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This thesis examines the use of motion detection and analysis systems to 

detect falls and repetitive motion patterns of at-risk individuals. Three classes of 

motion are examined: Activities of daily living (ADL), falls, and repetitive motion. 

This research exposes a simple relationship between ADL and non-ADL 

movement, and shows how to use Principal Component Analysis and a kNN 

classifier to tell the 2 classes of motion apart with 100% sensitivity and specificity. 

It also identifies a more complex relationship between falls and repetitive motion, 

which both produce bodily accelerations exceeding 3G but differ with regard to 

their periodicity. This simplifies the classification problem of falls versus repetitive 

motion when taking into account that their data representations are similar except 

that repetitive motion displays a high degree of periodicity as compared to falls. 
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I. INTRODUCTION 

1.1 Motivation 

Falls occur at an alarming rate among the elderly, with some estimates placing 

the frequency as high as 33 percent in adults aged 65 and older [1]. The effects 

of a fall can be devastating, as falls may result in a broken hip, head injuries or 

other trauma. In many instances, the person who fell may remain incapacitated 

for a protracted period of time until discovered. This additional time prior to 

discovery could even lead to death. 

Autistic children often develop abnormal habits and in some cases they could be 

un-safe or even dangerous to themselves and other family members. Their 

behavior can be characterized by impaired social development, impaired 

communication skills and restricted interests and unabated repetitive motion. 

Persons afflicted with autism often display severe bouts of repetitive motion, 

which if left uninterrupted could lead to injury to the patient or to others, and in 

many cases could also lead to worsening of the disease. 
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1.2 Problem Statement 

Though there are some fall detection systems currently in use, their performance 

in being able to successfully identify falls in real time, learn from the subject’s 

activity history, and adapt to their changing physiological characteristics is less 

than satisfactory. Some systems can determine falls with a reasonable degree of 

accuracy when initially placed into service, but lack the ability to adapt as the 

user ages, eventually suffer a decline in performance. Other systems are fixed in 

the user’s home and thus are incapable of alerting for falls when the user is 

outside of the monitoring environment and engaged in activities that are more 

likely to result in a fall. 

No devices have been uncovered that alert for repetitive motion, a critical need 

for the monitoring of persons suffering from autism. 

There is also a need to better identify the differences between the data 

generated by falls, repetitive motion, and normal every day activities. Successful 

monitoring of at-risk individuals requires better interpretation of the collected data 

to be able to determine whether a subject has suffered a fall or is engaging in 

repetitive motion on the one hand, or whether the subject is simply engaging in 

activities of daily living. The problem is further compounded by the fact that from 

a data analysis viewpoint, reliable classification of movement as falls versus 

repetitive motion is hampered by the close similarity of the data generated by 

these two classes of movement. 
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1.3 Contributions 

This thesis identifies the critical relationships between activities of daily living 

(ADL), falls and repetitive motion and demonstrates how observed movements 

can be properly classified with a high degree of sensitivity and specificity, despite 

the close similarity between the data generated by falls and repetitive motion. A 

new device is proposed which can be used to detect and report falls of at-risk 

individuals, as well as detect repetitive motion in autistic children. It will be better 

than existing devices not only because it is portable and can alert for repetitive 

motion in autistic children, which no other device does, but it is based on better 

fall versus repetitive motion discrimination capability than existing fall detection 

devices, thereby mollifying a very vexing source of false positives. 

1.4 Remainder of Thesis 

The rest of the thesis begins by first reviewing related work, then discussing the 

proposed fall detection and repetitive motion detection systems, followed by a 

review of the experimental data collected in performing this research, results 

obtained from analyzing the data, and finally the conclusion.  



4 
 

II. RELATED WORK 

2.1 Wearable Sensors for Reliable fall Detection [2] 

Chen et al in the Ivy Project used a system comprising an accelerometer worn on 

a belt around the user’s waist, augmented by a network of ambient sensors, 

some fixed and some mobile, located in and around the user’s living area, for 

example attached to the walls or under a couch. This approach, they pointed out, 

was particularly useful in a multiple application environment such as a group 

home where devices worn by several users would be supported by the same 

network of ambient sensors. 

Data collected from the user-worn devices could then be processed locally by the 

remote sensor stations or preferably transmitted by the local stations to a base 

station for further processing by a computer, which would be responsible for 

alerting caregivers as necessary in the event that a fall was detected. The base 

station is also equipped to accurately determine the location of the fallen 

individual. 
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The system distinguishes falls from ADL by measuring the norm of the 

acceleration of the user device along the 3 axes, X, Y and Z and by examining 

the orientation of the subject device prior to and after the activity. In general, ADL 

activities will have accelerations ranging from 0 to 3 G, while falls will have 

acceleration values ranging from 3 G’s up to several G’s. Activities are classified 

as falls if they meet the criteria for acceleration and they also result in a 

significant change of orientation of the subject. 

The system constantly monitors the user device to determine if there is impact, 

as in the case of a fall. If no impact is detected the system does no further action. 

If impact is detected the system looks for a subsequent impact within 2 seconds, 

and keeps doing so until the final impact or a time-out condition is detected. 

After the final impact the system calculates the orientation of the device 1 second 

before the first impact and 2 seconds after the last impact and compares them. If 

there is no change in orientation the systems determines that no fall has taken 

place and continues to monitor the device. However, if there is a change in 

orientation the system determines that a fall has taken place and proceeds to 

further processing, including determining the location of the user device. 

The system diagram, reprinted from [2] is as shown in figure 1. 

  



6 
 

Figure 1. System Diagram for “Wearable Sensors for Reliable Fall 

Detection”, reprinted from [2] 

 

 

A possible shortcoming of this approach is that it requires a change of orientation 

of the user device in order to classify an activity as a fall. However, it seems 

intuitively clear that since the final position after a fall is purely random, there will 

be some statistically significant percentage of falls for which the user device will 

end up in an orientation very similar to its orientation prior to the fall and will thus 

result in false negatives generated by this approach. 
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2.2 Developed System of Fall Down Estimation Using a bi-axial Gyro 

Sensor [3] 

In their study, Kim et al used a bi-axis gyro sensor to collect activity data and 

transmit wirelessly to a PC for further processing. The PC was then responsible 

for analyzing the fall data and determining if a fall had taken place. A root-sum-

square algorithm was implemented as shown in Figure 2, where the normalized 

angular rate of change of the user device was compared with a threshold in order 

to determine if the activity was indeed a fall. 
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Figure 2. System Diagram for "Developed System of Fall Down Estimation", 
reprinted from [3] 

 

One possible weakness of this approach is that the user device is required to 

constantly transmit data to the base station (PC). This would have a very 

significant adverse effect on power consumption and battery life, and for small 

devices such as the type in question, this could make such a device impractical. 

It is not clear how the authors purport to solve that problem. 

In addition, the method used to determine the threshold used to categorize an 

activity (it appears to be fixed at 84 rad/sec.) as an ADL or a fall seems to lack 
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the flexibility needed to adjust to the needs of different users, and indeed to 

adjust to the changing needs of any given user as they get older and perhaps 

slower. 

2.3 A Fall and Loss of Consciousness Wearable Detector [4] 

Quagliarella, Sasanelli and Belgiovine used a single accelerometer placed on a 

belt around the subject’s waist to collect activity data which they then used to 

distinguish between falls and ADL. A fall was characterized by a sequence of 

events beginning with impact, followed by a change of the subject from an 

upright to a lying position, followed by a period of motionlessness, as would be 

the case in the event of a loss of consciousness. 

They postulated that these events would have the effect on measured 

accelerometer values in the form of peak values at the moment of impact, a 

decrease in the mean value when the subject changes from an upright to a lying 

position, and absence of change when the subject is motionless. 

Several measurements were collected using simulated falls by old and young 

test subjects. Some of the data was used as training data and the rest was used 

as verification data, and a Matlab program was used to perform the data 

analysis. 

Based on a test set of 460 discrete simulated activities - 200 falls, 200 ADL and 

60 near fall-like activities they referred to as non-common activities (NCA) - they 
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reported 100% accuracy in detecting falls and ADL. However they reported only 

63% specificity for NCA. 

2.4 Distinguishing Falls from Normal ADL Using Vertical Velocity Profiles 

[5] 

Bourke et al used Vertical Velocity Thresholding (VVT) to distinguish falls from 

ADL and to detect falls before they occurred. They placed a high premium on 

detecting a fall before it occurs because of their concern that in the event of an 

actual fall the sensor device worn by the subject could likely be damaged and 

rendered incapable of properly providing information about the fall and 

generating the necessary alerts. 

Using a threshold vertical velocity of -1.3 m/s to distinguish falls from ADL they 

asserted that their method achieved 100% sensitivity and specificity in identifying 

falls and ADL, and that they were able to detect falls as much as 750 ms (323 ms 

on the average) before they occurred. 

Their work was significantly influenced by the work of Wu [6] who used both 

vertical and horizontal velocity thresholds to detect falls before they occurred and 

achieved greater average lead times in detecting falls. 

Bahon and Sole [7] utilized a device consisting of a 3D accelerometer, 3D 

gyroscope and 3D magnetometer to record user activity.  In their work, Ojetola et 

al [8] did measurements with a 3D accelerometer and a 3D gyroscope. Their 
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sensors were also intended to be worn by the subject, as were [7], [8], [3], [5], [9], 

[10] and [4]. 

By contrast, Li and Stankovic [11] relied on a series of distributed sensors placed 

around the subject’s living area, for example in couches, beds, etc, their intent 

being to use such sensors to obtain location and posture information about the 

subject. Other approaches utilizing these so-called ambient sensors include [11], 

[2] and [12], the last of which relies exclusively on the use of ambient computer 

vision sensors. 

Other approaches to fall detection include the use of video cameras mounted at 

various locations within the subject’s home [12] to provide input to advanced 

computer vision systems that can then determine the subject’s orientation (for 

example, lying, standing, etc.) and location within the home to determine if a fall 

has taken place. For example, if the subject’s orientation is horizontal and the 

subject’s location is a bed, or if the subject’s orientation is vertical, then it is 

presumed that there has been no fall. However, if the subject’s orientation is 

horizontal and the subject is located outside of a zone where lying is a normal 

activity, then it is determined that a fall has taken place. 

Such systems are capable of recognizing various forms of activity of the subject 

and determine which of the observed activities represents a fall. They are also 

subject to the criticism that the privacy of the subject is being compromised. 

Indeed, many prospective users of the system may shy away from its adoption 
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because of concerns regarding privacy and the discomfort that goes with 

knowing that they are being constantly observed. 

In [8], machine learning was used to process data acquired from sensor devices 

worn by subjects and transmitted wirelessly to a PC to detect 4 types of falls 

(forward, backward, right and left) and distinguish them from ADL with high 

sensitivity and specificity. 

In [9] the authors used a waist-mounted tri-axial accelerometer worn by the 

subject to provide information they then used to determine the subject’s state 

(that is, whether the subject was at rest or performing some type of activity). The 

determination as to the subject’s state was based on a calculation of the energy 

expenditure of the subject as compared with a predefined threshold and 

expressed as: 

Energy Expenditure = IA = (x
2
y

2
z

2
) 

where  is a constant, IA is the integral area [9] and x, y and z are the 

components of the accelerometer reading along the x, y and z axes respectively. 

2.5 Repetitive Motion Analysis: Segmentation and Event Classification [13] 

In their studies of repetitive motion detection in the workplace, Lu and Ferrier [13] 

used a dynamic model to classify workplace motions. In their approach they 

determined the class identities based on the data obtained, as opposed to 
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determining ahead of time what the classes would be. In that sense, they allowed 

the motion classes to be dynamically determined. 

They decomposed the motion classification problem into two primary parts: first 

they used a multi-dimensional segmentation algorithm to segment the observed 

motion of the subject without relying on any a priori knowledge of the type of 

motion that is being performed; then they performed model fitting on the 

identified segments to determine which sequence of segments represented a 

complete repetitive motion. 

Their approach, though plausible when there are expectations that the subject is 

performing some type of repetitive motion, does not take into account the 

possibility that the subject may be performing ADL mixed in with any sequences 

of repetitive motion. In fact, for the autistic motion case the overwhelming 

majority of the motions performed are expected to be ADL, with only a small 

number of repetitive motions interspersed among them. Therefore their solution, 

though appropriate for a workplace environment in which the subject is expected 

to be continuously performing some type of repetitive motion, such as for 

example cranking a handle, may not be appropriate for use in identifying 

repetitive motion in autistic individuals. 

2.6 Detection and Recognition of Periodic, Nonrigid Motion [14] 

Polana and Nelson [14] also devised a method to identify specific motion 

sequences without any prior knowledge of what those motions might be. Using 
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computer vision techniques their proposed solution extracts motion features form 

gray-scale images of the moving subject and classifies their motions based on 

known motion patterns. 

They were able to deduce the occurrence of periodic motions based on observed 

peaks in the motion’s fundamental frequency as highlighted by the discrete 

Fourrier transform of the periodic signal recorded from the subject. They were 

then able to use a nearest centroid classifier to recognize the repetitive motions 

based on the extracted features. 

This approach seems suitable for adaptation for use in identifying repetitive 

motion in autistic individuals, as it is able to identify periodic movements while not 

relying on the assumption that the motion is periodic to begin with. 

Several important aspects of the way fall detection and repetitive motion 

detection are addressed in related work are as shown in Tables 1 and 2. 
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Table 1. Fall Detection Key Literature Review 

Reference Device Deployment 
Fall Determination 

Criteria 
Possible 

Weakness 

[2] Worn by subject 
Norm of acceleration 

vectors > 3G + 
change in orientation 

Change in 
orientation 
not reliable 

indicator 

[15] Worn by subject 
Norm of angular rate 

of change > 84 
rad/sec 

Different 
subjects 

may have 
different 

thresholds 

[4] Worn by subject Impact + change from 
standing to lying 

position + 
motionlessness 

- 

[5] Worn by subject Downward velocity > 
1.3 m/s 

- 
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Table 2. Repetitive Motion Key Literature Review 

Reference Device Deployment 
Repetitive Motion 

Determination 
Criteria 

Possible 
Weakness 

[13] Video surveillance 
Fit model to 

movement segments 

May not be 
compatible 
with ADL 

[14] Video surveillance 
Machine classification 
of extracted features 

- 
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III. FALL DETECTION SUB-SYSTEM DESIGN 

3.1 System Requirements 

The fall detection sub-system is capable of continually monitoring the subject and 

producing various sensor readings that are then used within the device to 

determine the nature of the activities being performed by the subject and in the 

event of a fall it is capable of issuing an alert wirelessly to the appropriate 

caregivers and other interested parties. 

Unlike with other approaches to fall detection, the device will perform all of the 

processing necessary to determine when a fall has taken place. It will not 

transmit the raw activity data to an external server, only to rely upon that server 

to perform the critical analysis of the data. 

3.1.1 Alert Transmission 

However, after analyzing the data collected from its sensors, if it makes a 

determination that a fall has taken place, it will transmit an alert using its on-

board wireless communication facilities, to the designated services tasked with 

the responsibility of providing the appropriate reaction to the detected fall event.  
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Depending upon the nature of the entity to which the alert is transmitted, the 

system is capable of generating an alert that could take any of several different 

forms. If the intended recipient of the alert is an in-house caregiver, then the alert 

could be configured as an activation of the house alarm, a telephone call or text 

message to the caregiver (especially useful if the subject is not within sight of the 

caregiver, for example if the caregiver is asleep), or any appropriate combination 

of these methods. Or if the intended recipient of the alert is a centrally located 

service agency or a remote caregiver, such as the subject’s doctor, then 

transmission of the alert could take the form of a telephone call or text message. 

3.1.2 Automatic Data Collection 

In addition to being able to transmit alerts to caregivers and service agencies, the 

system is also capable of providing data to a remote data collection agent on the 

basis of data collection activities initiated by the agent. For example, if the 

manufacturer of the device wants to collect raw information from the device such 

as could be used to track the activities of the subject, determine the overall 

energy level of the subject, track the frequency of falls, and collect other useful 

metrics available from the device, the device is capable of being configured to 

allow such data collection activities to be performed upon initiation by the data 

collection entity. 

However, with consideration for the privacy requirements of the subject, the 

subject or his or her caregivers could disable the automatic data collection 
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feature either upon initial device configuration or at any time upon request, 

subject to the re-configuration policies of the device provider. 

3.1.3 On-Board Memory 

The system is designed to retain in its on-board memory the fall signatures of the 

last 50 fall events. There are two types of fall events: an actual fall experienced 

by the subject and an event reported by the device’s sensor assembly which was 

initially diagnosed by the device as being a fall but for which the subject pressed 

the ‘safe’ button to indicate that the suspected event was not a fall. 

Consequently, all fall events are accompanied by a tag that identifies them as 

being either an actual fall or a suspected fall that was later determined to be an 

ADL. 

Any new fall event that occurs after the first 50 fall events have been recorded 

replaces the oldest stored fall event, based on a FIFO scheme. Therefore at any 

given point in time only the last 50 fall events will be stored in memory, provided 

at least 50 fall events have occurred.  

3.1.4 Fall Signatures 

Each fall stored in memory will be identified by its fall signature. A fall signature is 

a combination of features extracted from the sensor data generated by a fall that 

is intended to uniquely identify that fall. As the subject gets older, she would 

generally become slower in her movements and therefore the falls that generated 

the stored fall signatures may not have to be duplicated in order for an activity to 
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be determined to be a fall. As such, falls are expected to become weaker. 

Therefore the intensity of the activity could be less than before but still a fall has 

taken place. 

The system therefore has a means of recalibrating fall events based on these 

new expectations for weaker falls and still make an accurate determination as to 

whether a fall has occurred. Given this requirement, the system will periodically 

re-calibrate itself for reduced expectations as to what constitutes a fall and 

replace existing fall signatures with the new weaker ones. However, if with the re-

calibration the system determines that the weaker fall events are not being 

confirmed as falls it will not replace the stored falls. Stored falls are replaced only 

in the event that the new weaker fall events are now being confirmed as falls. 

3.2 Design Requirements 

The system must be able to continually monitor the user’s activity and classify 

those activities as either normal activity or a fall. Normal activities are termed 

activities of daily living (ADL) and include walking, sitting, standing, lying, turning, 

and so on. A fall could be further sub-classified as a fall forward, a fall backward, 

a fall to the left, a fall to the right, or any variation of these, for example a fall 30 

degrees to the right. The system design must allow for precise determination of 

the orientation of the subject after the fall. Also, the system must be equipped to 

provide information identifying the general location of the subject at all times, for 

example by means of GPS or other currently available technology. 
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3.2.1 Measuring Activity Output 

If a fall event is suspected, the system must store the sensor states that 

correspond to that particular fall event and generate a service call. We propose a 

system made up of 3 sensors: a 3-axis accelerometer, a 3-axis gyroscope and a 

3-axis magnetometer. These sensors are complementary to each other and 

together provide a comprehensive suite of sensor data that would allow accurate 

determination of the type of activity being performed by the subject. 

The accelerometer measures the acceleration of the device (and hence the 

subject) along the x, y and z axes. It should be calibrated to measure 

acceleration ranging from 1 G (acceleration due to gravity) up to a minimum of 4 

G. With the device at rest the accelerometer readings will be 1 G along the z axis 

and 0 G along the x and y axes. 

In general, small values of acceleration indicate that the subject is performing 

ADL or is motionless, whereas larger values of acceleration indicate that the 

possibility that a fall is occurring. It has been observed in experimentation [5] that 

a reasonable delineation between falls and ADL is approximately 1.3 G and that 

falls could likely produce acceleration readings up to several G’s. Therefore the 

accelerometer must be calibrated and configured  to obtain measurements from 

0 up to several G’s. A reasonable range is  4 G’s, since beyond 4 G’s the 

activity is almost certain to be a fall. 
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The gyroscope measures the angular rate of positional change of the device (and 

hence the subject). When the subject is motionless, for example when the 

subject is asleep, the readings provided by the gyro of angular rate along the x, y 

and z axes are all 0 rad/sec. However, reading values for all three axes become 

nonzero as the subject moves. A high value of angular rate along any axis 

indicates sharp rotation along that axis, which in an elderly person would be a 

strong indicator of a fall. The gyroscope must be calibrated and configured such 

that it allows for capture of the full range of angular rates achieved both for ADL 

and falls. A reasonable range for the gyroscope that would satisfy this criterion is 

 8 rad/sec. 

As with the accelerometer, there is no requirement for absolute orientation of the 

device relative to the body, since the data being measured is rate of change and 

does not rely upon absolute reference points. 

The 3-axis magnetometer included in the device is responsible for providing 

direction information as measured along the x, y and z axes. Using readings 

obtained from this device, it is possible to determine the absolute orientation of 

the subject’s body in the event of a fall. Forensic information obtained from 

analyzing the readings obtained from the magnetometer could prove useful in 

reconstructing the sequence of events leading to a fall. 

The device should be calibrated and configured to provide measurements in the 

range of 8 gauss. 
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3.2.2 Device Orientation 

The device must be designed such that the accuracy of the device in determining 

the type of event being performed is invariant to the orientation of the device on 

the subject’s body. Our device is a small object worn on a belt around the waist. 

Due to the fact that the subject cannot be counted on to maintain the device at a 

fixed orientation relative to the body, the device must be able to operate properly 

regardless of its orientation relative to the subject’s body. Therefore the device 

must be able to determine the subject’s orientation and be able to ascertain 

whether she is standing, sitting or lying regardless of how the device is 

positioned on the subject’s body. 

3.2.3 Sensor Readings 

The readings obtained from the sensors would be used to provide the raw 

information necessary to determine the nature of the current activity being 

performed by the subject. Each of the 3 sensors provides a unique set of data for 

use by other components of the device. 

3.2.4 Fall Signatures 

The stored sensor states taken together will therefore represent the unique 

signature of that particular fall event. Therefore a fall event’s signature will be 

made up of 9 sensor readings: the values of the x, y and z sensor readings of the 

accelerometer, gyroscope and magnetometer. 
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The sensors will be sampled at a rate of 25 Hz, which is expected to provide an 

adequate number of data points that can be used to monitor the subject’s 

activities.  

In addition, in order to be able to properly determine the fall event’s signature, the 

sensor states obtained during a predetermined time interval ending with the fall 

event are considered. In general, the sensor readings taken from 1 second 

before and up to 2 seconds after a fall are used to identify a fall. 

Therefore the device must store at least the last 3 seconds worth of data at any 

given point in time. As such, it must be equipped with a buffer that will 

accommodate the last 75 data samples. However, considering that the fall itself 

will have some finite duration, for example 2 seconds, the buffer design should 

be for 5 seconds worth of data, or 125 samples. 

A fall signature’s uniqueness will then be derived from comparing the buffered 

125 samples with the previously stored fall signatures, subject to pre-defined 

thresholds. 

3.2.5 Duplicate Signatures 

The 9-tuple representing the sensor readings of the accelerometer, gyroscope 

and magnetometer is then fed into the feature classification component of the 

device to provide identification of the type of activity being performed by the 

subject, for example walking, sitting down, standing up or other ADL, or falling. 
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In saving a fall event’s signature, the system must not allow the storage of 

duplicate signatures.  A duplicate signature is a signature for which the 9-tuple 

representing the sensor readings of the accelerometer, gyroscope and 

magnetometer of that signature is close enough to the 9-tuple of a stored 

signature such that they are classified by the classifier as the same signature. 

Therefore for each new fall event the sensor readings representing that event are 

fed into the classifier and if the classifier finds a match then it is a duplicate, 

otherwise it is a new signature. The set of signatures represented by the buffered 

125 samples is the training set, and each new signature will be tested against the 

training set for uniqueness. 

3.2.6 User Participation 

Considering the obvious physical limitations of the typical user (elderly 

individuals), the system must not depend for its effectiveness on extensive 

participation from the user. For example, after a fall the system must not ask the 

user to perform several tasks. Such a system runs the risk of not being very 

effective. Instead, after a suspected fall the system only asks the user to push a 

button signifying that the suspected event was not a fall. If the event was not a 

fall, then the user is expected to have no difficulty in pushing the button as 

requested. 
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If instead the event was a real fall, then the user does not have to do anything. 

After a predetermined amount of time, silence from the user will be interpreted by 

the system as meaning that there indeed was a fall. 

3.3 System Hardware 

The equipment used to obtain activity measurements is a multi-sensor small 

digital device consisting of a gyroscope, accelerometer and magnetometer. This 

device is intended to be worn at the waist of the user. The device also includes a 

microcontroller and embedded software to implement most of its control features. 

The MEMS motion sensor L3G4200D gyroscope is a digital 3-axis angular rate 

sensor capable of communicating across an I2C serial interface. It was pre-

configured to operate as follows: 

 Power mode normal, output data rate (ODR) of 100 Hz and cut-off 

frequency of 12.5 Hz: selected by setting CTRL_REG1 (located at 0x20) 

to 0x0f 

 INT1 pin interrupt disable, boot status disable, interrupt active 

configuration disable; open drain; DRDY/INT2 pin data ready disable, 

FIFO watermark interrupt disable, FIFO Overrun interrupt disable and 

FIFO Empty interrupt disable: selected by setting CTRL_REG3 (located at 

0x22) to 0x10 
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 Block data update continuous, Big/Little Endian set for data LSB at lower 

address, full-scale data rate selection of 250 dps, self test disabled: 

selected by setting CTRL_REG4 (located at 0x23) to 0x00 

 FIFO enable, high pass filter disable: selected by setting CTRL_REG5 

(located at 0x24) to 0x40 

Table 3 summarizes the configuration setting used for the L3G4200D. 

Table 3. Gyroscope Configuration Settings 

Register Register Address Register Settings 

CTRL_REG1 0x20 0x0f 

CTRL_REG3 0x22 0x10 

CTRL_REG4 0x23 0x00 

CTRL_REG5 0x24 0x40 

 

Sensor readings from the gyroscope are in twos complement form and available 

from the following registers: 

 X-axis: OUT_X_L and OUT_X_H located at 0x28 and 0x29 

 Y-axis: OUT_Y_L and OUT_Y_H located at 0x2A and 0x2B 

 Z-axis: OUT_Z_L and OUT_Z_H located at 0x2C and 0x2D 

Table 4 shows the gyroscope’s output registers and their memory locations. 
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Table 4. Gyroscope Output Regsiters 

Register Register Address 

OUT_X_L 0x28 

OUT_X_H 0x29 

OUT_Y_L 0x2A 

OUT_Y_H 0x2B 

OUT_Z_L 0x2C 

OUT_Z_H 0x2D 

The LSM303DLH is a sensor module consisting of a 3-axis accelerometer and a 

3-axis magnetometer.  It is equipped with an I2C serial interface for 

communication and is capable of functioning as an I2C slave device sending 

sensor readings from the 6 sensor axes to the controller. 

The accelerometer was pre-configured as follows: 

 Power mode normal, output data rate (ODR) 50 Hz, low-pass filter cut-off 

frequency 37 Hz: selected by setting CTRL_REG1_A (located at 0x20) to 

0x27 
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 Block data update continuous, Big/Little Endian set for data MSB at lower 

address, full-scale acceleration selection of 4 G, self-test disabled: 

selected by setting CTRL_REG4_A (located at 0x23) to 0x50 

Table 5 summarizes the configuration setting used for the accelerometer. 

Table 5. Accelerometer Configuration Settings 

Register Register Address Register Settings 

CTRL_REG1_A 0x20 0x27 

CTRL_REG4_A 0x23 0x50 

 

Sensor readings from the accelerometer are in twos complement form and 

available from the following registers: 

 X-axis: OUT_X_L_A and OUT_X_H_A located at 0x28 and 0x29 

 Y-axis: OUT_Y_L_A and OUT_Y_H_A located at 0x2A and 0x2B 

 Z-axis: OUT_Z_L_A and OUT_Z_H_A located at 0x2C and 0x2D 

Table 6 shows the accelerometer’s output registers and their associated memory 

locations. 
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Table 6. Accelerometer Output Regsiters 

Register Register Address 

OUT_X_L_A 0x28 

OUT_X_H_A 0x29 

OUT_Y_L_A 0x2A 

OUT_Y_H_A 0x2B 

OUT_Z_L_A 0x2C 

OUT_Z_H_A 0x2D 

 

The magnetometer was pre-configured as follows: 

 Output data rate (ODR) of 30 Hz: selected by setting CRA_REG_M 

(located at 0x00) to 0x14 

 Continuous conversion mode: selected by setting MR_REG_M (located at 

0x02) to 0x00 

Table 7 summarizes the configuration settings used for the accelerometer. 
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Table 7. Magnetometer Configuration Settings 

Register Register Address Register Settings 

CRA_REG_M 0x00 0x14 

MR_REG_M 0x02 0x00 

 

Data from each axis of the magnetometer are stored in 2’s complement form in 

two 8-bit registers: output register H and output register L. Output register H is 

the MSB and output register L is the LSB of the measured data. The output 

registers are as follows: 

 X-axis: OUTXH_M and OUTXL_M located at 0x03 and 0x04 

 Y-axis: OUTYH_M and OUTYL_M located at 0x05 and 0x06 

 Z-axis: OUTZH_M and OUTZL_M located at 0x07 and 0x08 

Table 8 shows the magnetometer’s output registers and their associated memory 

locations. 
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Table 8. Magnetometer Output Regsiters 

Register Register Address 

OUTXH_M 0x03 

OUTXL_M 0x04 

OUTYH_M 0x05 

OUTYL_M 0x06 

OUTZH_M 0x07 

OUTZL_M 0x08 

 

The Pololu Minimu-9 [16] is an inertial measurement unit (IMU) consisting of the 

L3G4200D, LSM303DLH and control circuitry mounted on a small 0.8” x 0.5” 

circuit board, simplifying access to the gyroscope, accelerometer and 

magnetometer output data while functioning as slave devices on an I2C serial 

interface bus. Access to the Minimu-9’s sensor readings is available through its 

SCL and SDA pins, which should be connected directly to the I2C 

microcontroller’s SCL and SDA pins providing the master I2C clock and data 

signals respectively. Pull-up resistors are already pre-wired to the SCL and SDA 

pins on the Minimu-9 circuit board since both SCL and SDA are open-drain 

drivers. 
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The PIC24fJ128GA010 is a 16-bit microcontroller with a 32 MHz CPU, two I2C 

serial interfaces capable of supporting multiple I2C slave devices, and 128 KB 

program memory. It was used in the form of a 100-pin TQFP chip mounted on a 

Microchip Explorer 16 development board. 

The block diagram for the system is as shown in Figure 3.  

Figure 3. Fall Detection Sub-system Block Diagram 
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A picture of the prototype built for the fall and repetitive motion detection system 

is shown in Figure 4. 

Figure 4. Fall & Repetitive Motion Detection System Prototype 

 

3.4 Methodology 

The overall system design is as shown in Figure 5. 
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Figure 5. System Design Diagram 

 

Note that the system continually checks for fall events. The frequency of these 

checks is 25 Hz, (25 samples per second), which allows for sufficient granularity 

of obtained measurements while not collecting too much data as to be inefficient. 

Sampling rates of 120 Hz is used in [10] and [11], and 100 Hz is used in [8] and 

[4], but whereas such high sampling rates provide the required data accuracy, 

they are impractical for deployed operating devices because they provide much 

more data than is needed and unnecessarily increase the cost of the device. By 

contrast, [9] and [17] collect data at a sampling rate of 45 Hz, which though not 

optimum is significantly more efficient. The system diagram associated with 

checking for a fall event is shown in Figure 6. 
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Figure 6. Generate new event 

 

This pattern of continually checking for a fall event and then performing various 

system functions once the fall event is discovered is common to most 

documented fall detection methodologies. It provides for immediate response to 

obtain help for the subject in the event of a fall. However, the means of 

determining when a fall has taken place is implemented in widely different ways. 
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In [2], the posture of the subject is continually monitored and a fall is determined 

when the subject is in a lying position. This approach relies on the use of ambient 

sensors placed in the subject’s living environment for its ability to determine 

posture. This adds cost and operational complexities to the system when 

compared with the use of single-device systems. 

Other approaches [4] assume that the subject will always wear the sensor in the 

proper orientation with respect to the body. Though this may be a valid 

assumption in the case of the multi-sensor jacket-embedded scenario of [2], it is 

not a good assumption in most real world scenarios, where the orientation of the 

sensor devices over time may become unpredictable. 

The method used in this work is based on detecting a pronounced period of 

inactivity, then re-constructing the subject’s activities just prior to this quiet 

period. The subject’s activity data is stored each pass through the fall monitoring 

loop and activity data for the last 2 seconds is always available. Some 

methodologies store activity data for a shorter period. For example, [3] stores 

only the last 400 ms of data. This may be too short a period as in reality most 

falls take place over a longer period of time and hence the data collected would 

be inadequate. A longer period of 0.8 seconds is used in [17], but that may still 

be inadequate. By contrast, [10] and [11] keep track of the last 5 seconds of 

activity data, which makes its conclusions more reliable. However, accumulating 

excessive amounts of data may unnecessarily increase cost and in this case may 

dilute critical fall activity data and reduce its reliability. 
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Activity during the brief period leading to inactivity was analyzed by some to 

determine the intensity of movement by examining its acceleration and angular 

rate of motion characteristics [10] and [11], whereas others used it to determine 

the amount of energy expenditure [9] and [17] during this period. If there was 

high energy expenditure or movement in the seconds just prior to the quiet period 

then it was inferred that a fall event had taken place. Quagliarell et al [4] based 

their algorithm not only on identifying the low-activity period, but also on 

identifying impact, and determining whether or not the subject was in a lying 

position. 

Some researchers, [5] And [3] placed a premium on detecting falls before they 

occurred, with [3] reporting detection of falls 300-400 ms before they occurred. In 

addition, [5] asserted that detecting a fall prior to impact was necessary in order 

to avoid damage to the device that was likely to occur after a fall. However, it 

seems that such concerns could be addressed by requiring that the device be 

sturdy enough (and small enough) to withstand falls. This approach does not 

attempt to detect falls before they occur because even by the most optimistic 

calculations there is little to gain from doing so. For example, [5] estimates a pre-

fall detection of only 323 ms prior to the torso hitting the ground and only 140 ms 

prior to the knee hitting the ground. 

After a fall has been detected, our method requires that the subject push a button 

on the device to indicate that the detected event was not a fall. If no response is 

obtained from the subject then the system determines that the event was indeed 
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a fall. Some researchers [5] are critical of the push button approach, arguing that 

after a fall the subject is likely incapacitated and would not be able to push a 

button even if she would like to do so. However, this reasoning does not take into 

account the fact that lack of a response from the subject should correctly be 

interpreted by the system as indicating that a fall event has taken place. The 

subject is required to push the button only to indicate to the system that the event 

in question was normal activity to be learned by the system. 

To detect and respond to a fall event, the system performs the following five 

functions. 

3.4.1 Check for no or low activity (see Figure 6) 

The system continually monitors the subject’s activity level and checks for a 

moment of limited or no activity, such as would likely be the case after a fall. The 

sensor readings would help make this determination as shown in figure 6. 

Sr is the root sum square of the measurements taken from the gyro. It indicates 

the vector mean angular rate of motion of the subject. Similarly, Sh is the root 

sum square of the measurements taken from the accelerometer, and indicates 

the vector mean acceleration of the subject. And Sp is the root mean square of 

the measurements taken from the magnetometer, and indicate the vector mean 

orientation of the subject. 



40 
 

A reading of the values of Sr, Sh and Sp all below predetermined threshold values 

Tr, Th and Tp is interpreted by the system as an indication that the subject is in a no-

activity or low-activity state. 

3.4.2 Check for recent activity (see figure 6) 

SR is the average value of Sr over the last 20 measurements (that is, over the last 

1 second prior to no or low activity being detected). A value of SR exceeding the 

predetermined threshold TR is an indication of a high degree of angular rate of 

motion just prior to no or low activity being detected. This is interpreted by the 

system as indicating that a fall event has occurred. 

Similarly, a value of SH exceeding predetermined threshold value TH indicates a 

high rate of acceleration just prior to no or low activity being detected and is also 

an indicator of a fall event. 

And likewise, a value of SP exceeding predetermined threshold value TP indicates 

a significant change in orientation just prior to no or low activity being detected 

and indicates that a fall event has likely occurred. 

3.4.3 Check database for fall signature (see Figure 5) 

A new fall event is considered unique and stored in the database if its signature 

is such that there is no fall event stored in the database for which the value of SR 

for the stored event is within a predetermined range RR of the new event. In 

addition, SH for the new event must not be within predetermined range RH of the 
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stored event and SP for the new event must not be within predetermined range 

RP of the stored event. 

If in checking the database the system discovers a fall event with the same 

signature as the new fall event, the new event is not stored. However, the event 

type is checked and a service alarm is generated if the event is classified as an 

alarm. 

3.4.4 Add new fall signature to database (see Figure 5) 

If in checking the database the system determines that the new fall event has a 

unique signature, it stores the new fall event in the database. 

3.4.5 Learn the subject’s usage patterns (see Figure 5) 

Prior to being stored in the database, new fall events must be classified by type 

as being either of type “alarm” or of type “safe”. Upon detecting a new fall event 

not previously stored in the database, the system issues a local alert to the 

subject, requiring the subject to push a reset button. By pushing the button, the 

subject is indicating to the system that the suspected fall event was not a fall and 

must be classified in the database as “safe”. 

However, if the subject does not push the reset button, the system classifies the 

fall event as “alarm”, stores it in the database and generates a service alarm.  
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IV. REPETITIVE MOTION SUB-SYSTEM DESIGN 

4.1 System Requirements 

The system is intended to be a wearable device, capable of detecting repetitive 

movements in the person wearing the device. It must be small and compact, 

such that it will not interfere with the daily activities of the user. It is expected to 

be used primarily for detecting repetitive motion in autistic individuals, and as a 

consequence special consideration must be given to the limitations of the typical 

autistic child. 

In particular, the device must not depend on the co-operation of the child for its 

success. Even though the device is designed for the good of the child, he or she 

may not understand the significance of that and may tamper with or in other ways 

interfere with the proper functioning of the device. 

For the same reason the device must be robust and tamper-proof, so that it is 

allowed to function uninterrupted. If, for example, the child attempts to dismantle 

the device, an alarm should sound to notify the relevant parties that such an 

attempt is being made. The alarm should also have the dual purpose of 

distracting the child and discouraging that activity. The alarm should ideally be 

local, such as for example the house alarm so that quick remedial action by a 
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caregiver can be performed, but it may also be beneficial to collect statistics of 

such actions remotely for further analysis. 

Also to reduce the risk of tampering, the device must be minimally intrusive or 

observable by the child. If the child is unaware or only minimally aware of the 

presence of the device, the chances are greater that he or she will not tamper 

with it. This could be challenging for a body-worn device, but disguising the 

device or hiding it in the child’s clothes may be helpful, therefore care must be 

taken to make the device such that it can be camouflaged among the child’s 

clothing or in some other way appropriate for the circumstances. 

In the same way, the device must also be difficult for the child to remove or 

disable, in the event that he or she tries to remove or disable it. If the device is 

worn directly on the body, it must be located such that it is inaccessible by the 

child, such as for example behind the child’s back or hidden in the child’s 

clothing. Therefore the device should remain in its intended position regardless of 

the child’s efforts to remove it. 

The device must present no health risks for the child. Since the device is 

intended to be wearable, it must not be able to produce any harmful radiation or 

in any way harm the child whether during normal operation or if it is tampered 

with or broken in any way. 

It must be possible to refresh any power sources used, such as batteries, etc, 

with minimal intervention or disruption. For example, batteries used may be long-
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lasting, needing to be replaced only after a long period of use. In such cases 

battery replacement could be scheduled and performed as needed. Alternatively, 

batteries may be refreshed in a non-intrusive manner such as remotely by an 

inductive device located under the child’s bed and performed when the child is 

asleep. 

Communication between the device and any monitoring node to which it is 

connected must be real-time, both incoming and outgoing. The device is 

intended to be used to provide alerts and calls for help on an emergency basis. 

Since failure to complete an emergency alert on a real-time basis may result in 

serious harm of the child and possibly even death, it is imperative that all 

communication mechanisms upon which the device relies perform efficiently and 

at an optimum level. Nevertheless, consideration should be given for giving 

preference to local alerts that require less critical communication resources, such 

as a house alarm that could attract the attention of an on-the-scene care giver. 

The communication link between the device and any connected node must be 

reliable, dependable and secure, to ensure that only correct information is 

transmitted, to ensure that information requiring emergency responses is 

received in a timely manner, and to ensure that information is not accessed or 

altered by unauthorized individuals. Information security in this environment must 

be maintained at the highest possible level.  Any compromise of security could 

lead to serious harm to the child or even death, for example if the system detects 

harmful repetitive motion and issues an alert that due to a security breach is 
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either not made or made too late. Also, breaches in security could be exploited to 

use the stimulus generating capabilities of the device to provide harmful stimuli to 

the child, or to stimulate the child in a harmful way, for example by increasing to 

a harmful level the sound that is played to distract the child from a harmful 

activity. 

4.2 Design Requirements 

The system must be able to continually monitor the user’s activity and determine 

when the user is performing any repetitive motion activity or is otherwise in any 

danger that it is capable of detecting. The device will provide a reliable means of 

monitoring the user to detect any undesirable conditions, alerting parents or other 

caregivers on a real-time basis to enable rapid response, and providing local 

stimulus to the user to help break habits that can lead to worsening of his or her 

condition. 

Although the primary function of the device is to detect harmful repetitive motion 

of the user, it is equipped with other diagnostic capabilities that could together 

provide useful information on an emergency basis to caregivers to prevent harm 

to the user. The activity monitor is the primary subsystem responsible for 

detecting repetitive motion, but other subsystems, such as for example the heart 

monitor subsystem, could be used to provide a comprehensive suite of 

information transmitted in an alert that could lead to improved performance in 

providing emergency help for the user. The device comprises the following 

subsystems, as shown in Figure 7.  
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 The Temperature subsystem monitors the child’s body temperature and 

the ambient temperature. Some autistic children sometimes get too cold or 

too hot in their own homes but the parents are unaware because the child 

does not speak out. This subsystem triggers an alarm when the body 

temperature goes outside a pre-defined acceptable range.  

 The Heart Monitor subsystem monitors the child’s heartbeat to detect any 

heart failure or abnormal rhythm. It observes changes in heart rate and 

triggers an alarm in the event of any observed irregularities. 

 The Sound Monitor subsystem monitors the child for sound. While 

sleeping, some children may choke on their own saliva and they may 

make abnormal sounds but not loud enough to wake up their parents. This 

device will detect any abnormal sounds, breathing, or a sequence of the 

above and issue an alert. 

 The Activity Monitor subsystem uses movement and orientation sensors to 

detect any abnormal movement or sequence of movements, such as 

waking up in the middle of the night and jumping on the bed in the dark, 

which may cause them to fall and hurt themselves. Also, during the 

daytime, autistic children often develop some form of repetitive movement 

such as skip jumping and/or spinning their hands or bodies in a very 

abnormal way. Parents are often too busy to prevent these repetitious 

movements, which in the long run worsens the child’s behavior unless it is 

constantly stopped by distracting the child from such movements. When 
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such repetitive movements are detected, the device not only alerts the 

parents but it will issue a corrective response such as a loud audible 

sound or electric muscle stimulation pulse to distract the child and break 

his repeated cycle. 

 The Ambient Control subsystem monitors the child’s surroundings for 

potentially hazardous equipment or tools, such as may be present for 

example in a kitchen or garage. If the child is unsupervised, these hazards 

could possibly harm the child. This subsystem disables or locks these 

hazards when the child is in the vicinity. 

 The Local Stimulus subsystem is the interface used by the device to send 

intervention signals to the child. These signals may be a loud noise, 

music, other sounds, or a vibrating pulse to distract the child from 

performing any harmful activity, or to waken the child to stop the progress 

of any harmful health event such as choking while asleep. 

 The Communication subsystem uses an SMS Modem to send text 

messages to parents to report various normal and abnormal conditions. It 

also receives corrective orders or control actions.  

 The Location Monitor subsystem uses a GPS sensor to help locate the 

child, or learn about any special environmental aspect of the child’s 

current location and surroundings.  

 The Controller uses a Real Time Operating System to make the device 

time sensitive, and adds intelligence to the way all sensors and actuators 
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are controlled, such as the frequency of sensors detection and level of 

acceptable threshold, the loudness of alarm, and so on.  The Controller 

also provides Intelligent Battery Control including inductive recharging and 

low battery alarm. 

 The House Alarm interface connects to the house alarm and triggers an 

alarm when the child is in danger, as sensed by the various monitoring 

subsystems. 

 The Data Storage Unit captures all pertinent health events of the child. In 

addition to recording emergency health events, it records normal events 

and creates a log that can then be transmitted to a physician or other 

caregiver upon request. 

All communication is on a real time basis. The system has the ability to 

accurately record data produced by any of the above sensors, and report on a 

real time basis to parents or to the monitoring facilities of a caregiver. The 

complete system diagram is shown in Figure 7. 
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Figure 7. Repetitive Motion Patient Monitoring Sub-System Diagram 
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description of these other sub-assemblies, such as the heart monitor subsystem, 

is beyond the scope of this thesis. 

The equipment used in the design of the activity monitor that is used to obtain 

activity measurements is a multi-sensor small digital device consisting of a 

gyroscope, accelerometer and magnetometer as shown in Figure 3 and 

described on pages 26-34. This equipment is incorporated into the overall 

repetitive motion and patient monitoring sub-system shown in Figure 7. 

The algorithm used to implement the activity monitor is based on the system 

diagram shown in Figure 8. 
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4.4 Methodology 

The overall system design is as shown in Figure 8. 

Figure 8.  Repetitive Motion Detection System Diagram 
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lasting for 3 seconds. Consequently the size of the FIFO buffer must be able to 

accommodate 75 samples. If the data representing the contents of the FIFO 

buffer does not match any of the stored repetitive motion activities, then the 

system continues in the loop searching for a match. However, if it finds a match 

then it determines that the user is performing repetitive motion and issues all 

appropriate alerts and stimuli. 

Several alerts may need to be issued, including any required local alerts as for 

example to on-the-scene caregivers such as parents or medical staff, alerts to 

remote medical response centers, or alerts to remote data collection and 

monitoring facilities. 

Stimuli may be in the form of an alarm or loud noise, music, flashing lights, a 

small voltage discharge or any appropriate stimulus designed to distract the child 

from performing the detected repetitive motion activity. 
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V. EXPERIMENTATION RESULTS 

5.1 Data Collection 

In this study we analyze many types of ADL, falls and repetitive motion, studying 

the sensor recordings obtained from carrying out several use cases of each type 

of activity. The goal is to use the results of this analysis to accurately determine 

for each activity recorded by the sensors whether it is a fall, repetitive motion, or 

ADL. 

For both the fall detection and repetitive motion data collection procedure, the 

device prototype (see Figure 4) was worn by the author of this paper, who 

performed various types of movements, each lasting for 3 seconds, and recorded 

the resulting sensor readings generated. The sensor readings were recorded on 

the EEPROM memory that comes standard on the Explorer 16 development 

board, saved onto an SD card by running a small C program on the MPLAB X 

IDE platform, and exported to Matlab for further processing. 

The motion types studied are as shown in Table 9. 
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Table 9. Motions Studied 

ADL Falls 
Repetitive 

Motion 

Sit down normally Fall to right side 
Rocking from side 
to side 

Sit down normally leaning 
left 

Fall spinning 270 
degrees CCW landing 
on RHS 

Jumping up and 
down 

Sit down normally leaning 
right 

Fall to left roll right then 
left then end on back 

Spinning 
counterclockwise 

Walk forward wobbling 
from side to side 

- Head banging 

Normal walk forward - - 

Walk forward 4 steps and 
turn around (right) 

- - 

Walk forward (brisk) - - 

Run forward - - 



55 
 

5.2 Data Analysis: Activities of Daily Living (ADL) 

Activities of daily living (ADL) are normal activities like standing, lying, sitting, 

walking and so on, and are generally characterized by smaller changes in 

angular rate, acceleration and direction than falls and repetitive motion. Such 

changes can be accurately measured by inertial sensors such as 

accelerometers, gyroscopes and magnetometers, which will generally record 

comparatively larger values of inertial change for falls and repetitive motion than 

for ADL. 

The ADL data collected are represented in part by the graphs shown in Figure 9. 

The graphs show the values of acceleration measured for the specified activity 

along the x, y and z axes of the body’s movement. The red curve represents the 

x component, the green curve represents the y component, and the blue curve 

represents the z component of the acceleration of the subject in performing the 

specified activity. Acceleration is measured along the y-axis of the graph, where 

a value of 1G is represented by 10 units. Each activity lasts for 3 seconds. 

In examining the ADL graphs, it can be observed that for ADL the values of 

acceleration for each axis vary only within a very small range. For the ‘sit down’ 

class of activities (figure 9a), the x value of acceleration remains very close to 0 

G, the y value remains near -0.5 G and the z value remains close to -1 G.  

A closer look at the graphs provide a further description of each of the axes x, y 

and z and their relationship to the direction of the body’s movement. It has 
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already been stated that the red curve represents movements along the x axis. 

However, a closer look at the graphs reveals that the x axis corresponds to right 

and left movements. Positive values of x indicate movements to the left, as can 

be seen from the ‘sit down normally leaning left’ graph (figure 9b), which shows 

relatively large positive values of x. And negative values of x indicate movements 

to the right, as can be seen from the ‘sit down normally leaning right’ graph 

(figure 9c), which shows relatively large negative values of x. 

In the same manner, forwards and backwards movements can be observed by 

examining the green curve y. For most of the ADL movements performed there is 

not much variation in y. However, in figure 9d ‘walk forward wobbling from side to 

side’, y ranges between -0.5G and 0.5G (a full 1 G), which is easy to understand 

given the fact that there is a relatively large forward-backward swing in 

performing this type of movement.  

The blue curve offers the most significant information in the ADL group. Here it 

can be seen that though the acceleration measured for z is around -1G for most 

movements, this value could increase significantly for some movements, 

approaching as much as 1.5 G for walking normally (figure 9e), 2.3 for walking 

forward and turning around (figure 9f), and 2.8 for running forward (figure 9h). 

The higher value of acceleration for walking forward and turning around versus 

merely walking forward is explained by the fact that the subject was required to 

walk at a faster pace when the movements required turning around, especially 

considering that the entire movement had to be completed in 3 seconds; 
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therefore the measured values of z when the movement involved walking 4 steps 

and turning around versus walking only 2 steps and turning around are slightly 

higher. For running, the measured value of z reached as high 2.8 G. Also, the 

choppiness of the z curve increased when the movements were faster, as can be 

seen from the graphs of ‘walk forward (brisk)’ and ‘run forward’. 

However, the main lesson learned for the ADL graphs is that z, the up-down 

component of acceleration, is normally around 1 G for ADL, but could range as 

high as around 2.8 G depending upon the type of movement being performed. 

This fact has serious implications when it comes to the ability of the system to 

distinguish between ADL and falls and repetitive movements. 
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Figure 9. Activities of Daily Living 

Figure 9(a) – Sit down normally 
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Figure 9(b) – Sit down normally leaning left 
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Figure 9(c) – Sit down normally leaning right 
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Figure 9(d) – Walk forward wobbling from side to side 
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Figure 9(e) – Normal walk forward 
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Figure 9(f) – Walk forward 4 steps and turn around (right) 
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Figure 9(g) – Walk forward (brisk) 
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Figure 9(h) – Run forward 

0 0.5 1 1.5 2 2.5
-4

-3

-2

-1

0

1

2

3

4

Time (seconds)

A
c
c
e
le

ra
ti
o
n
 a

s
 a

 m
u
lt
ip

le
 o

f 
g

run forward

 

 

X-accel

Y-accel

Z-accel



66 
 

5.3 Data Analysis: Falls 

Various types of falls were performed, including falls forward, backward, to the 

left, to the right, and several variations thereof. It was observed, as could be 

expected, that the values of acceleration achieved were higher for falls than for 

ADL. 

The fall data collected are represented in part by the graphs shown in Figure 10. 

The graphs show the values of acceleration measured for the specified activity 

along the x, y and z axes of the body’s movement. As with the ADL movements, 

the red curve represents the x component (side to side measurements), the 

green curve represents the y component (forwards-backwards measurements), 

and the blue curve represents the z component (up-down measurements) of the 

acceleration of the subject in performing the specified activity. Acceleration is 

measured along the y-axis of the graph, and is measured in units of G. Each 

activity lasts for 3 seconds. 

In examining the fall graphs, it can be seen that the up-down component value of 

acceleration, as measured by the blue curve, could have a range from as small 

as 0.5 G (for example as in figure 10a - ‘fall to right side’) to as large of 4 G or 

more (as for example in figure 10b - ‘fall spinning 270 degrees CCW landing on 

RHS’). 

Considering the corresponding ranges in up-down acceleration for ADL, this 

result provides great confidence in the ability to use z as a successful 
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discriminator in distinguishing between falls and ADL for some types of falls, but 

not all. However, when other factors are considered the ability to distinguish 

between falls and ADL improves. 

For example, the speed with which the acceleration ranges from low to high 

values within its range could be used to provide further clues as to whether the 

movement is a fall or ADL. Therefore in addition to the values of acceleration it is 

also important to consider the time factor. For example, how long did it take for 

the z component of acceleration to go from -0.8 G to +1.6 G? If the time 

measured is very small then a fall can be inferred, subject to an appropriate 

threshold value. 

In summarizing the experimental findings from the analysis of the fall data, it is 

clear that for the falls in which the z component of acceleration exceed 3 G a fall 

can be inferred, but for falls in which the z component of acceleration is less than 

3 G, other factors including the x and y components of acceleration and time 

could be used to distinguish between falls and ADL. 

.   
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Figure 10. Falls 

Figure 10(a) – Fall to right side 
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Figure 10(b) – Fall spinning 270 degrees CCW landing on RHS 
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Figure 10(c) – Fall to left roll right then left then end on back 
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5.4 Data Analysis: Repetitive Motion 

Various types of repetitive motions were performed, including jumping up and 

down repeatedly, spinning, rocking from side to side, running in place and head 

banging, and as expected, the measured values along all axes of body 

movement were very high as compared with ADL. 

The repetitive motion data collected are represented in part by the graphs shown in  

Figure 11. The graphs show the values of acceleration measured for the 

specified activity along the x, y and z axes of the body’s movement. As in the 

previous cases, the blue curve represents the z component (up-down 

measurements), the green curve represents the y component (forwards-

backwards measurements), and the red curve represents the x component (right-

left measurements) of the acceleration of the subject in performing the specified 

activity. Acceleration is measured along the y-axis of the graph, and is measured 

in units of G. Each activity lasts for 3 seconds. 

In examining the repetitive graphs, it can be seen that the up-down component 

value of acceleration, as measured by the blue curve, could have a range from 

as small as just over 1 G (for example as in figure 11a - ‘rocking from side to 

side’) to as large of 6.5 (as for example in figure 11b - ‘running in place’). 

These high values provide excellent discriminative capabilities for the system to 

be able to distinguish between repetitive motion and ADL. And for movements 

where the range of values of z is toward the low end, other discriminating factors 
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such as time and the values of the other acceleration components could be used 

to provide the proper discriminative capability. 

In summarizing the experimental findings from the analysis of the repetitive 

motion data, it is clear that for the movements in which the z component of 

acceleration exceed 3 G a repetitive motion can be inferred, but for movements 

in which the z component of acceleration is less than 3 G, other factors including 

the x and y components of acceleration and time could be used to distinguish 

between repetitive motion and ADL. 
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Figure 11. Repetitive Motion 

Figure 11(a) – Rocking from side to side 
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Figure 11(b) – Jumping up and down 
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Figure 11(c) – Spinning counterclockwise 
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Figure 11(d) – Head banging 
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5.5 Data Analysis Using Principal Component Analysis (PCA) 

Principal component analysis was used to extract features from the incident data, 

which was then classified using a 3-class k-nearest neighbor classifier. The 3 

classes were ADL, falls and repetitive motion. 

The first step in the analysis of the data was to use principal component analysis 

to create a model of the data in MATLAB. The data was then partitioned into 50% 

training samples and 50% test samples selected randomly. Then a kNN classifier 

was used to determine the accuracy of determining the correct class of each 

incident, that is, whether it was a fall, a repetitive motion or ADL. 

With an initial total sample size of 75 incidents (22 ADL, 26 fall and 27 repetitive 

motion), the classification accuracy ranged from 83% to 92%. 

When 25 more ADL incidents were added to the data set the classification 

accuracy went up and ranged from 88% to 96%. 

Adding 25 additional fall incidents caused the accuracy to drop slightly to the 

82%-95% range. 

Finally, adding another 25 repetitive motion incidents caused a further drop to the 

66%-80% range. 

The results are as shown in Table 10. 
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Table 10. Motion Classification Results 

Classes 

 % of samples 

Accuracy 
No. of 

samples 
ADL Falls Rep. Motion 

ADL versus 
non-ADL 

150 31 34 35 
100% 

ADL/Fall/RM 75 29 35 36 83-92% 

ADL/Fall/RM 100 47 26 27 88-96% 

ADL/Fall/RM 125 37 41 22 82-95% 

ADL/Fall/RM 150 31 34 35 66-80% 

 

The continued decline in accuracy even as the number of samples increased 

was puzzling. Increasing the ratio of training samples to test samples improved 

the classifier accuracy, but it still remained in the 80%-90% range when the 

percentage of training samples was 90% and the percentage of test samples was 

10%. 

Changing the classifier to a 2-class classifier and dividing the samples into 2 

classes representing ‘ADL’ and ‘others’ drove the classifier accuracy up to a 

consistent 100%.  
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The results shown in Table 10 highlight one of the primary findings of this 

research: ADL could relatively easily be distinguished from non-ADL movements 

using machine classification methods. However, because of the close similarity 

between the data generated by falls and repetitive motion events, it is relatively 

difficult to distinguish between these two classes. Nevertheless, analysis of the 

data from these two classes reveals that the periodicity of the data represents a 

vital means of distinguishing between activities originating from them. 

Therefore successful performance of the 2-class classification of falls versus 

repetitive motion must take into account the periodicity of the data, which is 

pronounced for repetitive motion, and relatively non-existent for falls. 

MATLAB Program Code 

The following program was run: 

% Calculate the accuracy of determing incident class using PCA 

addpath (genpath ('.')); 

% set train/test split 

tts = '90/10'; 

% set number of components 

num_components = 10; 

% 
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% read in the data set 

load('allIncidents.mat'); 

X = []; 

y = []; 

for i=1:size(allIncidents,2) 

    height = size(allIncidents(i).fallData,1); 

    width = size(allIncidents(i).fallData,2); 

 X = [X, reshape(allIncidents(i).fallData,width*height,1)]; 

 if strcmp(allIncidents(i).name, 'problem') 

            y = [y, 1]; 

    elseif strcmp(allIncidents(i).name, 'ADL') 

        y = [y, 2]; 

    else y = [y, 2]; 

    end 

end 

% 

% Learn a PCA model;  the feature vector is model.P 

model = createModel(X,y,num_components); 

% 
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% Partition data set into training and test sets (80/20 split), transpose the 

data to accomodate cv 

yprime = model.y'; 

Pprime = model.P'; 

c = cvpartition(yprime,'holdout',0.2); 

% 

X_Train = Pprime(training(c,1),:); 

Y_Train = nominal(yprime(training(c,1))); 

% 

X_Test = Pprime(test(c,1),:); 

Y_Test = nominal(yprime(test(c,1))); 

% 

% Use kNN classifier to process test images and obtain test accuracy 

kdtreeNS = KDTreeSearcher(X_Train); 

% 

[IDX, D] = knnsearch(kdtreeNS,X_Test); 

results = Y_Train(IDX); 

missClassified = sum(Y_Test~=results); 

% calculate confusion matrix for this case 

cm_baseline = zeros(40); 

for i = 1:size(Y_Test,1) 
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    cm_baseline(Y_Test(i,1),results(i,1)) = 

cm_baseline(Y_Test(i,1),results(i,1)) + 1; 

end 

accuracy = 100*(1-missClassified/size(Y_Test,1)); 

display(['Test accuracy for PCA, ', num2str(num_components), ' components, 

', tts, ' train/test split = ', num2str(accuracy), '%']); 

% 

Test accuracy for PCA, 10 components, 80/20 train/test split = 100% 
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VI. CONCLUSION 

The complex problem of monitoring individuals at risk of suffering a fall or 

engaging in harmful repetitive motion activity was examined in this thesis. A new 

portable device, configurable for use in either the fall detection or repetitive 

motion detection contexts, was proposed that would be worn by at-risk 

individuals and would have the capability of collecting activity data on an ongoing 

basis and determining in real time when a fall or repetitive motion has occurred.  

An advanced feature extraction technique, principal component analysis (PCA), 

was used to extract identifying features from the data and these features were 

provided as input to a kNN classifier. 

Experimental results showed that the proposed device could discriminate 

between activities of daily living (ADL) and falls with 100% accuracy. They also 

revealed a complex relationship between falls and repetitive motion. The key to 

distinguishing between falls and repetitive motion from observing the data 

representations of each is to utilize a key discriminator between the two types of 

movement. Whereas both types of movement produce accelerations in excess of 

3G, they differ in that a characteristic repetitive motion data attribute is high 

periodicity, which is not present in fall data. The proposed device would employ 
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this discriminating characteristic, and as a consequence provide better immunity 

against false positives than existing fall detection devices. 

The device is expected to be a low- cost device with cost comparable to those of 

existing portable fall detection devices. Apart from the microcontroller, the bulk of 

the cost would be the cost of the sensor assembly, and would be comparable to 

the cost of the sensor assemblies used on existing devices (currently much less 

than $US 1). Manufacturing costs are also expected to be comparable to those of 

existing devices. The key discriminator between the proposed device and 

existing devices is the control logic, which would be implemented in the 

microcontroller, also present in existing devices. The proposed device is a tiny 

device (smaller than a cell phone) that is not only easy to wear, but small and 

robust enough to be both fall-proof and highly tamper-resistant. 

In summary, the proposed device has physical characteristics comparable to 

those of the best existing devices, it fills a need for a reliable portable repetitive 

motion detection device, and it performs significantly better in identifying falls 

than existing fall detection systems. In addition, it maintains and utilizes a history 

of past fall events, which allows it to adapt to the physiological characteristics of 

different users and to the changing physiological characteristics of a single user 

as he or she ages. This ability to adapt to the user is largely not present in 

existing devices, or when present is implemented only in a very limited scope 

and not as comprehensively as in the proposed device. 
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