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Abstract
Monitoring and analyzing sit-to-stand movements performed by an older person when
rising from their bed could be used as a measure of health and mobility. Pressure patterns
for four adult test groups were collected using a pressure sensitive mat technology and
analyzed using image processing and signal processing techniques.
Pressure images were generated from the raw sensor data and analyzed using four
region of interest algorithms. The hip and hand regions were successfully extracted and
the best results were obtained using the binary cluster detection algorithm. The sensor
data was summed to create a sit-to-stand time pressure signal and an automated algorithm
was proposed to segment the signal into three phases. The results extracted individual
phase times as well as total sit-to-stand times. The algorithm performance was verified
using video analysis data.
The timing results were used to evaluate the health and mobility of different
participant groups and could be used to monitor changes in sit-to-stand movements
performed by occupants living in smart homes.
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Chapter 1:

Introduction
1.1 Motivation
There is a great demand for research in the field of patient monitoring, particularly
monitoring in the home. The research motivation is driven by the possibility of having
smart homes provide future benefits to seniors as well as to nurses and caregivers at
hospitals and old age homes. This type of research aims to provide seniors with
unobtrusive monitoring in their homes therefore allowing them to live independently
longer. Embedding equipment such as pressure sensors into furniture will allow for
accurate data collection from the occupant because all of the necessary movements will
be performed in their home rather than in a clinical environment.
Monitoring movements such as the sit-to-stand transfer from a bed is important
because, although seemingly a very simple task elderly people find it quite difficult to
perform and therefore it can be used as a measure of health.

1.2 Problem Statement
The thesis research focuses on analyzing patient bed transfers using a pressure sensitive
technology. More specifically the sit-to-stand movement will be evaluated using data
collected from sensors located underneath the bed mattress. Analyzing the sit-to-stand
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movement is important in assessing the mobility of older healthy subjects as well as
assessing the rehabilitation progress of older recovering subjects.
The Mobility project involved collecting data from four different participant groups:
young and older healthy subjects, and older patients recuperating from a stroke or hip
fracture. Designing and implementing methods for analyzing the sit-to-stand data and
differentiating between the pressure patterns produced by the four adult test groups.
Monitoring the sit-to-stand movements of a post-stroke participant over time, would
hopefully result in their mobility level progressing to the same level as an older healthy
participant.

1.3 Objectives
The thesis goal is to investigate and analyze sit-to-stand movements performed by young,
older and functionally impaired participants. The algorithms used to assess patient
mobility will be installed in the smart home to monitor the occupants' movements and
discover any deviations from the normal.
The team involved with this project is a multidisciplinary team involving both
engineering experts and clinical experts. Data analysis will be performed by the
engineering team to extract useful sit-to-stand parameters as suggested by the clinical
team. The collaboration between clinical and engineering researchers working together
on the Mobility project will result in both innovative analysis and results.
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A block diagram describing the thesis research process is shown below.
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Figure 1.1: Thesis Flowchart
Raw pressure data will be processed to create pressure images, representing the sit-tostand movement as a set of frames in a movie sequence.
Region of interest algorithms will be implemented to extract information about the
sit-to-stand movement one frame at a time. The use of hands will be identified as well as
the timing information related to the hip and hand regions. The results will be verified by
comparing them with results produced by clinicians.
The raw pressure data will be processed to create a pressure signal and the signal will
be segmented into sit-to-stand phases. Timing information for each individual transfer
will be extracted and a comparison will be performed between participants within a
specific group as well as between participant groups as a whole.
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Timing data between the healthy and recovering group will be compared and a
detailed analysis of the functionally impaired group will be conducted. This will include
looking at unstable sit-to-stand transfers where the participant performs additional
movements such as shuffling or bouncing their weight in order to generate enough
momentum to rise from the bed.

1.4 Thesis Contributions
The following is a list of the research contributions that were made during this thesis
research; each contribution will be explained thoroughly in the following chapters.
•

Designed an experiment to acquire data from a pressure sensitive mat and
supervised data collection. The data collection process consisted of running a
clinical trial involving 25 recruited participants at the Elisabeth Bruyere Hospital.

•

Designed and implemented several algorithms to process the raw pressure data to
create a sequence of pressure images. Created time pressure signals from the
individual sit-to-stand sequences.

•

Proposed algorithms to analyze the pressure images by performing region of
interest extraction in the spatial domain. Individual frames were processed to
extract the regions of interest which included the hips and hands.

•

Designed and implemented an automated algorithm to segment the sit-to-stand
pressure signal into phases and performed time analysis on each phase.

•

Designed and implemented an algorithm to detect additional movements
performed by functionally impaired participants, during their sit-to-stand
sequences.
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1.5 Thesis Outline
A block diagram describing the thesis flow was presented in Figure 1.1 in Section 1.3.
Chapter 2 will provide a literature review of smart homes, patient activity monitoring
and sit-to-stand experiments which have been performed in the past. It will also introduce
the pressure sensor technology and give an overview of region of interest algorithms used
in later chapters.
Chapter 3 discusses the experiment setup including a description of the equipment
that was used, the data acquisition process, and the clinical trial that was conducted at the
Elisabeth Bruyere Hospital.
Chapter 4 is the first data processing chapter and it deals with creating pressure
images using the raw pressure sensor data. Four different techniques are compared and
results for each method are shown. The results are discussed and the most optimal
technique is identified.
Chapter 5 performs region of interest extraction in the spatial domain using the
pressure images created by Chapter 4. The sit-to-stand transfer is made up of a sequence
of frames and each is analyzed as a stand alone pressure image. Hip and hand regions are
extracted using four different methods and timing analysis is performed on each region.
Limitations for each technique are discussed and the best method is identified.
Chapter 6 sums the raw pressure data producing a pressure signal. The signal is
segmented into three phases, weight shift, transition and lift. Together the three phases
make up the sit-to-stand transfer. Timing information regarding each phase is extracted
for individual participants as well as entire participant groups. A bounce detection
algorithm is implemented in order to extract additional movements performed by the
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functionally impaired participants. The movements include shuffling, bouncing and
unsuccessful transfers.
Chapter 7 presents the thesis conclusion which includes a summary of the results and
contributions and a list of recommendations for future work.
References and appendices containing the equipment setup manual and data
acquisition manual are listed at the end.
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Chapter 2:

Background Review
2.1 Introduction
This chapter presents a literature review on the topics of smart homes, human activity
monitoring, sit-to-stand analysis, pressure sensors and an overview of several image
processing techniques.

2.2 Smart Home Technologies
Canada along with the rest of the world has an aging population that is growing
significantly faster than any other age group. Statistics show that in 2001, only one in
eight Canadians was over the age of 65 while projections show that in 2026 one in five
Canadians will reach the age of 65 [1]. The number of medical services required by a
person increases significantly due to health problems resulting from aging. Hospitals and
nursing care facilities across the country are struggling to provide quality services due to
cuts in funding and heavier workloads. Patients requiring light care are being replaced
with patients who have much heavier medical needs, but the funding being provided for
these services is less rather than more [2], [3].
There is therefore a growing demand for technology to help monitor and care for the
elderly, in hospitals, nursing homes as well as their own homes. The development of
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smart home technologies is one suggested solution to this problem as it could monitor the
health conditions of seniors while they are at home. Carleton University is involved a
smart home project called Technology Assisted Friendly Environment for the Third Age
(TAFETA) which is located at the Elisabeth Bruyere Hospital in Ottawa, Canada, which
aims to provide researchers with a test facility. Arcelus et al. describes the prototype
apartment which is currently equipped with a variety of sensor technologies [4]. Many
studies have already been conducted in the field of smart home research. These include
studies to create assessment tools to evaluate the independence of elders [5], [6], [7];
monitoring devices to evaluate patient activity [8] and detect distress situations in a smart
home [9]. Many researchers are identifying new trends in the smart homes field [10], and
discussing potential future technologies that might be useful [11].
Bartolomeu et al. describe several challenges in developing smart homes, such as
having to design them to suit all types of people, security and privacy challenges as well
as challenges in ensuring the patient was being monitored by a reliable and safe system
[12]. Falls are the main cause of injuries amongst older people. This is the motivation for
monitoring patients within their homes because it has been estimated that the resulting
care costs in Canada are approximately $1 billion annually [1].
Several different technologies have been proposed for patient tracking within a smart
home. Saint-Bauzel et al. suggests that the number of sensors used to monitor patients
should be small to ensure a natural living environment [13]. Technologies such a pressure
sensors could be used to monitor patients throughout the home [13] as well as wireless
bed sensors to monitor patients while they are sleeping [15].
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2.3 Human Activity Monitoring
The research field of human activity monitoring is growing rapidly with research interests
including detecting the daily activities of young active people [16], and monitoring the
health of the elderly healthy [17] and unhealthy population [18].
Ermes et al. are attempting to detect daily activities including lying down, sitting,
standing, walking and running performed by healthy people using 3D accelerometers as
well as GPS [16]. Barralon et al. have published a study which uses three accelerometers
to monitor patients and detect how much time they spent in each postural state (ie. lie, sit
and walk) [19]. Knight et al. are trying to create an alarm which monitors an elderly
patient and detects that they are trying to stand up from their wheelchair [20]. Najafi et al.
are looking at elderly healthy patients [17] and Salarian et al. are looking at Parkinson's
disease patients [18] while they perform daily physical movements, to help in patient
movement monitoring and analysis.
One emerging technology that is being used for human activity monitoring is the use
of pressure sensors. Studies have been conducted to analyze sitting postures [21] and hipprints [22] using pressure sensors placed on a seat; differentiating between objects and
people by classifying movements as gross or slight using pressure sensors placed on a
bed [23], and investigating stability in standing and walking using pressure sensors
placed under the sole of the foot [24].

2.4 Sit-to-stand Analysis
The sit-to-stand movement is a simple task performed easily by most people on a daily
basis. Older and unhealthy adults often find this simple movement very difficult to
perform; therefore the sit-to-stand movement can be used as a measurement of health
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[25]. Other examples of health conditions the elderly frequently have that can impact
transfer capability are declines in muscle strength and flexibility [26]; a smaller range of
motion and slower reaction time [27] and a decline in balance function [28], [29].
External factors such as seat height, the use of armrest and foot position can also have
major influences on patients' abilities to perform sit-to-stand movements [30]. Alexander
et al. studied the effects that chair designs can have on the way that elderly people rise
from a chair [31] and Etnyre et al. used a force plate technology to analyze the sit-tostand movement performed by 100 patients using four different arm placements [32].
In the past numerous sit-to-stand movement studies have been performed using a
large range of technologies. Kerr et al. analyzed the sit-to-stand cycle performed by 50
normal

patients using

a vector

stereograph,

triaxial

accelerometers

and

an

electrogoniometer to measure linear displacement in three dimensions as well as the
angular displacement at the patients' knee [33]. Lindemann et al. performed a study on
135 older patients using a force plate technology; the goal of the study was to break up
the movement into two phases and analyze the timing associated with each phase [34].
Sit-to-stand transfer analysis was performed on 173 senior athletes to compare results
between two age classifications, 50-64 years old versus 65 years and older [35].
Lomaglio et al. analyzed the sit-to-stand movement performed by 22 stroke patients to
see if muscle strength and weight-bearing symmetry relate to their sit-to-stand
performance [36]. Duclose et al. performed a study to see the importance of foot position
for 18 stroke patients and 15 control patients [37].
As mentioned before fall risk prevention is a major research field. Najafi et al.
measured the sit-to-stand movement using 11 elderly subjects and performed fall risk
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evaluation [38]. Cheng et al. evaluated the sit-to-stand movement for 33 stroke patients
and correlated it with falling [39]. Yamada et al. used force plates to measure sit-to-stand
movements in young and older subjects in an attempt to link fall prevention to a set of
ground force parameters [40].
Other studies have included using video cameras to perform sit-to-stand analysis;
examples include studies performed by Ford-Smith, Galli, Allin and most recently
Goffredo. Ford-Smith et al. published a study which videotaped the sit-to-stand
movement performed by 93 subjects and evaluated the performance based on the
movements of four body regions [41]. Galli et al. used an 8 camera system to prove that
an experimental setup performed on both healthy subjects and post stroke patients was
effective in analyzing the sit-to-stand movement [42]. Allin et al. presented results using
a cost effective system consisting of three web cameras to evaluate sit-to-stand
performance. Region of interest algorithms were implemented to track the torso region
and it was found that elderly individuals rise slower with a less smooth torso movement
than young subjects [43]. Goffredo et al. recorded sit-to-stand movements performed by 5
young subjects and 5 older subjects using a video camera. The study presented a
markerless computer vision technique used to track specific areas when performing
human motion analysis; the results compared extremely well with clinical studies that
used marker based systems [44].
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2.5 Pressure Sensors
Pressure sensors are widely used in the field of Biomedical Engineering, particularly
when collecting data from humans and human monitoring. Most pressure sensors provide
relative measurements which correspond to a force being applied to the sensor rather than
a measurement in units such as Pascals [45].
Fiber optical sensors are widely used to measure pressure, vibration, acceleration,
temperature, as well as many other parameters from the aerospace and automotive
industries. The main advantage to using these types of sensors is the elimination of
electricity at the sensor [46]. In the healthcare field, mini fiber optic pressure sensors are
often used for invasive measurements of blood pressure [47], [48].
Piezoelectric sensors are used to create tactile sensors which measure applied
pressure. The sensors can detect contact between an object and the sensor as well as
measure the amount of force that is applied to the sensor surface [49]. Piezoelectrive
force sensors convert an applied force to an analog voltage signal using a thin
piezoelectric crystal. Piezoresistive force sensors vary their resistance due to the applied
force and have a much smaller thickness making them ideal for human tactile sensing
applications [50].
Kinotex sensors can be used to measure pressure and displacement using an optical
integrating cavity. Figure 2.1 shows an image of the Kinotex sensor manufactured by
Canpolar East Inc. The sensor is made up of two optical fibers connecting into a polymer
foam material. A simple optical transducer is used to detect changes in light scatter
resulting from an external force being applied to the surface [51].
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Figure 2.1: KINOTEX™ Sensor [51]
The main advantage of this technology is the high level of sensitivity, a change of
0.1% in the total thickness can be detected. This is the same technology that has been
adopted by Tactex Controls Inc to create their large pressure array technology which is
described in detail in Chapter 3.
Other sensors that can be used to measure pressure are switch sensors which output a
zero if no pressure is applied or one if pressure is applied by an external object [52].
Strain gauges, which evaluate the strain that is induced on a structure by an external
force, are often used in robotic applications [53].

2.6 ROI Techniques
Region of interest (ROI) is a very important concept when performing image processing
particularly in medical image analysis. A number of ROI methods exist and are readily
used to extract useful information from images. This thesis focuses on implementing
thresholding, region labelling, template matching and edge detection methods to extract
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hip and hand regions from pressure images. Each concept will be introduced below and a
full description and implementation of each method will be presented in Chapter 5.
Thresholding is often used as a first step when extracting regions from an image; it is
used to convert a color or greyscale image into a binary image which can then be
processed very quickly using logical operators. Depending on the type of image that is
being processed, extracting the objects of interest by choosing a set threshold value can
sometimes be a challenge. Threshold values are sometimes chosen based on analyzing a
grey-level histogram or otherwise implementing adaptive thresholding algorithms [54],
[55].
Binary cluster detection or otherwise called region labelling or connected component
identification is useful to identify the location and number of objects of interest in a
binary image [56]. Meaningful objects are extracted from a binary image by analyzing
and labelling pixels that meet a set of criteria. One technique that exists is the generalized
region labelling technique whose advantages include the ability to efficiently perform
region labelling using a single pass process, which by avoiding recursion, minimizes the
search during labelling [57].
Template matching is an image processing technique which attempts to determine the
location of an object by using a template which estimates the approximate size and shape
of the object. Several techniques exist for extracting objects when the size and shape
parameters are both known and unknown and the basic solution for extracting a known
object is to use a whitening filter followed by a matched filter. Other estimators have
been suggested such as the phase only matched filter and symmetric phase only matched
filter [58].

15

Edge detection is used to segment an image by searching for areas where the image
brightness changes sharply and extracting these objects. This results in extracting objects
of interest while preserving their border locations [59]. There are many methods for edge
detection which can be grouped into two categories, search-based and zero-crossing
based. Both methods will be described in detail and implemented using MATLAB in
Chapter 5.
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Chapter 3:

Experiment Setup
3.1 Introduction
This chapter will describe the equipment that was used for data collection as well as the
clinical trial that was conducted at the Elisabeth Bruyere hospital. The Mobility project
focuses on examining bed transfers using a pressure sensitive mat technology. This
project is run by a multidisciplinary team involving engineers, medical clinicians and
occupational therapists from Carleton University, the Elisabeth Bruyere hospital and the
University of Ottawa.
The following diagram shows the thesis flowchart presented in Chapter 1 with the
specific areas covered in Chapter 3 outlined in red.
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A more detailed Chapter 3 flowchart is shown below.
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3.2 Hardware Equipment
The sensor array technology used for data collection consists of three Large Sensor
Arrays and one High Density Floor Sensor, both manufactured by Tactex Controls Inc.
Each sensor is made up of cellular foam with two plastic optical fiber wires, which serve
as transmit and receive fibers, embedded into it. The transmit fiber sends light from an
LED into the sensor and the receive fiber sends the intensity of the backscattered light
back for processing. Relative pressure is the measure of the backscatter light intensity
resulting from an external force being applied to the foam sensor. These are the output
values for each sensor, which are stored during data acquisition.
3.2.1 Pressure Sensitive Bed Mats
Three Large Sensor Arrays were used for bed pressure monitoring. Each mat is 66x71 cm
in size and is made up of a sturdy, flexible foam structure containing 44 embedded fiber
optic pressure sensors called "taxels". Each mat is encased in a black polyurethane cover
and the three mats were placed side-by-side underneath a bed mattress. Together they
covered an area of approximately 66x210 cm containing 132 taxels.

Figure 3.3: Large Sensor Array [60]
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3.2.2 Pressure Sensitive Floor Mat
The High Density Floor Sensor was used for floor pressure monitoring. The floor sensor
is made up of a durable hard material and is 60x60 cm in size containing 2048 sensing
elements.

Figure 3.4: High Density Floor Sensor [60]
3.2.3 Video Cameras
Two Sony video cameras were used to record participants during the clinical trial. One
camera was mounted on a tripod approximately 3 meters in front of the bed and the
second camera was mounted on a tripod approximately 3 meters from the side of the bed.
3.2.4 Equipment Setup
Both the bed mats and floor mat were installed in the Elisabeth Bruyere hospital to be
used for data collection in the clinical trial described in Section 3.4. Figure 3.2 shows a
schematic of the equipment setup and Figure 3.3 shows the actual bed mat setup installed
in the hospital.
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Hospital Bed

Figure 3.5: Schematic of the equipment setup

Figure 3.6: Bed mat installation at the Elisabeth Bruyere hospital
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The complete equipment installation at the hospital is shown in Figure 3.4.

Figure 3.7: Equipment setup installed in the Elisabeth Bruyere hospital
The complete installation at the hospital included the bed mats, floor mat and laptop used
for data collection. Preliminary tests were conducted on 10 recruited healthy normal
participants to ensure that the equipment installation was working correctly.
A user manual describing the equipment setup process for both the bed mat and floor
mat was written and is located in Appendix A.

3.3 Data Acquisition
The three mats were connected through an NPort server to a PC laptop using an Ethernet
connection. Data was collected from the bed mats and floor mat using a Tactex software
interface at a predetermined sampling rate of 10 Hz for the bed mats and 50 Hz for the
floor mat. The sampling rates differ as a result of the hardware limitations imposed by the
manufacturer, Tactex Controls Inc. The data was stored on the laptop computer into
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comma separated files, each column storing data outputs from one taxel. A user manual
describing the steps required when collecting data from both the bed mats and floor mat
was written and is located in Appendix B.
Simultaneously with the bed and floor data collection, two video cameras were used
for recording the participant sit-to-stand transfers from the front view and side view. The
occupational therapy team analyzed all of the video recorded sit-to-stand transfers and
produced a database of results. The database was created to compare the transfers of the
four participant groups using newly developed transfer tools, and to give engineers
clinical results to use when comparing and validating their algorithms.

3.4 Clinical Trial
The clinical trial included 25 recruited participants and was conducted at the Elisabeth
Bruyere hospital. The purpose of the experiment was to analyze the differences between
participants while they perform bed transfers. The project was approved by the hospital
Research Ethics Board and it was named the Mobility clinical trial. The recruited
participants included 10 young healthy subjects, 5 older healthy subjects, 5 post-stroke
subjects and 5 post hip-fracture subjects. An occupational therapy student explained the
experiment procedure in detail to each participant; following the experiment explanation
each participant filled out and signed a consent form. One experiment log sheet was filled
out for each subject participating in the clinical trial. Measurements including height,
weight, hand width, trunk length, hip width, leg length and foot length were collected and
recorded for each participant. After the log sheet was complete each participant began the
experiment by performing one test bed transfer. Figure 3.8 outlines the positions which
make up one bed transfer sequence.
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1) Supine

Figure 3.8: Bed transfer sequence
Bed transfers performed by elderly subjects were supervised by either a physical
therapist or an occupational therapist, employed by the hospital, to ensure participants'
safety. Young healthy and older healthy participants performed 20 bed transfers each
while post-hip fracture and post-stroke participants performed 10 bed transfers each.
Performing 10-20 bed transfers consecutively was a difficult task for many subjects;
therefore participants experiencing discomfort or fatigue were given breaks between
transfers to rest and minimize any chance that they might fall. Data for the Mobility
clinical trial was collected from all 25 recruited participants successfully during the
summer of 2008.
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Chapter 4:

Generation of Pressure Images
4.1 Introduction
The following diagram shows the thesis flowchart presented in Chapter 1 with the
specific area discussed in Chapter 4 outlined in red.
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A more detailed Chapter 4 flowchart is shown below.
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Figure 4.2: Image Generation of Pressure Images Flowchart
The chapter focuses on processing the sit-to-stand data collected during the Mobility
clinical trial using the pressure arrays described in Chapter 3. The main areas of focus
include analyzing the data to produce a measure of pressure being applied to the bed as
well as the locations of this pressure. In the past a study was performed to help evaluate
the optimal grab bar placement for installation into bathrooms [61], [62]. A set of three
pressure sensors were used to collect sit-to-stand data from young and older subjects.
Two sets of three sensors were installed in two grab bars and the data was analyzed for
contact location and force estimation. A set of algorithms for accurate contact location
was published by Arcelus et al. [61] whereby the location is estimated based on the
sensor array outputs. The force estimation was also calculated using the same sensor
array outputs using a set of algorithms published by Holtzman et al. [62]. These
approaches worked well when processing data from the sensor array outputs in only 1
dimension (ID); however a different approach will be required when processing the data
from the Mobility clinical trial where pressure arrays with a 2 dimensional (2D) sensor
arrangement were used. This chapter examines four methods used to create images using
the data collected from the pressure sensitive arrays.
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4.2 Mapping Pressure Sensor Array Data
The first step of data processing involves mapping the raw data output from the Large
Sensor Arrays described in Section 3.2.1. Each value from the 132 pressure sensors is
mapped onto an image using its physical x and y coordinates. Figure 4.3 shows the
locations for all 132 sensors which make up the pressure sensitive arrays that were placed
underneath the bed mattress during participant data collection. The sensor numbers and
corresponding x and y locations were provided by the manufacturers, Tactex Controls
Inc.
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Figure 4.3: Pressure sensor (taxel) locations
The mapping shown above is useful for visualizing the physical locations of the
taxels because they are numbered in such a random manner. Taxel outputs are stored in
columns in a comma separated file; therefore looking at the file without the taxel
mapping makes it very difficult to relate the taxel readings to their physical location on
the bed mats.
The large separation in taxel locations greatly reduces the equipment cost therefore
making this a feasible technology to be used for installation into older people's homes
and elderly care facilities. However in order to produce accurate pressure images from
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the collected data, interpolation methods will be used to overcome the spatial resolution
that results from collecting data from a bed surface using 132 pressure sensors.

4.3 Spatial Interpolation of Sensor Array Data
Once the raw taxel data has been mapped onto the pressure image, interpolation methods
are applied to overcome the spatial separation between the sensors. Increasing the spatial
resolution of the image will help with region of interest detection. Four different spatial
interpolation methods are presented and their results are compared.
4.3.1 Interpolation Using Gaussian Kernel Convolution
The first method used to create pressure images from the raw data begins with the
creation of a zero matrix representing the true size of the sensing area of the large sensor
array in millimeters using a scale factor of 0.2. The scale factor is used to reduce
processing time for future computations. The 132 taxel values are mapped onto the 365
pixels by 136 pixels zero matrix using their x and y coordinates each multiplied first by
the 0.2 scale factor. Next 2D convolution is used to interpolate between the data points in
the image. A 2D Gaussian lowpass filter with kernel size 120 by 120 and standard
deviation of 20 is used. The image is convolved with the Gaussian kernel and the central
part of the resulting matrix is extracted to produce an image of the same original size
(365 x 136) with additional data points inserted in between the raw data values. Finally
the image is converted to greyscale. The resulting final image dimensions are 365 by 136
with pixel values ranging from zero (black pixels) to one (white pixels). A sample image
is shown in Figure 4.4.
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Figure 4.4: Pressure image created using 2D convolution with a Gaussian kernel
4.3.2 Gaussian Kernel Convolution and Polynomial Interpolation
The second method used to create pressure images is very similar to the previous one
with the difference being the use of a smaller scale factor. A zero matrix representing the
true size of the pressure sensitive array scaled by a factor of 0.02 is created. The 132 taxel
values are mapped onto the 37 by 14 zero matrix using their corresponding scaled x and y
coordinates. Interpolation between the data points is performed using 2D convolution. A
Gaussian lowpass filter with a kernel size of 12 by 12 and standard deviation of 2 is
created. The image is convolved with the Gaussian kernel producing interpolated values
between the original data points. Next polynomial interpolation is performed using a
bicubic interpolator to increase the size of the image by a factor of approximately 10 to a
final size of 365 by 136. Finally the image is converted to greyscale therefore converting
each pixel value to a new value between zero (black pixels) to one (white pixels).

4.3.3 Linear Interpolation
Linear interpolation is the third method used to create pressure images and it differs
greatly from the two methods described above. The main goal of this technique is to
reduce the number of zeros inserted between the taxel data location when performing the
initial taxel data mapping.
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The first step in creating pressure images using this method is to create two 24 by 11
zero matrices. The taxel data values are mapped onto each matrix using a checkerboard
pattern. The actual x and y mapping coordinates are ignored and instead an equal
separation between taxels is assumed. A sample matrix is shown in Figure 4.5; the X's
represent the taxel data values.
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Figure 4.5: Taxel mapping used to create linear interpolation pressure images
Once the matrices have been filled ID linear interpolation is performed along the
rows of the first matrix and along the columns of the second matrix. The blank values
shown in Figure 4.5 are replaced with interpolated values calculated from fitting a line
through the entire column or row which is made up of the X values only. The inserted
values depend on the neighbouring taxel values in the x direction for matrix one and the y
direction for matrix two. The two matrices are then averaged to produce a final matrix
which takes into account interpolation in the x and y direction simultaneously. At this
point the images are very small and the difference between the pixel intensities is very
large. Next the image is blurred using 2D convolution with a Gaussian lowpass filter. The
kernel size is 5 by 5 and the standard of deviation is 2. This helps smooth out the pressure
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data but the image is still only 24 by 11 pixels. Next polynomial interpolation is
performed using a bicubic interpolator to increase the size of the image to match 20% of
the true size of the pressure mats, a size of 365 by 136. The resizing method is the same
as the one used in the previous section. Finally the image is converted to grey scale where
individual pixel values are set to new values between zero (black pixels) and one (white
pixels).
4.3.4 Spline Interpolation
The fourth method presented for pressure image creation is the use of a cubic spline
interpolator rather than linear interpolator when creating pressure images using the same
steps outlined in Section 4.3.3. The taxel values are mapped onto two 24 by 11 matrices
using one to one mapping as shown in Figure 4.5. Next ID cubic spline interpolation is
performed along the rows of the first matrix and the columns of the second matrix. The
two matrices are summed and averaged producing a matrix of size 24 by 11 with inserted
interpolated values based on both the x and y direction. Polynomial interpolation is
performed to increase the size of the image to 365 by 136 and the entire image is
converted to greyscale. A more detailed explanation of these individual steps is described
in the previous Section 4.3.3.
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4.4 Results
A comparison of pressure images created by the four different processing techniques will
be compared using two data sets. A frame from the control participant data will be
compared first followed by a comparison of frames from the Mobility clinical trial data.
4.4.1 Control Participant Results
One frame from the control participant data was processed using the four techniques
explained in Section 4.3 and the results are shown in Figure 4.6.

(a) 2D convolution with a Gaussian kernel using a
scale factor of 0.2

(b) 2D convolution with a Gaussian kernel using a
scale factor of 0.02 and polynomial interpolation
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(c) Linear interpolation

(d) Spline interpolation
Figure 4.6: Comparison of four techniques used to create pressure images representing
control participant data
All four techniques produce similar results when applied to the control participant data.
This is to be expected because the control participant data represents the ideal data set
and can therefore be processed to produce correct results using various techniques.
4.4.2 Mobility Participant Results
Two data samples were processed from the mobility participant data using the four
techniques described in Section 4.3 to help show differences between the resulting
pressure images. The goal of the pressure image is to create an accurate representation of
the pressure being applied to the bed. Therefore images showing the hip and hand regions
with the greatest amount of detail would provide the best results. The results for two data
samples will be presented; a comparison of the four different image construction
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techniques will be performed, and the technique producing the most accurate pressure
images will be identified.
The first data sample is an example of a participant sitting on the bed and applying
pressure with their right hand; the results are shown in Figure 4.7.

(a) 2D convolution with a Gaussian kernel using a
scale factor of 0.2

(b) 2D convolution with a Gaussian kernel using a
scale factor of 0.02 and polynomial interpolation

(c) Linear interpolation
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(d) Spline interpolation
Figure 4.7: Comparison of four techniques used to create pressure images representing a
seated participant who is pushing on the bed with their right hand
The second data sample is an example of a participant sitting on the bed and applying
pressure with their left hand; the results are shown in Figure 4.8.

(a) 2D convolution with a Gaussian kernel using a
scale factor of 0.2

(b) 2D convolution with a Gaussian kernel using a
scale factor of 0.02 and polynomial interpolation
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(c) Linear interpolation

(d) Spline interpolation
Figure 4.8: Comparison of four techniques used to create pressure images representing a
seated participant who is pushing on the bed with their left hand
The pressure images shown above give a good approximation of the pressure being
applied by a participant to the bed. Differences in the pressure images result from the
techniques used to produce them; a brief explanation for each result is presented.
A problem with creating the pressure images using the first technique, Figure 4.7 (a)
and Figure 4.8 (a), is that a large number of zeros are used in the first steps to ensure that
the taxel data is placed in the correct physical location. These zeros however cause
problems when performing spatial interpolation by requiring the use of a filter with a
very large kernel size to overcome the large gaps in data throughout the image. This can
result in high taxel data values dominating large regions of the pressure images.
The Figure 4.7 (b) and Figure 4.8 (b), images were created using a very similar
technique to the previous one, described in Section 4.3.1, and therefore similar problems
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exist. The filter size used to interpolate between the taxel data is big compared to the size
of the image therefore high taxel data values will dominate large areas of the pressure
image.
The pressure images presented in Figure 4.7 (c) and Figure 4.8 (c) both show a good
representation of the force being applied by the participant to the bed. The pressure image
is less smooth than the ones shown in Figure 4.7 (a) and (b) and Figure 4.8 (a) and (b),
but they give a better representation of the location of the pressure being applied to the
bed. Figure 4.7 (c) shows the hip and right hand regions and Figure 4.8 (c) shows the hip
and left hand regions. Comparing results from the different techniques, it is clear that
these images display the greatest amount of detail, visibly showing the hip and hand
regions.
The Figure 4.7 (d) and Figure 4.8 (d) pressure image is a poor representation of the
pressure being applied to the bed. The pressure image lacks in detail when compared to
the results shown in Figure 4.7 (c) and Figure 4.8 (c) where linear interpolation is used.
The problem with this method is the use of a cubic spline interpolator which attempts to
fit a perfect curve to a data set but only achieves this if the data set is cubic. The pressure
data is not cubic and the difference between adjacent taxel values can vary greatly. Some
areas of the bed will display zero and others will display high values because the
participant only applies pressure on a certain area of the bed while performing the sit-tostand transfer. Since the cubic spline interpolation is being applied to an entire row or
column of data at one time, inaccurate results will be produced due to the many zeros that
will be present near the edges.
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Therefore the linear interpolation method produced the most accurate pressure image.
This method would be best suited for creating pressure images from raw data which
could then be processed further using additional image processing techniques such as
region of interest extraction.

4.5 Conclusion
Four techniques were presented for creating pressure images from raw taxel data.
Sequences of five images extracted from one participants' sit-to-stand transfer were used
to compare the four different algorithms. The results presented at the end of each method
description show that the linear interpolation technique shown in Section 4.3.3 is the best.
The linear method is superior to the spline method because the row and column taxel
value data does not fit a cubic model and is therefore interpolated more accurately using
linear interpolation. This method uses linear interpolation first to fill in the areas of
interest between the taxel values and then applies a lowpass filter to smooth this data
together. This initial interpolation allows for a smaller filter size to be used therefore
ensuring that high taxel values located in one region of the bed will not dominate other
regions in the corresponding pressure image. The two Gaussian convolution methods
both rely only on lowpass filtering to perform both the interpolation and smoothing
between the taxel value data therefore require the use of large filters. The linear method
uses a filter with an area covering approximately 10% of the image rather than 30%
which is used by both Gaussian interpolation methods. Each of the four techniques
presented in this chapter processed 132 taxel data values to produce pressure images;
however the technique presented in Section 4.3.3, Linear Interpolation, produced the best
results.
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Chapter 5:

ROI Extraction in Spatial Domain
5.1 Introduction
The following diagram shows the thesis flowchart presented in Chapter 1 with the
specific areas covered in Chapter 5 outlined in red.
Mobility Clinical Trial
(Elisabeth Bruyere Hospital)

Evaluation of
Performance .

•

—

Video
Cameras

•

—»

Video
Capture

— •

Video
Analysis

Compare
Results

Data
Organization

,

\

1 —*
>
2

131
132
^

—>
Data
Acquisition
and
Calibration

Large
Sensor
Arrays

J

Equipment

'

i

,

Pressure
Image
Generation

ROI Extraction in
Spatial Domain

Timing
Analysis
•

—»

Total
Pressure
Signal
Generation
v.
^>

Sit-to-stand
Segmentation
*.
Data Processing

Figure 5.1: Thesis Flowchart

Timing
Analysis

^

'

. .

39
A more detailed Chapter 5 flowchart is shown below.
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Figure 5.2: Region of Interest Extraction in Spatial Domain Flowchart
This chapter will focus on examining the ideal sit-to-stand sequence of images
created by using the method described in Chapter 4. The goal of this chapter is to perform
a frame by frame analysis and extract the hip and hand regions. Four different region of
interest algorithms will be described and evaluated. Results from each algorithm will be
shown as well as a discussion on the challenges and limitations affecting each algorithm.
The three regions of interest are the hip, left hand and right hand regions and they will be
labelled as Hip, LH, and RH throughout the figures in this chapter.

5.2 Ideal Sit-to-stand Transfer
The ideal sit-to-stand sequence performed by a control participant is shown in Figure 5.3
below.

(e) Hip pressure region

(a) Start of bed exit position
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(f) Hip and light hand pressure regions

(b) Transition bed exit position, hands

(g) Hip and hand pressure regions

apply pressure; pressure transfers from the
hips to the hands as the hips begin to lift
off

(h) Light hip and strong hand pressure
regions

(c) End of lifting phase, all of the pressure
is being applied by the hands

(i) Hand pressure regions
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The start, lift and end bed exit positions are demonstrated using a test subject in
Figure 5.3 parts (a)-(d) while the corresponding pressure images are displayed in Figure
5.3 (e)-(j). Each transfer begins with the subject seated quietly on the bed therefore
applying a pressure on the bed corresponding only to their hip region (e). Once the
subject is ready to transition to the standing position they apply a small amount of
pressure using their hands (f) and continue increasing this hand pressure while reducing
their hip pressure (f)-(h). Next the subject lifts their entire hip region off of the bed
applying only pressure using their hands (i) until they come to a complete stand position
and zero pressure is registered on the bed (j). The remainder of this chapter will look at
extracting the hip and hand regions from the sequence of pressure images shown in
Figure 5.3 (e)-(j).
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5.3 ROI Algorithms
Four region of interest algorithms are presented and compared for accurate hip and hand
region detection.
5.3.1 Manually Defined Regions
The first region detection algorithm is based on sectioning the bed into three equal
regions which are defined by spatial location. The assumptions this algorithm takes into
consideration is that during the ideal sit-to-stand sequence the hips are located in the
middle section of the bed, the left hand is located in the far region to the left of the hips at
the head of the bed and the right hand is located in the far region to the right of the hips at
the foot of the bed. These three regions and their boundaries are shown in Figure 5.4
below.

RH

Hip

LH

Figure S.4: The three fixed regions
Once the boundaries of the three regions have been defined individual images are
processed by summing the pixel values located in each of the three regions defined.
These relative pressures are normalized by the maximum pressure that is calculated
removing any participant specific weight dependencies and each value is plotted over
time. The results for three different sit-to-stand sequences are displayed in Figure 5.5 Figure 5.7 below.

43

i

Hip
LH
RH

1<

-

^

0.8
<D

•&
<D

QL

0.6

©

.8
~m

4

E
b 0.4
z

^V« ^

/

0.2

0<

Te*s

/
0.5

1

1.5
2
Time (sec)

2.5

I

3

Figure 5.5: Ideal sit-to-stand transfer collected from control participant
The ideal sit-to-stand sequence result shown above identifies the hip, left hand, right
hand regions using three curves. Red depicts the hip pressure and as seen from the graph
initially the hip pressure is greatest while the hand pressures, blue (left hand) and green
(right hand) curves are zero. This is a result of the sitting quietly phase which lasts
approximately 0.5 seconds. During the next 1.0 second time period (0.5 sec - 1.5 sec)
there is a gradual increase in the hand pressure and a slight decrease in the hip pressure.
This is the result of the subject placing their hands on the bed and beginning to transfer
some of the hip pressure to the hands. The hand pressure continues to increase and the
hip pressure begins to rapidly decrease during the transition period where the subject is
lifting their hip region off of the bed and placing all of their weight in their hands (1.5 sec
- 2.5 sec). Once the hip pressure decreases to zero the hand pressure begins to decrease to
zero therefore signalling the end of bed transfer.
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Figure 5.6: Sit-to-stand transfer using the left hand only (control participant)
The sit-to-stand sequence shown in Figure 5.6 above depicts a sit-to-stand transfer
where only the left hand is used. The hip pressure curve is very similar to that of the ideal
sit-to-stand sequence with one difference which takes place during the lsec - 1 . 6 sec
period. To start the subject is sitting quietly but this time they are not applying the
maximum pressure during this period. The maximum pressure is actually applied prior to
the hip lift off phase as a result of only the left hand being used during the transfer.
Instead of the subject transferring their hip weight to both hands in the above scenario
this pressure is only being transferred to the left hand and as a result the subject applies a
larger force down into the bed with their hips. As the hip pressure begins to decrease (1.6
sec - 2.1 sec) the left hand pressure follows and the end of the sit-to-stand is completed
once both pressures decrease to zero. Figure 5.7 below shows a sample result for when
the sit-to-stand transfer involves only the right hand where the entire hip to hand pressure
curve trend described in the left hand case equally applies.
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Figure 5.7: Sit-to-stand transfer using the right hand only (control participant)
From the results depicted by Figure 5.5 - Figure 5.7 it can be seen that this algorithm
works very well. Each plot displays hip and hand pressure curves as expected based on
the sequence type: ideal sit-to-stand, left hand only sit-to-stand and right hand only sit-tostand. This algorithm is very accurate when the initial assumption is correct; the subject
is always sitting with their hips in the middle region of the bed and if they use their hands
then the left hand will be used in the far region at the head of the bed and the right hand
in the far region at the foot of the bed. The main disadvantage of this algorithm is that it
depends entirely on the subject applying pressure in the three set regions described above.
However these regions are not marked on the bed and the subject is not told where to
place their hips or hands. Therefore if the subject places their hips or hands outside one of
these boundaries during their sit-to-stand sequence, the algorithm will produce inaccurate
results.
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5.3.2 Binary Image Cluster Detection
This region detection algorithm is a two step process based on iteratively searching a
binary image for connected components.

The first step in this region of interest

algorithm is to convert the greyscale image to binary. This process is done by choosing a
threshold value between the range of zero and one, zero representing black pixels and one
representing white pixels. In performing the conversion each pixel in the image is
processed by assigning a zero value if the pixel falls below the threshold and a value of
one if the pixel is above the threshold value [63]. Figure 5.8 (a) and (b) are examples of a
greyscale and binary image representing the pressure image generated during quietly
sitting.

(a) - Greyscale image of the hip pressure

(b) - Binary image of the hip pressure
Figure 5.8: Sample greyscale to binary image conversion
Choosing the correct threshold value is a very important component of this algorithm.
A low value will make it difficult to separate the hip and hand regions but a high value
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will cause low pressure regions to be undetected. In the case of the control sit-to-stand
transfer a threshold value of 0.7 (70%) was found to be ideal. Figure 5.9 shows the result
for four different threshold values for (a) a hip pressure image and (b) a hip and hands
pressure image.

(a) - Hip pressure regions

(b) Hip and hand pressure regions
Figure 5.9: Perimeter results for four different threshold values
The second step of the algorithm is called connected component labelling, which
searches the binary image to find clusters of pixels based on pixel connectivity. In this
case it is searching for a group of pixels that are 'on'; these are the pixels that have been
assigned a value of one during the segmentation phase where we threshold the image.
Each binary image is scanned from top to bottom and left to right using a measure of
connectivity to group pixels and create an output label matrix with the same size as the
image. A measure of 8-conductivity is used which means that pixels are connected if
their edges or corners are touching, therefore if any two adjoining pixels are on; they are
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part of the same object. The algorithm moves along a row stopping at each on pixel, at
this point it checks the surrounding pixels which have already been encountered and
labels the current pixel accordingly. There are three possible cases that require checking.
Case I, if none of the encountered neighbouring pixels have been assigned a value then
the current pixel is assigned a new value in the label matrix. Case II, if one of the
neighbourhood pixels has been assigned a label value then the current pixel is assigned
the equal value in the label matrix. Case III, if more than one of the neighbours has been
assigned a label then the pixel is randomly assigned one of the label values and a note is
stored about the equivalence of these two labels. Once the label matrix has been
completed the algorithm performs equivalence class resolution where it processes the
label matrix and assigns a unique label to each cluster. Each pixel in the label matrix is
replaced by the lowest label in its neighbourhood. Once the algorithm is complete the
label matrix is made up of detected clusters each labelled with a different number, these
clusters can be distinguished by assigning specific colors or labels [56]. In the case of hip
and hand detection the labelled regions are used as masks for extracting specific areas
from the original greyscale pressure images. The result for this approach applied to a
sequence of three sit-to-stand images is shown in Figure 5.10.

(a) - One region detected
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(b) - Three regions detected

(c) - Two regions detected
Figure 5.10: Region detection results for a three image sequence
Another way to use the component labelling results is to identify only the perimeter
of each region and to display this overtop of the original greyscale images. This result is
shown in Figure 5.11 and is useful for visualizing which areas of the original image were
identified as equivalent clusters.

(a) - Displaying the perimeter from one detected region
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(b) - Displaying the perimeter from three detected region

(c) - Displaying the perimeter from two detected region
Figure 5.11: Perimeter results for a three image sequence
The final result shown in Figure 5.12 displays each detected region with the
corresponding label. The labels assigned to each region correspond to the order in which
they are detected. Since the images are processed left to right a small label value
corresponds to the bottom (right hand region) of the bed and a larger one corresponds to
the top (left hand region) of the bed. In the case of sit-to-stand sequence images there are
three possible labels: left hand, hip, right hand and these depend on the number of regions
detected in the image. Case I, if one region is detected it corresponds to the hip. Case II,
if two regions are detected they correspond to the left and right hand. Case III, if three
regions are detected they correspond to the right hand, hip, and left hand.
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(a) - Detected hip region

(b) - Detected right hand, hip and left hand regions

(c) - Detected right hand and left hand regions
Figure 5.12: Labelled detected regions results for a three image sequence
From the results it shows that this algorithm works extremely well for extracting hip
and hand regions from images during the ideal sit-to-stand sequence but depends greatly
on hand placement. If the subject places their hands too close to the hips, on top of the
hips, or underneath the hips the algorithm will detect only one region and therefore will
assume that no hands are being used. An example of this type of problem is shown in
Figure 5.13.
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Figure 5.13: Detected region when hands are placed too close to the hips
The figure above is a sample taken during the sit-to-stand sequence when the subject
is using both hands to lift off from the bed. The hand placement is too close to the hips
therefore the entire region is detected as one and thus would be labelled as a hip
according to Case I listed above. Another problem that could be encountered would result
from the subject using only one hand when performing the sit-to-stand sequence. An
image displaying this scenario is shown in Figure 5.14.

Figure 5.14: Detected region when subject is only using their left hand and it is placed close
to the hips.
5.3.3 Template Matching
This region detection algorithm uses the Fourier transform to perform correlation
between an image and a mask to locate features within an image. The mask represents the
shape that we are looking to detect in each image, for the purpose of sit-to-stand analysis
an object resembling the hips or hands will be selected. The correlation between the mask
and image is calculated by using the fast convolution technique. Rotating the mask image
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by 180° and then computing the fast Fourier transform results in a correlation image in
which bright areas correspond to detected mask regions in the original image. These
regions are extracted by finding the maximum pixel value in the correlation image and
applying a threshold that is less than this maximum [63]. In the case of hip and hand
region detection a threshold value of 0.85*the maximum pixel value is used. For this
algorithm the threshold value depends on how closely the mask image matches the image
being processed and therefore a threshold of 85% was found to be the optimal value
when performing hip and hand region detection. Figure 5.15 - Figure 5.19 shows five
different masks and their corresponding results when applying this algorithm to a hip
only image and a hip and hands image.

(c) Hip and hand regions detected
Figure 5.15: Template matching using rectangle mask image
The results for the rectangular mask used in Figure 5.15 are very good, the regions of
interest are detected correctly as shown by the hip regions in part (b) and the hips and
hands in part (c). The rectangular mask does not represent the shape of features we are
expecting to see in the image and therefore a mask with a more rounded shape is selected
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next. Figure 5.16 - Figure 5.18 show results for three different masks, each of which has
been created to resemble the hip regions.

(b) Hip region detected

(a) Hip mask image

(c) Hip and hand regions detected
Figure 5.16: Template matching using sample hip mask image

(b) Hip region detected

(a) Larger hip mask image

(c) Hip and one hand regions detected
Figure 5.17: Template matching using larger sample hip mask image
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(c) Only hip region detected
Figure 5.18: Template matching using largest sample hip mask image
From the three sets of results above it can be seen that as the mask size increases the
detection accuracy decreases. The hip regions are detected correctly in all 3 cases
however the hand regions are detected as very small in Figure 5.16 part (c), only the left
hand is detected in Figure 5.17 (c) and no hands are detected in Figure 5.18 (c). These
results show that the mask size is very important when performing template matching.
The masks in the above three figures are too big compared to the hand regions they are
trying to detect. To help show the mask size dependency, the algorithm is run using a
smaller square mask and the results are shown in Figure 5.19.
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(c) Hip and hand regions detected
Figure 5.19: Template matching using square mask image
From the results above it can be seen that the smaller mask is able to detect the hip
and hand regions extremely well. Overall this algorithm can yield very good results
depending on the mask that is used. However as seen from the above results this can be a
major disadvantage because the size of the results can vary greatly when using different
masks, even ones that vary only slightly in size. Although the above results look good
this algorithm wouldn't be ideal for clinical patient studies where the hip and hand region
sizes vary greatly due to participant weight differences.
5.3.4 Edge Detection
Edge detection is a fundamental image analysis operation and this section looks at
detecting regions of interest by using several different edge detection methods. Five
different edge detection methods are described and tested on sample pressure images;
their results are shown in Figure 5.20. When using edge detection to locate regions in
pressure images, we are looking to distinguish regions where there is an abrupt change in
pixel intensity by locating the set of pixels that are located along this boundary. Based on
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their underlying detection principles, edge detection algorithms can be grouped into three
categories: gradient operators, zero-crossing operators and canny edge operators [64].
The gradient based method assumes that edges are made up of pixels with a high
gradient when a specific gradient operator is applied. Examples of gradient based
algorithms are: Prewitt filter, Roberts filter and Sobel filter, each applying a gradient
vector differing in direction angle and magnitude. A disadvantage of using a gradient
based edge detection algorithm is that they are very sensitive to noise. The derivative
operator acts as a high-pass filter resulting in both false positive and false negative edge
detection errors. False positives are pixels that are defined as edge pixels which are
actually non-edge pixels and false negatives are the reverse [65].
The Laplacian of Gaussian method was the zero-crossing of the second-derivative
type algorithm tested. This method starts by filtering the image with a smoothing
Gaussian filter to reduce noise and then computes the Laplacian zero-crossings to locate
regions of rapid intensity change, also known as edges [65].
The Canny method uses both the first derivative and second derivative concepts. The
algorithm is based on smoothing the image using a Gaussian filter and then calculating
the gradient of the image in order to find the edge strength. In order to detect linked edges
non-maxima suppression is applied to the gradient magnitude and double thresholding is
used to reduce error. The Canny method is considered to be the most accurate edge
detection algorithm [66].
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(a) Original Image

(b) Prewitt Method

(c) Roberts Method

(d) Sobel Method

(e) Laplace of Gaussian (LoG) Method

(f) Canny Method

Figure 5.20: Five edge detection algorithm results
From the results in Figure 5.20 it can be seen that the Laplace of Guassian Method
and Sobel Method provide very poor results when applied to the hip pressure image in
Figure 5.20 (a). A more complex hip and hand pressure image is processed by the
superior three methods: Prewitt, Roberts and Canny, and the results are shown in Figure
5.21 for a different pressure image.
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(a) Original Image

(b) Prewitt Method

(c) Roberts Method

(d) Canny Method

Figure 5.21: Three edge detection algorithm results
When applying the above three edge detection methods to the hip and hand pressure
image in Figure 5.21 (a) it can be seen that the Canny method performs the best by far.
The result displayed in Figure 5.21 (d) is a detailed outline of the hips and hands
extracted from the image with minimal noise. Figure 5.22 shows results for another
pressure image where only the hand regions are being processed using the Canny method.

(a) Original Image

(b) Canny Method

Figure 5.22: Canny edge detection result
Although the Canny Method gives superior results when processing the three sample
images shown, overall edge detection is not the ideal algorithm for region detection of
pressure images. Edge detection is ideal for images that contain distinct lines and this is
not the case when it comes to the pressure images generated from the mat data. As
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mentioned in Chapter 4 there is a step in the image creation process in which we blur the
original data to overcome the spatial separation between pressure sensors. An example of
this limitation is shown in Figure 5.23 where the Canny edge detection method is applied
to an image representing a seated participant. The result showing the binary image cluster
detection is also displayed for comparison purposes.

(a) - Original image

(b) - Canny edge detection result

(c) - Binary image cluster detection result
Figure 5.23: Example displaying the main disadvantage of edge detection
The Canny edge detection method performed the best when it was applied to ideal sitto-stand image sequences. However from the results shown in the images displayed in
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Figure 5.23 it is clear that edge detection is not the best suited region of interest algorithm
when applied to pressure images.

5.4 Challenges and Limitations
A common problem with the above three region detection algorithms is that they are all
performed on a frame by frame basis and there is no information being carried from one
frame to the next. This is a major limitation when processing images that are composed
of various stages in the sit-to-stand transfer which is represented by a series of images.
The various problems affecting the results can be divided into two categories,
technological limitations and clinical challenges.
5.4.1 Technological Limitations
There are two technological limitations, resolution and sampling rate. The resolution for
the bed mat was chosen based on the cost and resulting benefits associated with the
equipment that was purchased from Tactex Controls Inc. Tests were conducted on a
higher resolution floor mat for comparison purposes. The data collected from the floor
mat was more detailed but placing this type of mat underneath a bed for the bed exit
study was infeasible. This mat is only 24 inches by 24 inches and is made out of a very
hard material which would cause the participants much discomfort when performing sitto-stand transfers. Therefore it was decided that the bed mat was the best choice for this
study, even though using it would result in some problems. The separation between
pressure sensors in the bed mat is several centimeters and this low resolution makes it
difficult to detect the separation between the hips and hands in each frame. If the hand is
only separated from the hips by one pressure sensor, then when the image is blurred to
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overcome the spatial resolution the hand and hip regions will be joined together to form
one region.
The sampling rate is the second technological limitation, recording data at 10 Hz.
This rate was also chosen based on the cost involved with increasing the sampling rate
and the benefits that would result from this increase. The long term goal of this project is
to perform 24 hour bed transfer monitoring for subjects at home and therefore greatly
increasing the sampling rate could cause data processing issues. The problem associated
with the current sampling rate is that the sit-to-stand transfer can be completed very
quickly therefore limiting the amount of information that is collected for a particular
transfer.
In the future higher resolution and sampling rates may be more feasible therefore
eliminating some of these problems.
5.4.2 Clinical Challenges
The main clinical limitations that would affect the algorithm results are hand placement
and unexpected movement. Unusual placement of the hands would greatly affect the
results because hands placed underneath or on top of the thighs would go undetected
when analyzed using the algorithms presented in Section 5.3. Other scenarios that would
cause problems would be the use of only one hand or subjects, who place both hands very
close to their thighs during their sit-to-stand transfer. Clinical situations where the subject
shuffles around the bed prior to standing or bounces themselves into a standing position
would yield poor results from all three algorithms. An example could be if a participant
uses their hand to lift up their hips but then places them back down in a slightly different
location, therefore bouncing into a new starting position. Since the algorithms above label
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each frame based on only the regions detected in the current frame they would mislabel
many of these frames, mistaking the hip region for the hand region and vice versa.

5.5 Recommendation
One suggestion for solving the challenges and limitations listed above is to look at the sitto-stand as a sequence of frames, therefore keeping track of the changes that occur
between frames rather than processing each frame individually. This idea is based on
keeping track of the increasing and decreasing pressure that is being applied by the
subject. Implementing this idea involves calculating the difference between two frames in
a sequence, separating the positive difference from the negative difference and
amplifying both to increase their intensity and make them easier to visualize. The positive
difference regions represent regions of increased pressure and the negative difference
regions represent regions of decreased pressure. Figure 5.24 shows a sequence of two
images and Figure 5.25 shows the corresponding increasing and decreasing pressure
images.

(a) Current Frame #14
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(b) Next Frame #15
Figure 5.24: A sequence of two images extracted from a sit-to-stand sequence
When looking individually at the above two images it is difficult to see any difference
between them. However when looking at the difference images between the two frames it
becomes clear that there is a change; there is an increase in the pressure in both hand
regions and a slight decrease in pressure in the hip region.

(a) - Decrease in Pressure (-ive pixels)

(b) - Increase in Pressure (+ive pixels)
Figure 5.25: Decreasing pressure and increasing pressure regions
Therefore examining the difference between frames can provide important additional
information when processing sit-to-stand data from a non ideal case. The idea of tracking
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the increasing and decreasing pressure between frames can help eliminate some of the
limitations and problems mentioned. Combining this information with the frame by frame
algorithms presented would greatly increase the reliability and intelligence of the
presented ROI algorithms.
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Chapter 6:

Sit-to-stand Segmentation and Timing
6.1 Introduction
The following diagram shows the thesis flowchart presented in Chapter 1 with the
specific areas discussed in Chapter 6 outlined in red.
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A more detailed Chapter 6 flowchart is shown below.
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Figure 6.2: Sit-to-stand Segmentation and Timing Flowchart
The sit-to-stand transfer from a bed is almost universally the first task people in the
western world perform after sleeping. Although seemingly a very simple task elderly
people find it quite difficult to perform and therefore it can be used as a measure of
health. The sit-to-stand transfer can be looked at as a movement cycle which has often
been divided into several phases. Nuzik et al. [67] divides it into two phases: flexion and
extension of the trunk. Schenkman et al. [68] and Riley at al. [69] divide the movement
into four phases: flexion momentum, momentum transfer, extension and stabilization.
Millington et al.[70] divides up the sit-to-stand cycle into three phases: weight shift,
transition and lift. This chapter focuses on extracting these three phases using data
collected only from the pressure mats located underneath the bed mattress. The three
phases have been described by Millington et al. as a part of a study analyzing the
difference between normal and abnormal sit-to-stand movements [70]. The first phase is
the flexion phase of the trunk, during this phase the person begins to shift their posture
forward therefore pushing their hips into the bed. The second phase is the transition phase
which starts with the person leaning their trunk forward even further and ends once the
person has started to slowly lift their weight off of the bed. The third phase is the lift
phase which starts once the person rapidly starts to lift their weight off of the bed and
ends once the person's buttocks are entirely off of the bed.
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Figure 6.3: Sit-to-stand phases [71]
In the past these phases have been identified by looking at video footage of
participants performing the sit-to-stand sequence or by analyzing collected data from
various devices (ex. accelerometers [16], gyroscopes [18], and dynamometer [71]) which
are attached to the participant during the experiment. This chapter focuses on extracting
phase timing information from each sit-to-stand transfer performed by each of the 25
participants during the clinical trial. The key difference between this study and previous
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ones is the use of pressure sensitive mats, a non-invasive technology, to collect and
analyse data from participants while they perform sit-to-stand transfers from a bed.
The ideal sit-to-stand sequence with Phase I, II and III identified is shown in Figure
6.4.
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Figure 6.4: Simulated pressure curve showing an ideal sit-to-stand movement
The above curve represents the total pressure being applied to the bed during an entire
sit-to-stand transfer time sequence. The pressure curve is generated by summing all of the
taxels (pressure sensors) located underneath the bed mattress for the entire time sequence.
This pressure curve is then normalized based on the highest pressure sum that is
calculated during each sequence.
The curve shows a constant reading during the sitting quietly stage which happens at
the beginning, prior to the sit-to-stand movement. The pressure curve is zero during the
out of bed stage which happens once the sit-to-stand movement has been complete and
there is no longer any contact between the subject and the bed. The three phases making
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up the sit-to-stand movement are also identified in the plot. Phase one shows a slight
increase in pressure due to the subject pushing into the bed for an instant and then
beginning to transfer their weight forward by leaning their trunk forward as seen in
Figure 6.3. Phase two shows a slight decrease in the total pressure resulting from the
subject transferring weight from the bed to the feet. Phase three shows a major decrease
in the total pressure due to the subject completing the sequence by rapidly transferring the
remainder of their weight from the bed onto their feet.
The pressure sensitive mat used to collect sit-to-stand data was located underneath the
bed mattress during the clinical trials; therefore the total pressure data calculated from the
mat is dependent on the subjects' weight. In order to make results from all of the different
participants comparable, the results presented throughout the remainder of this chapter
will be shown using normalized pressure for the sit-to-stand transfer time sequences. The
participant weight dependency is shown in Figure 6.5.
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Figure 6.5: Total pressure values for three participants with their corresponding weight
values
As seen from the plot above, the total pressure sum values can vary greatly depending on
the weight of the participant. Throughout the remainder of this chapter, all results will be
presented in Normalized Pressure units versus Time.

6.2 Sit-to-stand Phase Detection Algorithm
This chapter presents an automated algorithm which examines individual sit-to-stand
sequences, identifying the start and end locations of the three phases described above.
Each phase start time is marked using a colour coded marker and the length of each phase
is calculated as the length of time between the start of the current phase and the start of
the next phase. The end of the sit-to-stand transfer is also detected and marked with a red
phase marker. The total sit-to-stand transfer time is calculated using this end marker as
well as the start of phase one marker.
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6.2.1 Algorithm Description
The algorithm processes each sit-to-stand sequence by analyzing the normalized pressure
curve from beginning to end. The algorithm assumes the first five frames to be resting or
preparation frames and therefore averages these to calculate a resting baseline pressure.
Next the algorithm searches along the signal for the phase one start time by comparing
sequential frames until an increase of more than one percent between the current frame
and previous frame is found, or an increase of more than one percent between the current
frame pressure and baseline pressure is found. The slight increase in pressure marks the
start of the weight shift phase in which the bed pressure is increased due to the subject
shifting their weight forward and pushing their hips further into the bed. This increase in
pressure was verified by examining corresponding foot pressure data which showed that
during this instant the foot pressure decreases which results in an increase in the hip
pressure being applied. This motion was also seen when watching video recordings of
participants performing the sit-to-stand movement; most often the participants would lift
up the entire toe region of their foot or sometimes even the entire foot when starting their
sit-to-stand transfer. The weight shift phase lasts as long as there is a constant increase in
pressure or until the pressure reaches a maximum and the start of phase two is detected.
Phase two is the transition phase, which represents the subject transitioning from
transferring their weight forward to starting to decrease the pressure being applied to the
bed. The beginning of phase two is detected by searching the sit-to-stand pressure signal
for the last peak value greater than 85% of the baseline pressure value. The remainder of
the transition phase is detected by processing the signal from the phase two start marker
onwards. The algorithm sequentially compares consecutive pressure values searching for
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a decreasing pressure difference between one and five percent. Phase two is terminated
once a decrease of greater than five percent is detected.
The start of phase three is detected once a decrease of more than five percent between
consecutive pressure values is calculated. This signals the lift phase of the sit-to-stand
cycle and this phase ends once the end of the cycle is reached and the subject is off of the
bed. The end of phase three marker is used to calculate the total phase three and total sitto-stand times.
A plot of the sit-to-stand transfer performed by an older healthy participant from the
clinical trial is shown in Figure 6.6. The start of each of the three phases and the end of
the sit-to-stand transfer are identified using colour coded phase markers.
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Figure 6.6: Sit-to-stand transfer #1 for older healthy participant #3649
The timing information of interest is the length of each phase as well as the total duration
of the sit-to-stand cycle. The sit-to-stand phases were extracted using the phase
definitions shown in Figure 6.3. From the plot above it can be seen that Phase 1 lasts 0.3
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seconds, phase 2 lasts 0.4 seconds, phase 3 lasts 0.6 seconds and the total sit to stand time
is approximately 1.3 seconds. Results showing pressure curves and phase markers for
data collected from several other participants during clinical trials will be presented in
Section 6.4.

6.3 Selection of Parameters
The phase detection algorithm described in Section 6.2.1 depends on three parameters:
weight shift, peak and lift which relate to the three phases weight shift, transition and lift
described in Section 6.2. Several different values were tested for each in order to select
the best parameters to use in the algorithm. The weight shift value was varied from 1% to
3%, the peak value was varied from 0.75 to 0.95, and the lift parameter value was varied
from 5% to 10%. All together 30 different parameter sets were tested using the
participant data to select the optimal parameters for the algorithm. The parameter values
that yielded the best results are: 1% weight shift, 0.85 peak and 5% lift. Correct detection
of phase start times are extremely important because they directly relate to the timing
information extracted for each phase length as well as the total time for the sit-to-stand
transfer.

6.3.1 Weight Shift Parameter Discussion
In order to optimize the weight shift parameter three different values were tested. The
chosen standard was a shift value of 1%. Figure 6.7 shows a sample plot which uses two
sets of parameters therefore resulting in the detection of two sets of phase markers. The
test parameter set uses an increased weight shift value of 2% and standard peak and lift
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values. The standard phase markers are displayed using n's and the test result phase
markers are displayed using *'s.
1 % Weight Shift, 0.85 Peak, 5% Lift
2% Weight Shift, 0.85 Peak, 5% Lift
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Figure 6.7: Sample plot comparing two different weight shift parameters
(n's represent standard results and *'s represent test results)
From the results shown in the figure above it can be seen that due to the increase in the
weight shift parameter the phase 1 marker is detected 0.6 seconds later. This affects the
phase 1 time as well as the total sit-to-stand time, shortening the length of each by 0.6
seconds.
6.3.2 Peak Parameter Discussion
When optimizing the peak parameter used to detect the transition phase five different
values, ranging from 0.75 to 0.95, were tested. The chosen standard was a peak value of
0.85. Figure 6.8 shows a sample plot which compares the test parameter set: 1% weight
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shift, 0.8 peak and 5% lift, to the optimal parameter set. The standard phase markers are
displayed using o's and the test result phase markers are displayed using *'s.

1 % Weight Shift, 0.85 Peak, 5% Lift
1% Weight Shift, 0.8 Peak, 5% Lift
-*—
—®
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—®
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1.5

Total Bed Pressure
Start Phase 1
Start Phase 2
Start Phase 3
End of Sit-to-Stand

2

Time (sec)

Figure 6.8: Sample plot comparing two different peak parameters
(n's represent standard results and *'s represent test results)
From the results shown in the figure above it can be seen that the transition start location
has been detected 0.6 seconds later than the standard phase 2 start time. This result
affects the phase length time for both the weight shift and transition phases. Phase 1 is
increased by 0.6 seconds making it very long and phase 2 is decreased to only 0.1
seconds which is extremely short therefore verifying that the phase 2 test start location is
incorrect.
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6.3.3 Lift Parameter Discussion
The optimal lift phase parameter was chosen based on results from testing two values,
5% and 10%. The chosen standard was a lift parameter value of 5%. Figure 6.9 shows a
sample plot which compares the test parameter set to the optimal parameter set varying
only the lift parameter value. The standard phase markers are displayed using n's and the
test result phase markers are displayed using *'s.
1% Weight Shift, 0.85 Peak, 5% Lift
1% Weight Shift, 0.85 Peak/o% Lift
* — Total Bed Pressure
-® Start Phase 1
-© Start Phase 2
Start Phase 3
« End of Sit-to-Stand

Figure 6.9: Sample plot comparing two different lift parameters
(n's represent standard results and *'s represent test results)
From the results shown above it can be seen that the lift phase is detected 0.6 seconds too
late. This incorrect phase detection would affect both the time results for the transition
and lift phases. The new transition phase time is 0.9 seconds and the new lift phase time
is 0.6 seconds compared to a transition phase time of 0.3 seconds and lift phase time of
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1.2 seconds. The test results show inaccuracy because the new transition time is
calculated to be longer than the lift time which is incorrect.
Figure 6.10 shows detected phase marker sets resulting from the optimal parameter
being compared to a test parameter set where both the weight shift value and peak values
are modified.
1% Weight Shift, 0.85 Peak, 5%
2% Weighrf\3hift, 0.8 Peak, 5% Lift
«—
-®
-®
-®
-®

Total Bed Pressure
Start Phase 1
Start Phase 2
Start Phase 3
End of Sit-to-Stand

Figure 6.10: Sample plot comparing two different weight shift and peak parameters
(n's represent standard results and *'s represent test results)
Varying the weight shift and peak parameters can result in late detection of the weight
shift phase 1 and transition phase 2 as shown above.
6.3.4 Phase 1 Detection Statistics
The most difficult phase to detect is phase 1 and therefore a good indication of poor
results is a low phase 1 detection rate. Sections 6.3.1-6.3.3 individually discussed the
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importance of each parameter value and showed how varying each parameter affected the
algorithm results. Table 6.1 below shows the detection rates for all 30 parameter sets
when applied to the young healthy participant data. The 30 parameter sets represent each
possible three parameter combination that results from varying the weight shift, peak and
lift values.
The rows in Table 6.1 correspond to the five different peak values that were tested, the
columns correspond to the three weight shift values tested and the sub columns
correspond to the two lift values tested. The table is organized into three groups each
represented by a different colour. The groups correspond to the weight shift values where
1% is shown in orange, 2% is shown in pink and 3% is shown in blue.
Each entry contains four pieces of information; the largest area calculates the overall
detection rate which is displayed as a fraction out of 199; the total 199 represents the
number of total young healthy sit-to-stand transfers. The three sub-columns below the
overall detection rate indicate the success of each phase marker in terms of correct
placement. The phase markers are compared to the standard phase marker results for each
participant transfers. The less than column (<) represents phase markers that are detected
too early in the sit-to-stand sequence, the greater than (>) column represents phase
markers that are detected too late in the sit-to-stand sequence and the equals (=) column
represents correctly detected phase markers.
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Table 6.1: Young healthy phase 1 detection success rate
(> represents transfers detected too late, < represents transfers detected too early, and =
represents transfers detected correctly)

Peak:
0.75

Group 1:

Group 2:

Group 3:

Weight Shift: 1%

Weight Shift: 2%

Weight Shift: 3%

Lift: 5%

Lift: 10%

Lift: 5%

>

>

>

<

=

196/199
0

0

196

Peak:
0.85

0

0

0

0

0

196

194

1

194

196

36

196

0

0

196

36

1

194

36

1

194

68

68

68

36

69

77

36

69

=

>

86

77

36

86

77

26

36

86

77

26

36

87

77

26

36

87

74

74

74

76

26

75

52

26

26

75

=

74

52

152/199
52

26

74

52

152/199
52

26

74

52

152/199
51

26

152/199
76

<
152/199

152/199

181/199
76

>

152/199

181/199
76

=

152/199

181/199
77

<

Lift: 10%

152/199

181/199

181/199
36

<

Lift: 5%

181/199

181/199

195/199
0

>

181/199

195/199
0

=

181/199

196/199

195/199
0

0

0

195/199
1

0

<
181/199

196/199

Original:
196/199

Peak:
0.90 0
Peak:
0.95

196

=

196/199

196/199

Peak:
0.80

<

Lift: 10%

75

51

152/199
51

26

75

51

From the table above it can be seen that as the Weight Shift parameter is increased from
1% to 3% the phase 1 detection rate decreases from 98% to 91% to a 76% detection rate.
However at the same time the correct placement and therefore length of phase 1, shown
in the '=' column in bold, decrease from 98% to 39%) to a 26%) success rate. Examining
the three correct placement columns for the various weight shift values it shows that as
the correct placement rate decreases the late phase 1 detection rate significantly increases.
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Therefore the incorrect placement of the phase 1 marker will most often result in a
lowered sit-to-stand transfer time as shown in Table 6.2 below.
Table 6.2: Young healthy participant average sit-to-stand time using test parameters
Group 1:

Group 2:

Group 3:

Weight Shift: 1%

Weight Shift: 2%

Weight Shift: 3%

Lift: 5%

Lift: 10%

Lift: 5%

Lift: 10%

Lift: 5%

Lift: 10%

Peak: 0.75

0.92 sec

0.92 sec

0.83 sec

0.83 sec

0.75 sec

0.75 sec

Peak: 0.80

0.92 sec

0.92 sec

0.83 sec

0.83 sec

0.75 sec

0.75 sec

Peak: 0.85

Original:
0.92 sec

0.92 sec

0.83 sec

0.83 sec

0.75 sec

0.75 sec

Peak: 0.90

0.92 sec

0.92 sec

0.83 sec

0.83 sec

0.75 sec

0.75 sec

Peak: 0.95

0.92 sec

0.92 sec

0.83 sec

0.83 sec

0.75 sec

0.75 sec

6.4 Clinical Results
During the clinical trial conducted in the summer of 2008 at the Elisabeth Bruyere facility
data was collected from 25 recruited participants. Within this participant group there
were ten healthy young subjects, five healthy older subjects, five post-stroke subjects and
five post-hip fracture subjects. The healthy participants performed up to twenty transfers
each and the functionally impaired participants performed up to ten transfers each.
Figure 6.11 - Figure 6.14 show sample plots from each of the four participant groups.
Each plot shows the normalized pressure signal representing the pressure applied to the
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bed during the sit-to-stand transfer sequence, start phase markers for phases 1, 2, 3 and an
end of sit-to-stand transfer marker.
6.4.1 Sample Young Healthy Results
The sit-to-stand data collected from the group of 10 young healthy participants all
showed very similar results. Figure 6.11 shows one sit-so-stand transfer performed by a
young healthy participant.
<—
-®
-®
-®
-®

Total Bed Pressure
Start Phase 1
Start Phase 2
Start Phase 3
End of Sit-Stand

Figure 6.11: Sit-to-stand transfer #12 for young healthy participant #2164
The young healthy participant result shown above is a very good example of an ideal
sit-to-stand transfer. The pressure curve and phase markers compare extremely well with
the simulated pressure curve shown in Figure 6.4. From the figure above it can be seen
that the entire sit-to-stand time is approximately 1.0 seconds which is extremely fast.
Breaking down this sit-to-stand sequence into phases, as defined in Figure 6.3, results in
a weight shift (phase 1) time of 0.2 seconds, transition (phase 2) time of 0.3 seconds, and
lift (phase 3) time of 0.5 seconds.
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6.4.2 Sample Older Healthy Results
The older healthy participant group was made up of 5 subjects all of which were over the
age of 65. The older healthy sit-to-stand transfers showed slightly more variety than the
young healthy but the majority of sequences performed were similar to the sample
transfer shown in Figure 6.12.
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Figure 6.12: Sit-to-stand transfer #23 for older healthy participant #5265
The pressure curve and phase markers shown in Figure 6.12 are also a very good
example of an ideal sit-to-stand transfer. The pressure reflects the weight shift, transition
and lift movements described in detail in Figure 6.3. The sit-to-stand sequence is
completed in approximately 0.9 seconds with the weight shift (phase 1) lasting 0.3
seconds, the transition (phase 2) lasting 0.2 seconds and the lift (phase 3) lasting 0.4
seconds.
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6.4.3 Sample Older Post-Stroke Results
The post-stroke participant group was made up of 5 subjects all of which were at least 65
years of age and although had experienced a stroke in the past were currently medically
stable. Each participant was able to perform the sit-to-stand transfer independently. The
pressure signals representing the sit-to-stand transfers varied greatly from transfer to
transfer within one subject as well as from subject to subject; a sample result is shown in
Figure 6.13.
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Figure 6.13: Sit-to-stand transfer #2 for post-stroke participant #6996
Comparing the above sit-to-stand sequence to the ideal sit-to-stand sequence shows
many differences. The pressure signal is rapidly increasing and decreasing and the sit-tostand transfer lasts approximately 5.3 seconds which is much longer than the healthy
participant results shown in Sections 6.4.1 and 6.4.2. The weight shift (phase 1) time is
2.5 seconds, the transition (phase 2) time is 0.5 seconds and the lift (phase 3) time is 2.3
seconds.

85

6.4.4 Sample Older Post-Hip Results
The post-hip participant group was made up of 5 hip fracture subjects who had recently
had surgery to repair a fractured hip and were over the age of 65. Each participant was
medically stable and was able to perform the sit-to-stand transfer independently. The sitto-stand transfers varied greatly between subjects but were found to have more
similarities within each participant when compared to the post-stroke participants. A
sample post-hip sit-to-stand transfer is shown in Figure 6.14.
<—
-®
-®
-®
-®

i

1

•x**1*

V^^V-*-**^

'c

)

;

0.8

Total Bed Pressure
Start Phase 1
Start Phase 2
Start Phase 3
End of Sit-Stand

(U
k_

U)
U)
0)

1

o. 0.6

1

1
1

T3
(U
N

TB
E
b 0.4

V

0.2

i

T

i

0.5

1

1.5

- i

2

r

1

2.5
3
Time (sec)

1

3.5

1

4

4.5

cS

T

5

Figure 6.14: Sit-to-stand transfer #8 for post-hip participant #8144
The pressure signal above differs greatly from the ideal sit-to-stand pressure signal
but is much smoother than the post-stroke pressure signal shown in Figure 6.13. The sitto-stand transfer is approximately 4.7 seconds long and is made up of weight shift (phase
1) time of 2.4 seconds, transition (phase 2) time of 1.4 seconds and lift (phase 3) time of
0.9 seconds.
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6.5 Validating Results
The algorithm results presented in Section 6.4 were compared to results published by
Arcelus et al. [72] in order to validate their accuracy. Total sit-to-stand times were
compared using data from all ten young healthy participants. The main difference
between the method presented in this chapter and the published journal paper is the use of
a high resolution pressure sensitive floor plate. The sit-to-stand timing results published
by Arcelus et al. were produced using a greater amount of processing in order to examine
both the bed pressure data and floor pressure data and overcome the problem of
synchronizing the data from both. The algorithm presented in this chapter is processed
much faster because it extracts the sit-to-stand transfer timing information using only the
bed pressure mat technology. Using only the bed mats is a more feasible solution when
considering having to install this type of equipment into people's homes. The floor mat is
a much more expensive technology and elderly people could trip on it therefore causing it
to be a potential safety hazard.
Figure 6.15 shows the individual transfer times for each participant represented by *'s
as well as the average sit-to-stand time for each participant represented by o's.
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Comparing Young Sit-to-stand Data
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Figure 6.15: Comparing participant results to validate algorithm
The results compare well and a less crowded comparison is shown in Figure 6.16
where only the average times for each participant are displayed.
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Figure 6.16: Comparing average sit-to-stand times for each participant
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The overall young healthy sit-to-stand average time calculated using the algorithm
presented is 0.92 seconds and the average time published by Arcelus et al. [72] is 0.94
seconds. Therefore the average sit-to-stand time result for the young healthy participant
group compares very well. The error between the individual participant average sit-tostand times varies from 0.04 seconds to 0.19 seconds with a standard deviation of 0.046.
As a final comparison the first five sit-to-stand transfer times performed by one
young healthy participant were examined. The results comparing individual transfers for
one young participant are shown in Figure 6.17 below.
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Figure 6.17: Comparing sit-to-stand times for individual transfers
The results above show a good comparison between the algorithm results presented in
Section 6.4 and the Arcelus et al. [72] published results. The similar trends in both
individual sit-to-stand transfer times and average participant transfer times validate the
results produced by the presented phase detection algorithm.
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6.6 Bounce Detection for Functionally Impaired Participants
From the older post-stroke and older post-hip samples shown earlier in Figure 6.13 and
Figure 6.14 it can be seen that the phase 1 length is much longer when compared to the
young and older healthy subjects. An older stroke sit-to-stand example transfer is shown
in Figure 6.18 below.
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Figure 6.18: Sit-to-stand transfer #1 for post-stroke participant #1269
In the older post-stroke sample shown above the phase 1 length is very long, making
up the bulk of the sit-to-stand transfer time, during this phase the normalized pressure is
continuously changing. This type of movement is seen only in some of the functionally
impaired participants because the task of performing the sit-to-stand sequence is much
more difficult for them when compared to the healthy participants. From looking at the
videos it is seen that these participants often shuffle or bounce while they are trying to
perform the sit-to-stand sequence and the next chapter section will look at an algorithm
which helps to identify these types of movements.
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6.6.1 Algorithm Description
The three types of movements that the algorithm is looking to detect are shuffling,
bouncing and unsuccessful transfer. The algorithm analyzes the normalized pressure
signal searching for a valley situated between two peaks. The three different types of
movements have been assigned corresponding valley depths. Shuffling is detected if there
is a 10-19% dip in the pressure signal, bouncing is detected if there is a 20-49% dip in the
signal and an unsuccessful transfer is detected if there is a greater than 50% dip in the
signal. Figure 6.19 shows a sample transfer for each one of the three types of movements.
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(a) - Participant transfer with a shuffle detected
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Figure 6.19: Sample plots for functionally impaired participant movements
The samples shown above are sit-to-stand transfers performed by post-stroke and
post-hip participants.
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6.6.2 Functionally Impaired Participant Results
All of the sit-to-stand transfers performed by functionally impaired participants were
processed using the bounce detection algorithm and results for two transfers performed
by the same participant are shown in Figure 6.20 and Figure 6.21.

Bed Pressure
-* Shuffle
-* Bounce

Figure 6.20: Sit-to-stand transfer #1 for post-stroke participant #1269
During the sit-to-stand transfer shown above two cases of bouncing and one shuffle
are detected. This subject is unable to transition from sitting quietly to lifting off of the
bed smoothly. Instead the subject generates momentum by shuffling their hips forwards
and by transferring their weight back and forth from the feet to the hips while rock their
trunk forwards and backwards. Once the subject has generated enough momentum the lift
portion of the sit-to-stand transfer is completely very quickly.
Another sit-to-stand transfer performed by the same subject is shown in Figure 6.21
below.
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Figure 6.21: Sit-to-stand transfer #8 for post-stroke participant #1269
The bounce detection algorithm detected a shuffle followed by a bounce when
analyzing the sit-to-stand transfer shown above. In this case the shuffle is used to
generate momentum and the bounce occurs during the end portion of the sit-to-stand
sequence. Both Figure 6.20 and Figure 6.21 are examples of unstable sit-to-stand
sequences because they differ so greatly from the ideal sequence presented in Figure 6.4.
Analyzing all sit-to-stand transfers performed by one participant using the bounce
detection algorithm can be used to identify whether a participant follows a certain trend
when performing a number of consecutive sit-to-stand transfers. A summary plot was
generated for each participant showing the number of movements and types of
movements detected during each transfer. A sample summary plot, generated from the
participant whose two individual transfers were presented in Figure 6.20 and Figure 6.21,
is shown in Figure 6.22.
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Figure 6.22: Post-stroke participant # 1269 movement summary
The summary plot shows the 10 sit-to-stand transfers performed by the post-stroke
participant in order. The detected movements shown in Figure 6.20 correspond to transfer
number one in the above plot and the detected movements shown in Figure 6.21
correspond to transfer number eight in the above plot. The summary plot for this
participant shows that shuffle movements are detected throughout 90% of the subjects'
transfers and bouncing is detected in 40% of the transfers. Clinicians found these results
to be very interesting and a good indicator of instability.

6.7 Overview of Phase Time Information
The results shown in Section 6.4 represent individual sit-to-stand transfers. This section
focuses on comparing phase time information from data collected from all of the subjects
that participated in the clinical trial. The phase time information is calculated for each
participant transfer and average transfer times are determined. These phase average times
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are compared to other subjects within the same participant group and a comparison
between participant groups is shown as well. Figure 6.23 is a sample plot showing the
phase 1 times for 5 young healthy participants. The *'s in the plot represent the phase 1
times for each transfer completed by the subject and the o's represent the average phase 1
time for each subject.

Participant
Average Time
Individual
Transfer Time

Participants

Figure 6.23: Phase 1 transfer times and average times for 5 young healthy participants

Therefore the plot above represents individual participants' phase 1 times (*) as well
as each participants' phase 1 average time (o).
6.7.1 Clinical Results
The following plots will show a set of colour coded curves, each representing one
participant group. Timing information from individual subjects' phase times and average
phase times are plotted along the x-axis. To help show the differences between subjects
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within the same participant group, coloured lines connect the average times for subjects
belonging to the same group type.
Figure 6.24 shows the phase 1 times for all four participant groups.
Phase 1 Transfer Times
*

•

•

-

Young Healthy
Older Healthy
Post-stroke
Post-hip

Participants

Figure 6.24: Phase 1 times for all four participant groups
(*'s represent individual transfer times and
o's represent participant average transfer times)
From the plot it can be seen that the young healthy and older healthy weight shift
times are very short compared to the post-stroke and post-hip. There is very little
variability between subjects within these two participant groups. On the other hand the
post-stroke participant average weight shift times show a great deal of variability ranging
from 1.4 seconds to 3.6 seconds approximately. The hip participants' weight shift times
do not show much variability between the group but do show some variability within
each participant, represented by the large range of *'s.
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Figure 6.25 shows the individual transfer phase 2 times as well as participant average
phase 2 times for all four participant groups.
Phase 2 Transfer Times

Figure 6.25: Phase 2 times for all four participant groups
(*'s represent individual transfer times and
o's represent participant average transfer times)
From the plot it can be seen that the young healthy, older healthy and post-stroke
participants all have approximately the same transition phase times ranging between 0.2
seconds to 0.4 seconds. The post-hip participants' average transition phase times are
greater ranging from 0.38 seconds to 0.6 seconds. The results for the healthy participants
are as expected but the difference in the performance of the post-hip and post-stroke
participants is very interesting. The transition phase time represents the amount of time a
participant spends gradually lifting their weight off of the bed. Analyzing the video data
showed that the post-hip participants took the greatest amount of time when transitioning
from the weight shift phase to the lift phase, raising their hips very slowly when
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beginning to extend their legs. This is likely due to differences between subject bed exit
patterns and differences in movements occurring prior to the transition phase. The posthip participants perform the sit-to-stand sequence very cautiously, particularly during the
transition phase, ensuring that they are well balanced before they transfer all of their
weight from the bed to their feet. During rehabilitation patients are taught to rise slowly
and with great caution to help prevent future falls. The videos and algorithm results
showed that the post-hip fracture participants' sit-to-stand sequences were completed
more smoothly when compared to the post-stroke participants'. Statistics from the bounce
detection for functionally impaired participants algorithm showed that post-hip
participants performed fewer shuffles and bounce movements than the post-stroke
participants. The post-stroke participants use these extra movements during their weight
shift phase to generate momentum, therefore lifting off of the bed very quickly after the
weight shift phase and resulting in a short transition phase. The results were verified by
the occupational therapy team involved with the study.
Figure 6.26 shows the individual transfer phase 3 times and participant average phase
3 times for all four participant groups.
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Figure 6.26: Phase 3 times for all four participant groups
(*'s represent individual transfer times and
o's represent participant average transfer times)
From the results shown above it can be seen that the young healthy participants have
the shortest average lift phase times followed closely by the older healthy participants.
The variability between participants in each healthy group is minimal. The post-stroke
and post-hip participant groups require much longer average lift phase times and show
greater variability between participants. This is likely due to the differences between
mobility levels within the functionally impaired participant groups.
Figure 6.27 shows the total sit-to-stand times for individual transfers as well as
participant average sit-to-stand times for all four participant groups.
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Figure 6.27: Total sit-to-stand times for all four participant groups
(*'s represent individual transfer times and
o's represent participant average transfer times)
From the results shown above it can be seen that the young healthy participants have
the fastest sit to stand time followed closely by the older healthy participants. There is
very little variability between transfers performed by an individual subject as well as
between the subjects within these two groups. The post-hip and post-stroke participants
have a much higher sit-to-stand time. The variability between the post-stroke
participants' average sit-to-stand times is much greater than the post-hip participants'.
These results are to be expected due to the differences in participants recovering from
various levels of strokes.
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6.7.2 Classification Plots
Scatter plots can be used as another way to show how much the phase times differ for the
four participant groups, particularly highlighting the difference between the healthy and
functionally impaired groups.
Figure 6.28 shows the dependency between phase 1 and phase 2 timing information
for all four participant groups.
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Figure 6.28: Phase 1 vs. Phase 2 classification plot for all four participant groups
From the above plot it is clear that the healthy phase 1 and phase 2 times are
extremely small compared to the post-stroke and post-hip times. The post-stroke data is
more dependant on the phase 1 times when compared to the post-hip data which is
equally scattered in the x and y directions.
Figure 6.29 is a plot showing the phase 1 and phase 2 times for the healthy versus the
functionally impaired group.
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Figure 6.29: Phase 1 vs. Phase 2 classification plot for healthy and functionally impaired
groups
From the above plot there is a clear difference between the data results for the healthy
group versus the functionally impaired group. The healthy participants' phases 1 and 2
times are negligible when compared to the functionally impaired participants' times.
Figure 6.30 shows the classification plot comparing phase 1 and phase 3 times for all
four participant groups.
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Figure 6.30: Phase 1 vs. Phase 3 classification plot for all four participant groups
The plot above shows that the healthy data is again very separate from the post-stroke
and post-hip data results. In this plot there does not appear to be a dependency between
the x and y direction for any of the four participant groups. The participant timing
information is affected by both the phase 1 and phase 3 times equally.
Figure 6.31 shows the phase 1 and phase 3 times for the healthy and functionally
impaired groups.
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Figure 6.31: Phase 1 vs. Phase 3 classification plot for healthy and functionally impaired
groups
The differences between phase 1 and phase 3 times for the healthy and functionally
impaired groups is clearly separated. As mentioned above the functionally impaired
participant results are equally dependant on both the phase 1 and phase 3 times therefore
scattering equally in both the x and y direction.
6.8 Conclusion
This chapter presented a method for looking at segmenting the sit-to-stand cycle into
phases and extracting timing information corresponding to each phase. The method was
implemented using a new automated algorithm which looked at separating each sit-tostand sequence into three phases: weight shift, transition and lift. Combining the time
from all three phases resulted in the total sit-to-stand time for the individual participant
transfer. From the results it was clear that the healthy participants performed their sit-tostand transfers much faster than the functionally impaired participants. The results within
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the healthy participant group did not vary very much from subject to subject. On the other
hand there was a great amount of variation between the post-stroke participants and posthip participants. The results showed that phase 1 was the longest phase for both poststroke and post-hip groups and a bounce detection algorithm was presented. The
algorithm detected three types of movements: shuffling, bouncing and unsuccessful
transfer attempts. The results showed that many participants performed at least one of
these movements during the weight shifting phase at the beginning of their sit-to-stand
sequence.
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Chapter 7:

Conclusion
7.1 Summary of Results and Contributions
The thesis research focused on evaluating different methods for analyzing the sit-to-stand
pressure data and to differentiate between the pressure patterns produced by the four
different adult test groups.
The following is a list of the research contributions that were made:
•

Designed and supervised an experiment which collected data from 25 recruited
participants at the Elisabeth Bruyere Hospital using a pressure sensitive mat
technology.

•

Processed the raw sit-to-stand pressure data to create sequences of pressure
images and time pressure signals.

•

Designed and implemented several region of interest algorithms to detect hip and
hand regions from control participant pressure image sequences.

•

Designed and implemented an automated algorithm used to segment the clinical
trial, participant sit-to-stand pressure signal, into three phases. Performed timing
analysis on each phase, identifying the length of each phase as well as the total
sit-to-stand time.
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•

Designed and implemented an algorithm which performs further analysis on the
functionally

impaired participants' pressure signals to detect

additional

movements such as shuffling, bouncing and unsuccessful transfers.

7.2 Recommendations for Future Work
The following is a list of recommendations for future work:
•

Repeat the clinical trial, collecting data from all 25 participants again particularly
the older healthy and post-stroke and post-hip groups. Perform analysis on the
new pressure data to help identify changes in patients' movements. The results
could help evaluate whether the health and mobility of the participants has
increased or decreased.

•

Design a region of interest extraction algorithm to extract hip and hand
information from the pressure images produced using the participant pressure data
collected during the clinical trial, in addition to the control participant data that
was presented in this thesis.

•

Design an algorithm for evaluating patient symmetry during individual sit-tostand transfer sequences.

•

Synchronize the foot pressure data with the bed pressure data collected. Use the
additional foot data to add a fourth phase when segmenting the sit-to-stand
sequence. The foot data would allow for the addition of a stabilization phase.

•

Combine and implement the various algorithms into the smart home to monitor
people and detect changes in mobility.
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Appendix A:
Equipment Setup User Manual
A.l Hardware Setup
A.1.1 Three Bed Mat Configuration
The three large pressure sensor arrays (bed mats) should be placed side by side below the
mattress as shown in the diagram below.
Hospital Bed

Mat#l

Mat #2

Mat #3

Foot

A. 1.2 Individual Bed Mat to Computer Connection
1.
2.
3.
4.
5.
6.

Connect each RJ12 bed mat cable to a RJ12-RJ45 converter box.
Connect each RJ45 cable to the STL-232 interface.
Connect each 9 V power supply to the STL-232 interface.
Connect each STL-232 interface to the NPort using a serial to RJ45 cable.
Connect the NPort power cord to the wall.
Connect the NPort to the computer using a crossover Ethernet cable.

Head
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A. 1.3 Floor Mat Configuration
Hospital Bed

Mat#l

Mat #2

Mat #3

Head

Foot

Floor Mat

A.1.4 Floor Mat to Computer Connection
1. Connect the floor mat cable to the power supply.
2. Connect the power supply to the wall outlet using the power cable.
3. Connect the power supply to the computer using the USB cable.
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A.2 Software Setup
A. 1.5 Computer Setup
1. Set the computer IP address to 192.168.127.250.
i.

Click on 'Start', go to 'Setting', and select 'Network Connections',

ii.

From the list of connections click on 'Local Area Connection',

iii.

A 'Local Area Connection Status' window should pop up, select
'Properties',

iv.

From the 'Properties' window scroll to select 'Internet Protocol' and click
'Properties',

v.

Note the current configuration, if an IP address is displayed, otherwise
click 'Use the following IP address',

vi.

Set the IP address field to 192.168.127.250.

vii.

Set the Subnet mask to a default: 255.255.255.0.

viii.

Click 'OK' and in the Network Connections window ensure the 'Details'
of the Local Area Connection has changed the IP Address.

2. Install the drivers using the provided software from Tactex.
3. Copy the folder "Mobility Project" from the provided "Mobility Project" CD
containing the following files/programs.
i. TTXMIO Sensor Demo.EXE
ii. 6 sensors.txt
iii. default.daq
iv. clxio.dll
v. normal.txt
vi. Mobility Sensor Tile.exe
vii. HDSensor TileMap-4.txt
viii. usbcan32.dll
ix. vcand32.dll
X.

ttxcmnwin.dll
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xi. ttxsensortile.dll
xii. demo.ini
A.1.6 NPort (black box) Setup
1. Modifying firmware.
I.
II.
III.

Set ports # 1 -6 to "Real COM Mode".
Disable ports #7 and #8.
IP address should be set to default: 192.168.127.25.
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Appendix B:
Data Acquisition User Manual
A.3 Initializing Connection to Bed Mats
1. Select the "NPort Administrator" shortcut from the Desktop.
A window should open which reads "NPort Administrator-Configuration" at the
top. The window is divided into 3 panels, the "Function" panel to the left, a
"Configuration" panel, and a "Log" panel at the bottom. This is shown in Figure
B.l below.

k NPort Administrator-Configuration

EM

Function Panel

|Non:24/06;2008HM3il5AM

Figure B.l: NPort Administrator View
2. Make sure that within the "Function" panel, "Configuration" is highlighted, as in
the figure above.
3. Now, select "Search" from the tool bar. A "Searching" window should appear
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and one NPort will be listed as shown in Figure B.2 below.

m

jSearching

Searching for NPorl...

•

Stop

Found 0 NPoit(s). remain timeout = 3 Seconals)
I Model

I MACAddress

| IPAddiess

I

NPort should be listed here.

_._J

Figure B.2: Selecting the NPort
Note: If the NPort does not appear in this list you will not be able to connect, see
Troubleshooting (Section B.4) within this user manual.
4. In the "Searching" window, select NPort with IP address 192.168.127.254.
5. Click on COM Mapping in the "Function" panel.
If the Configuration panel already contains a list of COM Ports with the correct
IP Address, as in Figure B.3 below, then follow a) otherwise if the Configuration
panel is blankfollow the instructions in b).
^

•GJ3B

NPort Administrator-COM Mapping

j File Eunction COM Mapping yiew

!

A

j

Extt

&• $j

&
Add
.
.
'
Function

s.

Message Log • 0 J Monitor Log

T V .jJ11|e

COM Mapping - 8 COM
/

| Model
NPort 5610-8
NPort 5E108
NPort 5610-8
NPort 5610-8
NPort 5610-8
NPort 5610-8
NPort 5610-8
NPort 5610-8

<]' ' """"

" ""

I iP Address
192.168.127.254
192.168.127 254
192.168.127.254
192.168.127.254
192.168.127.254
192.168.127.254
192.168.127.254
192.168.127.254

| Port
1
2
3
4
5
6
7
9

j COM Port
COM3
COM27
COM28
COM29
COM 30
COM 31
(Disabled]
(Disabled]

j Mode
Hi-Performance, FIFO En*
Hi-Performance, FIFO Em
Hi-Performance, FIFO En<
Hi-Performance, FIFO Em
Hi-Performance, FIFO En;
Hi-Performance, FIFO Em

[HI

•°l

| Time

Now: 24/06/2008 10:59:23 AM

r^efl

App^

No
1
2
3
4
5
6
7
8

i

No

9

f:,...-,-.,..
I
I
'
;•

NPort
O Configuration
EBB] Monitor
QBS Port Monitor
dtrJUCOM Mapping]
J9-' IP Address Report

Help

1 Description

j

1

1

Figure B.3: COM Port Mapping
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a) Click "Apply" in the tool bar.
b) Otherwise follow the steps below.
i. Select COM Mapping -> Import COM Mapping (from the menu bar).
ii. Click Browse...
iii. Select COM port mapping,
iv. Click Open.
v. Click OK.
vi. Click OK.
vii. Select Apply from the tool bar.
6. Click Yes.
7. Click OK.
8. Close the NPort Administrator.
These steps initialize a pathway between the 6 bed mats and the computer. The next
step will now establish the connection between the bed mats and the computer, as
well as the floor mat and the computer.

A.4 Floor Mat and Bed Mat Connections
1. On the desktop there should be a folder named "Floor", open this folder.
2. Scroll down and select "Run Mobility Sensor Tile.exe". A window as shown in
Figure B.4 below will appear.
M Toclax Sunaar Tito - Mobility Applfcotfaw
F*e

COHWXUU*

Vk>« U v

T«t»

WruJuw ~ t * * ,

ESSfe?1

^
_________„

Figure B.4: Floor Sensor Data Acquisition Software
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3. Select Connection ->Start Data Stream.
4. Click OK on "Starting raw data" dialog box.
5. Select Tools -> Tare Sensors.
NOTE: make sure that nothing is on the floor mat when you select "Tare Sensors".

6. Now run the Bed Mat data acquisition software, by selecting "TTXMIO Sensor
Demo.exe" from the BED folder located on the desktop. A window, Figure B.5
shown below, will appear.
.•T1»lK>-TlctttSim»«ntic(thi

j . C jjf

7. Select Connection -> Connect to 6 Sensors.
Now both the bed mats and the floor mat have established a connection with the
computer and it is time to start acquiring data.

A.5 Data Acquisition
When acquiring data you must use both programs, one for the bed mats and one for the
floor mat, simultaneously. After completing the steps below each patient should have two
files associated with them, one with the floor mat data and one with the bed mat data.
1. From the Bed Mat window, select Log ->Open Log File.
The Bed Mat software automatically creates a file for you to log the data. The
file is saved to the "BED" folder on the desktop and is given a generic name
with a time stamp. You must change this later in step 10.
2. Go back to Floor Mat window and select Log -^ Start recording.
Unlike the bed mat software the floor mat software gives you the choice of
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where you want to save the data file and what you want to name it. For
convenience save all data to the same "BED "folder.
3. Name the floor mat log file floorxxxx.csv (xxxx = patient number).
4. Click Open. Now both floor and bed data is being logged.
The patient should start the motion shown in Figure B.6 below. For healthy
patients this motion will be repeated twenty times, but only one data file will be
created. To distinguish between repetitions, it is important to follow the next
steps.
1) Supine

5) Supine

Set Event
Maker
Here

Figure B.6: Patient Motion
5. Once the patient has sat up from the supine position but before s/he stands up,
please mark an event. Do this by selecting Log -> Set Event Marker from the
Floor Mat window.
6. Go back to Bed Mat window and select Log ->Log Event.
The Event number at the bottom of both the Data Acquisition windows should
increment. This is shown in Figure B. 7.

NOTE: Step 6 must be completed as quickly as possible after step 5.
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aaa

ITTXMIO -Tactex Sensor Application
I File Connection Log Map Window Help

Taxets 0/s

Event 1

Log 0

Figure B.7: Logging an Event
NOTE: As a shortcut, holding down "Ctrl+E" will also log an event.

7. Now that the event has been marked tell the sitting patient to stand.
8. Repeat steps 5-7 for the specified number of repetitions.
9. Once patient has completed all repetitions, in the Floor Mat window, select Log
->Stop recording.
10. From the Bed Mat window, select Log ->Close Log File.
11. Go to the "BED" folder and re-name the datasensorleddatetime.csv file bed
xxx.csv (xxxx = patient number).
NOTE: Do not close the Bed and Floor Mat Windows.

12. Repeat B.3 #1-11 for each patient.
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A.6 Troubleshooting
In the event that the setup must be changed in anyway, or any of the equipment is
powered down the user may run into some problems. This section outlines some common
problems and explains what to do should they arise.
1. In the "Searching" window, no NPort appears, ie. the list is empty.
• Check the Ethernet connection from the NPort to the computer. This is the blue
cable.
Unplug the cable and plug it back in. The computer should recognize a "Local
Area Connection"; if it does you should see the "Local Area Connection is
O.K." icon in the bottom right hand corner of your screen as in Figure B.8
below. Otherwise the problem is the connection. Make sure the Ethernet cable
is plugged in and restart your computer.
\j

Local Area Connection

A network cable is unplugged,

jfii#)
Local Area
Connection is O.K.

Figure B.8: Troubleshooting Local Area Connection
If the Local Area Connection looks O.K. But you are still having the same
problem open up the Network Connections from within the Control Panel.
Click on the "Local Area Connection" and check the details in the bottom left
hand corner of the Network Connections window. Make sure the IP Address is
set to 192.168.127.250, as shown in Figure B.9 below.
Details

'

Local Area Connection
LAN or High-Speed Internet
Connected
Intel(R) PROA 000 CT Network
rnnna-Hnn
JPAddress: 192.127,168.25CT
CjPA
iJJ.IJJ.i!
' TjBliyililSlk.
iSuBI
Manually Configured

Intel(R) PRO/1000 CT Network Connection

Figure B.9: Troubleshooting Local Area Connection
Open up the cardboard box located under the bed, the large black box is the
NPort, ensure the NPort is powered on.
On the front panel of the NPort box the screen should list the IP address ensure
that the IP address reads 192.168.127.254. If it doesn't the box was probably reset
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see problem #2.
2. The NPort was accidentally "reset".
• To reset the NPort you must:
a) Reset the IP Address to 192.168.127.254.
b) Ensure that COM ports 1-6 are set to "REAL Mode" and that COM ports 7
and 8 are disabled. To do this use the buttons located on the front panel of the
NPort box.
3. Some or all of the 4 floor tiles will not connect.
• There is most likely a problem with the connection, physically disconnect the
floor mat from the Data Acquisition Box and reconnect. Try reconnecting to the
sensor tiles using the software.
4. The Tactex DAQ software is unable to establish a connection between the
computer and the bed mats.
• Locate the default.daq file and the COM port mapping.ini file and ensure that
a) There are only 6 COM ports listed in the COM port mapping file.
b) The port numbers in the COM port mapping file match the port numbers in
the default file, as shown in Figure B.10 below.
c) Make sure the IP Address in the COM port mapping file is 192.168.127.254
as shown in Figure B.10 below.
ji> COM port mapping.ini - Notepad

EKB)B

3

dletrayliH.&sq - Hote^mil

File Edit Format View Help
[Summary]
Total_5erver=l

[config]

[Serverl]
APID=0x8QQ05610

MappingFile = 6 s e n s o r s . t x t
C a l i b r a t i i i i i f l l r „ nonmnl i i
~
Autoconnect ^7»QM3 CQM27, COM28, COM29, COM30. COI^'P*

YWZZ—GA J«JJ.O

:°=192.1&S.127.2 54
P o r t l = i J U,U,0,12,0,3,0,0,500
P o r t 2 = l / 2 7 \ 0 , '0 , 0" , 1 '2",, 0 , 3 , 0 , 0 , 5 0 0
Port3=ll28|0, 0,0,12, 0,3,0,0,500
Port4=1129l , 0 , 0 , 1 2 , 0 , 3 , 0 , 0 , 5 0 0
Port 5 - l l 3 0 / 0 , 0 , 0 , 1 2 , 0 , 3 , 0 , 0 , 5 0 0
Port6=lfcn/ 0,0,0,12,0,3,0,0,500

[Logging]
# AutomaticName
#
" f a l s e " w i l l cause prompt f o r l o g f i l e n a m e each t i m e
a Tog i s opened
#
" t r u e " w i n a u t o m a t i c a l l y c r e a t e a f i l e n a m e based on
date/time
AutomaticName=true
# saveAutomatically
#
" f a l s e " w i l l l o g data o n l y when c t r l - L pressed
#
" t r u e " w i l l l o g data every ' s a m p l e i n t e r v a l ' samples
saveAut omat 1 c a l l y=t r ue
sampleinterval=l
#

LenqthLimit

Figure B.10: Troubleshooting COM ports

