes to the detection of
falls.

As part of the process of measuring acceleration, the accelerometer yields information of vibration,
inclination, and shock that contributes to the detection of falls. One of the more common examples of the
modern accelerometer is known as Microelectromechanical System (MEMS) device [8]. This is a simple
device that functions mainly with the cantilever beam and circuits that are designed for the purpose of

detecting the presence of deflection senses. Gyroscope [9], which is a device for measuring body orientation
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based on the principles of angular momentum, are also used along with the accelerometer in order to detect
falls at an earlier stage. Another accelerometer approach to detect falls is based on applying accelerometers
onto Android smartphones [10, 11].

The major drawback of this technique is that the sensors are to be worn or carried everywhere, and require
batteries which need to be recharged regularly for adequate functioning. If in any case such detectors are
forgotten to be worn or recharged, which is very common for elderly individuals, no fall will be detected as the
device is not triggered. DLSVM does not limit the use of (x, y, z) coordinate data from accelerometers as we
know the extensive researches that are out there to support the motivation of unintentional falls. However, to
address the concerns from this device, utilizing our system can significantly enhance the safety of the user in

emergency situations.

2. Floor Vibration

In contrast to accelerometers, floor vibration-based fall detector [6] is another common research topic in
detecting falls. The approach is based on the detection of fall vibration patterns that are significantly different
from vibration generated by normal daily activity. The method using floor vibration sensors is inexpensive and
preserves privacy; however, the performance is insufficient when the detection varies with different floor

dynamics.

3. Video Based Fall Detection

Video surveillance offers a promising solution for automatic fall detection, as no body-worn devices are
needed. Many researches have been done on detecting falls using image processing techniques. A commonly
used method to detect falls is to analyze the ratio of the moving object’s bounding box [12]. Due to problems
of occluding objects, Rougier et al. [13] proposes to fit an ellipse on the foreground area, using a ceiling-
placed, wide-angle camera. Furthermore, the works analyzed by Lee and Mihailidis [14] used a person
silhouette and the 2D image velocity to detect falls with thresholds for normal zones of inactivity. Nait-Charif
and McKenna [15] used ellipse representing the person and detected abnormal inactivates outside the normal
inactivity zones such as chairs and sofas. Moreover, Rougier et al. [16], proposed a shape matching technique
to track the person’s silhouette along the video sequence. Despite the achievements that image processing has

provided for visual fall detection, there are yet many challenges to overcome:
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1) Video surveillance systems need to be robust to image processing difficulties, especially background
modeling and object segmentation with issues of high video compression, shadows and reflection, and
cluttered background. Problems occur when there is a poor job extracting all the relevant pixels required
to track a person.

2) Visual fall detection is prone to high levels of false positive. Differentiating a falling behavior versus a
normal daily activity is difficult to accomplish. As described by Foroughi [17], many current surveillance
fall detection systems [18, 19, 20, 21] are unable to discriminate between an actual falling incident and an
event when a person is merely lying down.

3) Tracking gait movements with the silhouette of the body shape is inefficient to capture the details of a
motion. A definite feature of a body shape is required to monitor a movement and behavior of a falling

motion.

I11. SYSTEM OVERVIEW — INTELLIGENT FALL
DETECTION SYSTEM (INFADES)

Utilizing video surveillance techniques supports the development of a ubiquitous environment with less
human configuration. However, surveillance would require significant amount of knowledge or intelligence to
process captured information. In contrast to using image processing methods to abstract human falling
behavior, we use depth images that are captured from Kinect in order to work with 3D skeletal joint coordinate
data. Kinect sensor is a low cost and easy-to-install solution to obtain depth images. Depth information is
very effective for fall detection as it becomes possible to precisely track a person in the room. An important

advantage is that, a person can be detected even in areas of low lighting.
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Figure 1: Microsoft Kinect

1. Kinect

Kinect, shown in Figure 1, is a motion sensing input device released by Microsoft for controller free game
play on the Microsoft Xbox [22]. Included in the device are both infrared (IR) and RGBD cameras. The depth
image size has a maximum resolution of 640 by 480 and processes depth data with a frame rate of 30 fps.
The RGBD camera has a maximum resolution of 1600 by 1200 (UXGA) to match the depth data with real
images. OpenNI and NITE drivers, along with its libraries, are used for tracking individual skeleton joints with

Kinect.

2. Architecture

3D joint data from Kinect is used for training and testing purposes on INFADES. We developed this
standalone system by combining the OpenNI and LibSVM library, both an open source tool, in order to
conveniently train and classify our data with DLSVM. Figure 2 shows the graphic user interface of INFADES.
As shown on Figure 3, our algorithm makes use of the skeletal tracking API from OpenNI, and SVM training
and classification API from LibSVM to construct DLSVM. The first layer classifies the body shape features
and the second layer classifies the motion sequence of a fall; both of these layers are made more concrete in

later sections.
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IV. FALL BEHAVIOR

In this section, we describe the important factors that must be considered to define a falling behavior.

1. Types of Falls

It is crucial to first understand the most fundamental characteristics for a fall. However, doing so is
challenging because there are many types of falls directed towards various different directions. To address this
challenge, we gather a fixed collection of principal falls that capture most of the falling behaviors. We
introduce four main types of falls according to downward direction: forward, backward, right, and left falls.
We further divide these falls into four subtypes, each facing: front of camera, back of camera, right of camera,
and left of camera. This yields 16 types of principal falls having similar characteristics of falling downwards.
We use these principal falls in our training process so that the system can fully understand all different types of

falls.

2. Skeletal Joints

When defining a fall, the 3D skeletal joints must be efficiently utilized so that the system can clearly
understand the behavior. With this, we discover that all joints are not necessarily required when computing a
fall. Using all the joints in the body will not only cause occlusion problems, but also build enormous data
complexity because not everyone has similar body motions when falling down. For example, depending on
how a person would fall, the wrist joint can be positioned near the body or swinging away from the body.
Using joints that flexibly move in all different directions are difficult to compute with.

Therefore, the primary joints that are used for our fall detection are: head, right shoulder, left shoulder, and
torso. The movements for these joints are fixed when yielding towards a downward direction and therefore can
be used in order to define succinct description of the behavior. Moreover, since the primary joints are on the
upper part of the body, it minimizes many issues with occluded objects. Figure 8d demonstrates how the
primary joints move in an exemplified case of a fall with an occluded object covering the bottom half of the

subject’s body. Additionally, four joints are used rather than utilizing a single joint to work with sturdier data
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that can help characterize and detect falls more efficiently. As shown in Figure 8, when one of the joints is not

monitored, other joints can help support the detection.

3. Body Shape Features and Motion Sequence

A human behavior is defined as an observable activity or movement. In our case, a fall can be recognized by
observing the detailed movement of how the person is falling over a short period of time. During the interval
of a falling period, there are two important elements that are required to formulate the behavior: feature and
motion sequence. Features are prominent characteristics that describe movement. Motion sequence, on the
other hand, is a sequence of movement that describes a behavior. We believe that features reveal valuable

characteristics that are used to generate motions sequences, which overall defines a behavior.

3.1  Body Shape Features

The features that we use are body shapes. A fall is not only characterized as a body yielding
downward, but also as a body moving in a consecutive order due to the gravity pushing the body down
in high velocity. For example, while slipping, the person loses balance of the body and abruptly falls
down. We hence, categorize the body shapes that are created during the time the body hits the ground as
features.

As shown on Figure 4, we divide the falling interval with five different body shapes, in which we
describe with X, y, z coordinate data of the primary joints. For example, the first body shape is defined
in a position when a person is standing or walking. In this case, the height of the primary joints would
be at its highest position and would move parallel to the floor. The second body shape is in the position
when a person is tilting towards the ground. Depending on the type of fall, the primary joints would
yield around 45 degrees downward. The third body shape is a person in a leaning position. This body
shape can be detected by the joints midway from the ground. The near floor position is the fourth body
shape, which is characterized by a person just before a fall with the primary joints approximately 45
degrees up from the floor. The last body shape is in a fallen position, which is described by a person
motionless on the ground. All joints would be near the floor. These five body shapes are used for the

first layer of DLSVM later described in Section V.
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3.2 Motion Sequence

Unlike human eyes, a system cannot detect a behavior merely with feature information. In other
words, an actual fall cannot be detected simply with body shapes. The motion must be understood to
recognize these behaviors. Hence, we construct a set of motion sequences utilizing flag mechanism of
detected body shapes. Since the primary goal of our research is to detect the behavior of a fall, our
system must first differentiate the falling behavior with other behaviors that are not associated with
falls. We design our system to understand three specific behaviors: actual fall, non-fall, and normal
behavior. Actual fall is when a person unintentionally falls down and may require assistant to get up or
receive further care. The non-fall behavior is a fall-like behavior such as sitting, lying, or crouching to
pick of an object. Normal daily activity includes behaviors such as walking, running, and doing chores.
The sequences of these behaviors will be described in detail in the next section to coordinately explain

the detection process for the second layer of DLSVM.

20N
| (] LS opep

SHAPE 1 SHAPE 2 SHAPE 3 SHAPE 4 SHAPE 5

Figure 4: An example of the 5 different body shapes during the interval of a fall for the first layer of DLSVM

V. BEHAVIOR CLASSIFICATION BY MACHINE
LEARNING ALGORITHM

1. Support Vector Machine

Support Vector Machine (SVM) is a promising statistical learning theory that has been effectively applied to
various classification problems such as text categorization, bio-sequences analysis, object recognition,

intrusion detection, and image retrieval. Based on its strong theoretical foundations by Vapnik [23] and
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Joachims [24], the use of SVM reveals a large number of empirical successes among conventional classifiers
such as nawe Bayes classifier, k-nearest neighbor classifier, and decision tree [25]. In particular, unlike SVM,
classifier such as neural network is not suited to solve the classification problems with limited samples due to
the proneness of over-fitting. Neural network uses empirical risk minimization, which minimizes the error on
the training set. In contrast, SVM employs structural risk minimization, which minimizes the error on the
training set with the lowest capacity. This difference overall equips SVM with greater ability to generalize
[26].

We are given a labeled dataset (t(1), c(1)), ..., (t(N), c(N)) to be used to train the SVM. The t(i) ERnisann

x 1 vector representing input data to the SVM. In our case, t(i) would symbolize the collection of (X, y, z)
coordinates of the joints for our first SVM layer, and Boolean data for the second SVM layer. The c(i) is a
class label representing the five classes of body shapes for the first SVM layer and 3 classes of behavior (i.e.,
fall, non-fall, and normal behavior) for the second SVM layer. R represents the real number and n shows the
number of dimensions of the input to the SVM.

In general, SVM seeks to define a decision surface which provides the largest margin separating among the
data classes while at the same time minimizing the number of errors. The resulting model is nonlinear, and
the training is performed by the use of kernel functions. The kernel function k indicates a measure of similarity
between a pattern t to be tested, and a pattern t from the stored training set. For example, given two pattern

vectorstand t of dimension n x 1, the kernel k can be represented as a canonical dot product:

n

k(t-t) = th-fj

j=1
where tj and t; denote the jth element of vectors. Note that the dot product representation of kernels allows
geometrical interpretation of the vectors in terms of skeletal joint data.

A key step in SVM is mapping of the input vectors t from their original input space ® to the high-
dimensional dot product space. There are two basic steps of SVM: (1) map the training data into a high-
dimensional space via @, and (2) construct a hyperplane in the high-dimensional space that separates the
multiple classes with maximum margin. Although there are many linear classifiers that can separate the

classes, there is only one that maximizes the distance among the closest data points of each class and the
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hyperplane itself.

By solving a distance optimization problem given below, the solution to the linear hyperplane is obtained.
The calculation results a classifier that works on previously-unseen examples, thus leading to good
generalization.  Although the separating hyperplane in the high-dimensional space is linear, it yields a
nonlinear decision boundary in the original input space ®. Moreover, it is important to note that the
properties of the kernel function allow computation of the hyperplane without explicitly mapping the vectors
in the high-dimensional space.

An input vector t can be represented as @(t) in the high-dimensional space. The computation of (®(t),D(ti))

in a high-dimensional space is reduced by using a positive definite kernel such that:

(@M, @) =k t)

leading to binary decision functions of the form:

N
f(t) = sgn (Z coik(t t) + b>

i=1

where the value b is a threshold of the decision boundary from the origin, and sgn is a signum function.

To apply our study using multiclass classification with m classes (m = 5 and 3 in the first and second SVM
layers, respectively), the one-versus-all approach is used. The underlying basis of this approach is to reduce the
multiclass problem to a set of binary problems, enabling the basic SVM to be utilized. Particularly for ti, there
are m decision functions. The data ti then belongs to the class for which the above decision function has the
largest value. Overall, classification for one-versus-all case is done by a winner-take-all strategy, in which the

classifier with the highest output function assigns the class.

2. Double Layer Support Vector Machine (DLSVM) for Fall Detection

In order to achieve the detection of a fall as accurately as possible, INFADES utilizes SVM in two different
layers, in which we call DLSVM. The first layer detects the shapes of the falling motions from individual

video frames, while the second layer aggregates the results of the previous layer over a certain period of time
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to determine how similar the motions sequences of the shapes are to the fall behaviors.

While achieving the training set model for the first layer of DLSVM, Figure 5 shows that five classes are set
as the body shape of the falls described in Section IV C.1. It is important to note that the shapes are abstracted
from 16 principal falls mentioned in Section 1V A, which captures all types of falls. Since the body shapes
differ for each type of falls, 16 features are represented for a single class. Figure 6 demonstrates that sixteen
features are specified in each class, in which are interconnected with features from other classes, making 80
different ways of falling down. The input data of the first layer consist of X, y, z joint data of the primary joints
described in Section IV B. We train a total of 1440 cases of a realistic unintentional fall, considering various
distances from camera and height of the subject. Once the trained model is built, INFADES compares the real-
time testing data with the trained model and outputs a binary sequence of detection or non-detection of the
body shapes, which is the input data of the second layer of DLSVM.

The training set model of the second layer is achieved separately using this binary sequence. Multiple
sequences are manually categorized into three different classes of behaviors described in Section IV C.2 (fall,
non-fall, and normal behaviors) and output the detection the observed behavior. We found that all falls end on
the ground. Therefore, when shape 5 is detected from the first layer, the system flags an initialization of a fall
until the second layer of DLSVM confirms a behavior. Figure 7 describes the process of detection by using an
activity diagram in Unified Modeling Language:

- When one or two shapes are detected including the fifth shape, the behavior will be determined as a
normal daily activity.

- When three shapes are detected including the fifth shape, the behavior will be determined as a non-fall.

- When four or five shapes are detected including the fifth shape, the behavior will be determined as a fall
only if the time from the second body shape to the last body shape is within a given time. In any falling
movement, there is always acceleration due to gravity. Therefore, we set a time of 700ms to measure an
actual fall. The behavior will otherwise be considered as a non-fall. Note that this interval is an adjustable

parameter.
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Figure 5. The training process: X, Y, and z, coordinate data from Kinect is used by INFADES, more specifically
in two layers of DLSVM to build “model 1” for the first layer and “model 2” for the second layer
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Figure 6. Features interactions: With 5 different classes (body shapes) and 16 different types of falls that are
used, there is a total of 80 different ways of falling down

22



INFADES

{First layer of DLSVM - body shape detection]

One or two shapes are not detected T
Shape 5 not detected

Shape 5 detected

l

Second layer of DLSVM - motion detection)

:

One or two shapes detected

Three shapes are not detected [ Normal behavior)
o\

— O

Three shapes are detected

Five or five shapes not detected -

Non-fall behavior]
AN

e

Four or five shapes detected

Not within 700 ms

O

Within 700 ms

Fall detection

é
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VI. EVALUATION

1. Visualization of Joint Data

In order to evaluate the overall system performance, we start off by evaluating the pattern of the joints
during exemplified cases of a fall, a non-fall, and a normal behavior. A fall with an occluded object is also
shown to demonstrate the strength of our algorithm. Using only the y coordinate of the primary joints, we
separately test the behaviors within a 10s interval. As shown in Figure 8, the patterns of the joints differ for all
three behaviors. The constant, motionless pattern from Figure 8a shows a normal sitting behavior, while the
gradual slope from Figure 8b reveals a lying down behavior. In contrast to these figures, the narrow slope and
lack of movement after the slope from Figure 8c demonstrates an abrupt falling behavior. Figure 8d shows
another example of a fall but with an occluded object covering the bottom half of the subject’s body. Even
though some joints are covered by an occluded object, a fall can still be detected with our system. This
experiment demonstrates that we are capable of identifying different behaviors through the analysis of joint

data patterns.

2. Accuracy of First Layer of DLSVM

In formulating the sequence of the falling motion, the accuracy of detecting each body shape in the first
layer of DLSVM is very crucial. Therefore, to quantify the accuracy, each shape is inspected individually
using the parameter for probability estimates in the LibSVM library. In this experiment, 10 sets of 16 primary
falls have been tested in an open setting. Falling was done on a 24 cm thick mat to allow realistic performance
of falls. We collected a total of 160 data with an average sized male and a female in order to efficiently
compute the accuracy of body shape detection.

An important point to consider is that when observing a single type of fall, gathering the data from all four
directions is crucial since accuracy may vary from one side to another. In other words, by constantly changing
directions of the camera to measure fallen data, accuracy may differ depending on how a person would fall.
Therefore, for evaluation purposes, we place one Kinect on each side of the room to carefully extract data from

every experimental falls.
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In demonstrating the results, we divide the experiment into four different sections by the direction of the
camera. Figure 9a shows the accuracy comparison of body shapes from forward falls facing the camera,
Figure 9b from back of the camera; Figure 9c from right of the camera, and Figure 9d from left of the camera.
After computing the average accuracy value for each of the 10 testing sets, the results reveal that the body
shapes are detected with high accuracy and proves that the first layer of DLSVM is efficient in triggering the

second layer.

3. Performance Evaluation

In order to evaluate the performance of our system, we separately tested two experiments: (1) fall
experiment to evaluate the true positive and true negative values; (2) non-fall experiment to evaluate the false
negative and false positive values. We worked with 250 random fall and 250 random non-fall cases with 5
different subjects (50 falls and 50 non-falls for each subject) of various height and weight in a realistic office
setting. As in the previous evaluation discussed in Section VI B, both experiments were done on a 24 cm thick
mat to allow realistic performance. As a result, the true positive value turned out to be 97.2%, the true negative

value as 2.8%, the false negative value as 98%, and the false positive value as 2%.
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Non-Fall Behavior
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Figure 8. Joint data (head, left shoulder, right shoulder, and torso) visualization of different behaviors:
(a) Normal sitting behavior (b) Non-fall going to sleep behavior (c) Actual fall (d) Actual fall with an occluded
object
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Figure 9. Accuracy comparison of body shapes during the first layer of DLSVM: (a) facing the camera (b)
facing back of the camera (c) facing right of the camera (d) facing left of the camera

VII. RELATED WORKS

To the best of our knowledge, there has been no research utilizing joint data for fall detection. However, a
few researches propose to use Kinect to detect falls. We evaluate and compare our system with three of recent
studies.

Rougier et al. [27] proposed a Kinect-based fall detection system that uses human centroid height relative to
the ground and body velocity to detect a fall. However, their evaluation does not prove strong results with
large number of testing trials nor clearly indicate the subjects performing the experiment. Additionally, they do
not mention about either the capability to detect different types of falls of various direction from the camera or
information about differentiating actual fall versus a fall-like behavior.

Additionally, the authors from [28] place Kinect 30cm above the floor and use image analysis in order to
classify fall and other events such as feet in the front of the bed, fall, leaving the room, and activity in the
room. However, their methodology detects the fall under the bed and does not describe a falling behavior by
the entire body, which can produce high false-positive rate. Moreover, both of these studies do not mention
about the capability to detect different types of falls of various direction from the camera nor information
about differentiating actual fall versus a fall-like behavior.

A study by [29] measures the velocity based on the contraction or expansion of the width, the height, and
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the depth of the 3D bounding box. The velocity thresholds for the height and the width—depth composite vector
of the bounding box, as well the duration of the fall are estimated by performing random search that optimizes
the classification score in a training dataset. Their system can detect various types of falls as well as distinguish
different activities. However, we implemented their algorithm and found that there were a few potential
weaknesses.

First, the major drawback is that bounding boxes are sensitive when testing in a realistic environment. Very
frequently, random bounding boxes were created on occluding boxed objects. The paper backs this issue by
stating that the bounding box of the subject can still be detected even though another bounding box is created
on an object. However, this is only true if the subject does not touch the object. Even with a slight touch, the
system misunderstands the bounding box configuration and identifies the object part of, or as, the subject.
Figure 10a demonstrates this example. This not only makes it inconvenient for the user to go through
reconfiguration, but also increases potential risks in events of fall. In situations when the subject forgets to go
through reconfiguration and happens to fall down, fall detection will not be triggered as the main bounding box
is on the object. Our system, in contrast, utilizes skeleton to identify the subject’s body. As shown in Figure
10b, detecting the skeleton of the subject significantly helps reduce occlusion and configuration problems
since the system is initializing the human, not a box.

Additionally, we found that using simply the velocity of the fall was rather weak. Although using velocity
may require less computation, it does not provide a behavior of a fall, and therefore makes the system too
generalized. Moreover, velocities of the height, the width, and the depth may vary from person to person. New
training would always be required to process the threshold for a particular subject. In contrast, we describe a
human behavior by using shapes of the falling motion. Monitoring a falling motion helps the system to
understand the behavior more clearly. For example, similarly to an observance from a human eye, the brain
processes activity information to recognize a behavior. Likewise, we have our system understand the behavior
of the motion rather than a being aware of velocity information.

Lastly, we evaluated the performance of their algorithm similarly to our evaluation of our system on Section
VI C. We worked with 250 random fall and 250 random non-fall cases with the same 5 subjects (50 falls and
50 non-falls for each subject) in the same office setting. Despite the problems with the bounding box, the true
positive accuracy rate turned out to be 95.6%, the true negative as 4.4%, the false negative as 89.6%, and the

false positive as 10.4%.
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Figure 10. Comparison of tracking tool used: (a) Bounding box from Primesense vs. (b) skeleton from OpenNI
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VIII. CONCLUSIONS AND FUTURE WORK

Falls are a leading cause of injury-related morbidity and mortality. As the growing population of elderly
increasingly motivates new healthcare systems at home, we applied fall behavior monitoring surveillance
technique to a home health care environment. The key novelty of our approach is using Kinect to capture
realistic skeletal data set of falls. In our implementation of INFADES, we linked the joint data and DLSVM
algorithm together to define characteristics of a falling behavior. With a concrete definition of falls from
DLSVM, INFADES was able to detect an actual fall and distinguish it from fall-like (e.g. lying down)
behavior, while maintaining a high rate of accuracy. Our experimental results demonstrated that the
combination of skeletal data and DLSVM significantly increases the robustness of fall detection.

There are many future works that are ahead of this study. First, | want to research and find the most optimize
machine learning method to detect a behavior utilizing 3D joint data. In order to find the solution, I must
experiment and evaluate other machine learning algorithms such as Liquid State Machine, Artificial Neural
Networks, Decision Tree, and etc. Additionally, | want to expand this work so that the system can understand
other behaviors, such as aggressive behaviors and criminal behaviors. The future mandates the need of an
efficient way for utilizing surveillance CCTV camera without the need of a human behind the screen. Overall,
through my future researches, | want to contribute to the development of a robust intelligent surveillance

system.
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