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Prosthetists and medical researchers often find it difficult to assess the results of specific
prosthesis prescriptions or therapies, which causes difficulties in medical decisions regard-
ing an amputee. Currently, subject self-reporting is often used to determine how well a
particular prosthesis is performing. Subjects may also be asked to perform certain actions
in the clinic to assess the effectiveness of a given prosthesis. These methods are limited
because self-reporting may be unreliable and experiments in a lab or doctor’s office do not
adequately approximate behavior and activities in a subject’s daily life.

To determine how subjects use their prostheses outside of the clinic, it has become
common to use accelerometers to enable long-term monitoring of a subject’s activities. Ac-
celerometers can offer information about how often the prosthesis is worn, how active the
subject is over time, and what body positions subjects take. Currently available systems
tend to only measure activity level or to require subjects to wear an accelerometer (or
multiple accelerometers) at inconvenient positions on their body. The use of a single ac-
celerometer mounted on a prosthesis may avoid the high compliance demands of similar
methods while still allowing for accurate classification.

We propose and test three methods of classifying the activities and body postures of
prosthesis users using only data from a single prosthesis mounted accelerometer. The clas-

sification methods tested were a rule-based system, a K-Nearest Neighbor system, and a



Hidden Markov Model. Personalized and non-personalized classifiers were tested for the
K-Nearest Neighbor and Hidden Markov Model systems. All three classification methods
were tested on data collected from eleven subjects with trans-tibial amputation. Data was
collected while the subjects performed an hour long semi-structured activity protocol. The
activity protocol included donning and doffing the prosthesis, sitting in various positions,
standing, walking, and using the stairs. The predicted activity from each classification
method was compared to the ground truth record and the overall accuracy for each method
was calculated.

All three methods were able to classify activities with approximately 90% accuracy.
Personalization improved the accuracy of both K-Nearest Neighbor and Hidden Markov
Model classifiers. All classifiers were able to accurately differentiate periods of motion, but
periods where the prosthesis was doffed, the subjects were sitting, or the subjects were
standing were sometimes confused. These methods may be applicable for clinical use, and

may improve the quality of care available to prosthesis users.
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GLOSSARY

BDT: Binary Decision Tree.

DFT: Discrete Fourier Transform.

G:  Earth gravity at sea level. Equivalent to 9.81 m/s2.
HMM: Hidden Markov Model.

IRB: Institutional Review Board.

KNN: K-Nearest Neighbor.

MFCL: Medicare Functional Classification Level. The MFCL is a measure of the level of

activity that a person is capable of performing. It can take integer values from 1 to 4.

OFFLINE PROCESSING: Processing data after the full dataset has been gathered. This

allows processing to make use of data from the ”future”.
ONLINE PROCESSING: Processing data in real-time.

RESIDUUM: That portion of the limb that remains after an amputation. Also called the

residual limb.

SD: Standard Deviation.



NOTICE OF WORK ALREADY PUBLISHED

Portions of this work were submitted to the Journal of Rehabilitation Research and De-
velopment. A paper regarding heuristic and rule-based activity recognition will be published
under the title ” Classifying Prosthetic Use via Accelerometry in Persons with Trans-Tibial

Amputations,” by Morgan T. Redfield, John C. Cagle, Brian J. Hafner, and Joan E. Sanders.
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Chapter 1

INTRODUCTION

There are currently over one and a half million people in America who have lost a lower
limb due to cancer, trauma, or dysvascular disease [68]. Dysvascular disease and related
disorders cause the majority of lower limb amputations. Amputations may also be due
to trauma from military conflicts and wartime injuries, motor-vehicle accidents, or natural
disasters [19, 32]. Amputation rates are rising every year due to an increase in diabetes and
improvements in treatment for traumatic injuries. The number of people living with limb
loss is projected to double in the next 50 years [68].

The quality of life for people with lower limb amputations is heavily dependent on their
level of mobility and the level of pain they feel in their residual limb. A well-fitting prosthesis
is crucial to increasing mobility and reducing residual limb pain. It has been shown that
those amputees who use a prosthesis have a higher quality of life than those that do not
[59]. Certain components of the prosthesis, such as the liner, the type of foot chosen,
and the pylon, can change the usability of the prosthesis [40, 63]. Choice of prosthesis
components depends strongly on the lifestyle and goals of the prosthesis user [13]. It is
therefore important to quantify how a person uses their prosthesis on a day to day basis.

The fit of a prosthesis has a direct impact on the amount of activity that a person with
an amputation feels comfortable performing [40]. However, the fit of a prosthesis is not
constant over time. A prosthesis that fits someone well in some circumstances may not fit
them well when they are active and the volume of their residual limb has changed [67]. As
the volume of a person’s residual limb changes, unintended locations on their residuum may
experience loading. This can cause discomfort, pain, and skin irritation or breakdown [32].
Problems with socket fit often lead prosthesis users to stop using their prosthesis for a period

of time, which can severely affect the well-being of the person [41]. Prosthetics researchers



may be interested in correlating the activities and bodily positions that prosthesis users
perform with the resulting limb health. This requires an accurate method of monitoring

prosthesis users as they go about their daily life.

The increasing shift in prosthetics to evidence-based practice has also driven a need
to quantify prosthesis use. As third-party payers push for evidence that the interventions
made are effective, the need has grown to accurately gauge what a person does with their
prosthesis over time and how it changes [40]. Accurate knowledge of prosthetic use in free-
living conditions would enhance prosthetic prescriptions, fitting processes, and measurement

of outcomes [16].

Differentiation of body postures as well as gait types may be clinically important as
sitting and standing can affect changes in residual limb volume and alter the fit of a pros-
thesis [55, 54]. Accurate knowledge of how much a prosthetic user sits or stands could thus
be useful in determining changes in socket fit throughout the day. The characterization of
prosthesis use could be partially achieved by quantifying prosthetic wear (e.g., donning and
doffing) and users’ engagement in locomotor activities (e.g., walking and stair climbing) and

fundamental body postures (e.g., standing or sitting).

Despite its importance, prosthetists, physicians, and prosthetics researchers are chal-
lenged to describe how persons with limb loss use their prostheses outside the clinic or
laboratory [12]. Performance tests such as the timed up and go test [48] or the six-minute
walk [17] can be used to measure mobility of a prosthetic user in a clinic or laboratory
[56, 36], but information on what prosthesis users do in their daily lives can be difficult
to acquire. Characterizing ways that prostheses are used is complicated by the range of

situations and environments users encounter.

Of the currently available activity monitoring solutions, many focus primarily on gait.
Those that include posture often have low battery life or require high subject compliance. A
system that requires prosthesis users to accurately attach a wearable sensor in the morning
and detach it in the evening is more likely to experience compromised or missing data. A
solution is needed that requires little to no active subject involvement. Accordingly, it is

desirable to mount all sensors on the prosthesis.



1.1 Thesis Goals and Contributions

This thesis describes the development and evaluation of a set of signal processing algorithms
to classify the data from an inexpensive, off-the-shelf accelerometer. Use of a single sensor
mounted to a prosthesis would eliminate the need for the user to attach and remove the
sensor and improve wear compliance. The hypothesis under investigation is that a system
using only a prosthesis mounted sensor is capable of classifying periods of prosthesis use
with high enough accuracy to be used in clinical applications. Periods of prosthesis use
are categorized as prosthesis-off, movement, standing, or sitting. This adds postural iden-
tification based on data from a single accelerometer to the large body of research on gait
identification from similarly located accelerometers. These activities are those that are of
primary interest to prosthetists and prosthetics researchers.

The effects of online processing on accuracy are further investigated. Online processing,
or generating results in real-time, is more limited than offline processing because it cannot
make use of future data to identify what activity is currently being performed. While offline
processing is acceptable for such applications as identifying the impact of different prosthesis

components, online processing is necessary to inform the responses of a reactive prosthesis.



Chapter 2

BACKGROUND

Activity recognition has been under investigation for decades. As such, there exist many
methods of performing activity recognition. Here, research related to activity detection in
the community of prosthesis users is discussed. Relevant methods of activity classification

are covered. Finally, the use of accelerometers in activity recognition is detailed.

2.1 Activity Recognition for Prosthesis Users

Previous methods for measuring prosthetic use outside of a gait laboratory or clinic include
self-report surveys and personal activity monitoring devices (e.g., pedometers and step
activity monitors). Self-report surveys have been used to quantify frequency and duration
of prosthetic use [47]. However, self-report of activity among persons with limb loss has been
noted to be unreliable when compared to a step-activity monitor [61]. Pedometers and step-
counters have been used to objectively measure step-activity of persons wearing prostheses
over extended periods of time [8, 23, 51, 61, 16, 11, 46]. While these sensors accurately
measure gait activities, they are unable to provide information about body postures that
may also be part of a person’s habitual activity [21].

Prosthetists are increasingly turning to automated monitoring systems to record and
classify the actions and activities performed by a person with an amputation. Much of this
research is focused primarily on ambulation related parameters. Automated monitoring
techniques have been used on persons with lower limb amputations to quantify step counts
[22], estimate ambulation time [60], and describe gait patterns [58]. Algorithms have also
been developed to identify locomotion and posture of individuals with an amputation from
sensor data obtained over short time periods (i.e., up to several hours) [6, 9, 51, 44].

While prior studies have demonstrated the potential for activity and posture classifi-

cation based on data from body-mounted sensors, there remain challenges to clinical use



such as need for multiple sensors, subject donning requirements, low storage capacities, and
short battery lives. Currently available sensors are also often restricted to short-term appli-
cations and/or require adherence to specific user protocols. Accordingly, more user-friendly

and clinically-relevant solutions are needed to overcome these challenges.

2.2 Activity Recognition Methods

Automated activity monitoring is an important tool used in a variety of medical fields. It has
been suggested as a technique that can be used to monitor recovery after surgery, to detect
falls, to characterize types of gait, and to monitor activity levels for exercise. It has also
been used with active medical devices, such as pacemakers, to inform the functioning of the
device in real-time [28]. The majority of the methods investigated for activity monitoring
make use of a machine learning algorithm that interprets data gathered from one or more
sensors mounted on a persons body. Rule based systems have also proven popular [30].
Rule based methods are discussed because of their popularity and the ease with which
they can be understood and implemented. K-Nearest Neighbor methods are discussed for
their simplicity and general accuracy. Hidden Markov Models are discussed because their
ability to account for structure in the series of activities performed may improve classification

accuracy significantly.

2.2.1 Rule based methods

Rule based classification methods make use of ad hoc heuristics and tests to determine the
activity being performed using sensor data. These rules may be learned by some algorithm
or constructed by hand by researchers [30]. Classification is performed by testing a dataset
against the rules, which are often organized in a tree structure [39]. In general, there is one
or more rule for each type of activity that is to be classified. There may also be a default
"unknown” class to account for the case when all individual tests are inconclusive.

These methods are appealing to researchers because they are easy to understand and
interpret. It may be clear that a duration of data is classified as walking, for example,

because that duration had strong periodic structure. This may be one of the biggest reasons
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Figure 2.1: The general structure of a rule-based classification system. Each class is deter-
mined by a separate heuristic.

for the popularity of rule-based methods, since it can often be difficult to determine why a
particular classification was made with machine learning methods.

One of the primary difficulties of rule based methods is determining the rules in the
first place. This is often a task performed manually by researchers, which can be a labor
intensive process. To do this, researchers must interpret the data themselves and determine
what different heuristics may be used to classify data. Manually determined classification
rules may be more appealing to researchers than automatically determined classification
methods because the manually determined algorithms may generalize to different people
more easily [30]. This may naturally avoid over-fitting the classification algorithms, which
may occur when a classification algorithm performs well on training data but not on new
data (a common problem with machine learning methods).

Previously developed rule-based classification systems [30, 39, 27] have analyzed ac-

celerometer data to determine the activities and postures of able-bodied and amputee sub-



jects. These systems used a sliding window to create sequential segments of data that could
be classified as belonging to a single activity or posture of interest. The classification system
in [39, 27] uses a hierarchical set of tests (Figure 2.1). The high level activity is identified
first, and sub-activities are then determined based on the high level activity. This form of
rule based classifier treats sequential activities as independent, although this is not required

of rule based systems.

2.2.2 Machine Learning Methods

Supervised machine learning methods can be used to automatically determine the class of
a piece of data based on sample data. In general, this is done by training an algorithm
on manually classified data in such a way that the algorithm can accurately recognize new
data as coming from one of the labeled sets [37]. To ensure that the trained classifier can
accurately classify new data, it must be tested on data that it was not trained on. This
can be done by separating the training data into two sections, training on one section and
then testing on the other [50, 37]. In order to simplify this process, the ad hoc generation of
features used in rule based methods is often formalized by generating feature vectors from
the data and training the algorithm on those feature vectors. One or more transforms are
often used on input data to reduce its dimensionality before doing the comparisons. This
can dramatically reduce computation time and improve classification accuracy [50, 30, 37].

Here, two machine learning methods commonly applied to classification of data are

considered.

K-Nearest Neighbor

The K-Nearest Neighbor (KNN) algorithm is a method of estimating the class of some input
vector by comparing it to pre-classified data vectors. The data in each vector can be any
number of values that describe an event. In this algorithm, no computation is done on
the training data. Instead, each feature vector in the training data is treated as a point in
parameter-space. Ideally, the training data is such that it separates naturally into distinct

clusters in that parameter-space. Classification of new data is performed by identifying
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Figure 2.2: Identification of a single point using the KNN algorithm. In this case, the
unknown point, represented by a circle, is compared to three nearest neighbors. Because
the majority of the nearest neighbors belong to the square class, it is also classified as a
square.

which cluster in parameters space best represents the new input vector [37].

The identification of the most representative cluster is accomplished by comparing a new
data vector to each of the training vectors. The distances between the input vector and all
pre-classified vectors are computed using the Euclidean distance formula

di = /3 (Si - X)?

where d; is the distance between points, S; is the i-th pre-classified vector, and X is
the input vector. The closest K of these pre-classified points are used to construct a class
estimate. The class estimate can be determined by simple majority voting or weighted
majority voting. In simple majority case, an input vector is determined to belong to the
class that most of the near points belong to (Figure 2.2). In the weighted voting case, the
importance of any of the neighbors is weighted by the distance, ensuring that nearer samples
contribute more to the final determination of the class.

In using the KNN algorithm to classify activities from a time series, the time series must
be broken up into windows (much like the rule based methods above). These windows are

then treated as being independent, as the KNN algorithm cannot make use of correlations



between subsequent windows. This may be valid if the features used for classification
separate the classes enough in parameter space.

The KNN algorithm has previously been used to classify data from wearable sensors as
being from a certain type of gait. One study made use of the KNN algorithm to differentiate
between healthy and impaired gait [5]. That study used a head-mounted accelerometer to
monitor subjects with simulated and real abdominal surgeries. It was found that a KNN
approach applied to features generated after performing independent component analysis
on the data was able to approach 100% classification accuracy. Another study has shown
that it is possible to generate features which well-separate accelerometer data collected from
the trunks of subjects as they walk on level ground, walk up stairs, and walk down stairs

[57).

Hidden Markov Models

Hidden Markov Models, or HMMs, are dynamic graphical models in which each discrete time
unit is modeled as an observed feature variable that depends upon a hidden state variable
(Figure 2.3). The sequence of hidden variables forms a Markov Chain, while the observed
variables are random variables that depend only on the state of the associated hidden
variable [49, 37]. HMMSs can be characterized by the transition matrix of the associated
Markov Chain and the statistics determining the observed variables.

Both the observable and hidden variables may be known, in which case the parameters
of the HMM can be learned via expectation maximization [42, 37]. Once the parameters
of the model are known, a number of algorithms exist that can determine the most likely
sequence of hidden states to explain a sequence of observed variables [37].

The observed feature vectors in an HMM can be treated as multi-dimensional Gaussian
random variable. The state of the hidden variable determines the statistics of the observed
distribution (i.e., the mean vector and covariance matrix of the observed distribution).

Due to the intrinsic Markov chain of an HMM, the correlational structure of a time series
can be taken into account when performing classification. Subsequent windows of data are

not seen as independent, as in the case of the KNN algorithm. For data in which one type
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Figure 2.3: The graph describing a Hidden Markov Model. In this case, the S variables
represent the state, or the activity being performed at a given time. The O variables
represent the associated accelerometry observations.

of class follows another consistently (e.g., when sitting is consistently followed by a stand

transition) this can improve accuracy significantly.

Classification of data using an HMM is often performed by first constructing observation
feature vectors for windows of data. The Viterbi algorithm is then used to find the most
likely sequence of states that could have generated those feature vectors [37].The Viterbi
algorithm makes use of a two pass recursion where the entire dataset is taken into account.
This allows for very accurate classifications, but it can only be done post hoc. Online
classification, in which only current and past data are taken into account, can be performed
using a similar algorithm [53].

In activity recognition applications, clinicians and researchers are often interested only
in the activities of a subject over a given period of time. In this case, the offline Viterbi
algorithm is satisfactory. If classifications are desired in real-time, for example if they are
used as inputs to an active prosthesis, the online classification algorithm must be used. The
decrease in classification accuracy of the online algorithm is application dependent, and

must be determined experimentally.
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People’s daily activities can be modeled as an HMM in which the hidden variables are the
activities performed by the subjects and the observed variables are feature vectors generated
from sensor data. HMMs have been used to determine activity from data from multiple
body worn sensors [34, 35]. That system used a number of static classifiers to produce a
first order activity estimate, and the output of those static classifiers was used as feature
vectors for an HMM to provide temporal smoothing and increased accuracy.

The process of using a static classifier (such as a KNN) to provide input to an HMM
can improve classification accuracy. Static classifiers may incorrectly classify very short
durations (e.g., one or two windows) of activity. Using an HMM on the output of the static
classifiers acts like a low pass filter, removing the high frequency changes and very short
duration classifications. This ”smoothing” action can bring the durations of the classified
activities closer to the true durations of activities performed, thus increasing classification

accuracy.
2.3 Use of Accelerometers in Activity Recognition

Quantitative monitoring of human movement and posture has been investigated through
the use of numerous different sensors. These include sophisticated kinetic measurement
systems [21], force sensitive resistors (FSRs) [52], footswitches, and accelerometers [22].
Many of these methods, such as FSRs and kinetic measurements systems, have high power
requirements. Others, such as footswitches, are only capable of measuring specific types of
activities.

While a variety of sensors have been used for activity recognition in both able-bodied
and trans-tibial populations, the most commonly used sensor may be the accelerometer.
Accelerometers have been used to quantify activity levels [9, 62|, measure daily postures
and movement [7, 39], and to analyze gait [58, 51, 29].

Accelerometers are devices that are capable of measuring linear acceleration along an
axis. Recent advances in Micro Electro-Mechanical systems (MEMS) have enabled the
miniaturization of accelerometers [66]. Off-the-shelf products are now available that contain
three orthogonal MEMS accelerometers in a package smaller than the size of a dime [66].

These accelerometers are also able to operate on very low power budgets, making them
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suitable for long term activity monitoring [22].

Because they measure both gravitational acceleration and acceleration due to motion,
3-axis accelerometers can be used to monitor stationary postures and dynamic movements.
When the measured acceleration is constant and of magnitude equal to 1g, it can be assumed
that the accelerometer is stationary with respect to the earth. The orientation of the
accelerometer can then be determined from the direction of the acceleration. This can be
used to determine, e.g., the posture that a person has assumed [22].

When an accelerometer undergoes motion, the resulting acceleration signals can be used
to infer information about the type of motion. At the most basic level, simple thresholds on
statistics such as mean, standard deviation, or skewness have been used to determine when
instrumented humans are moving and what type of motion they are engaging in. Frequency
domain methods, such as the Discrete Fourier Transform or the Wavelet transform, have
also been used to determine quality or type of motion [22, 4, 18].

Several design criteria must be addressed when using accelerometers in activity recog-

nition applications [22, 29]. These are

1. the location of the accelerometer
2. the orientation of the accelerometer
3. the dynamic range of the accelerometer

4. the attachment of the accelerometer to the body segment

The position and orientation of the accelerometer must be chosen such that the postures
of interest can be differentiated using stationary accelerometer signals. The accelerometer
must also experience acceleration due to the motions of interest. The dynamic range of
the accelerometer must also exceed the accelerations to which it may subjected. The range
of acceleration a sensor on a limb may see during walking is approximately £5G, while
the range of acceleration induced by running is approximately £10G [29]. Finally, care
must be taken in attaching the accelerometer. Ideally, it will be firmly affixed to a limb

segment or body part to minimize noise and spurious accelerations. Connection of the
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sensor in a location that is near a bone and not over a soft tissue can also minimize spurious
accelerations.

Several commercial products are currently available that perform activity monitoring
using body-mounted accelerometers. Some of these are meant primarily for consumer exer-
cise monitoring (e.g., Nike+ Fuel Band [43], FitBit [20], Jawbone UP [26], and applications
available for modern smartphones [3]). Many of these consumer monitors track only ac-
tivity, and do not track posture. They are also often unable to provide the raw data for
analysis, and instead provide only summary statistics. Other activity monitors are specif-
ically meant for research and clinical applications. These include the ActiLife ActiGraph
GT3X+ and the OrthoCare StepWatch. Both the GT3X+ and the StepWatch have been
used in a number of clinical studies [23, 51, 61, 22, 11, 46].

These accelerometer based monitoring systems are primarily designed with the goal
of monitoring calorie expenditure and duration of activities. While some of the systems
are capable of monitoring body postures, they must be properly mounted to the trunk of
the body to do so. This limits their use to individuals who are likely to correctly attach
the accelerometer. If the accelerometer is not properly attached, the data obtained from
the sensor may produce incorrect classifications. Because both posture and activity have
an impact of the volume of the residuum in people with lower-limb amputations, a new

monitoring method is needed.
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Chapter 3

APPROACH

Several systems were designed and tested to assess their ability to accurately classify data
from a single prosthesis-mounted accelerometer as doffed, sitting, standing, or moving. An
in-lab study was performed on a number of people with trans-tibial amputations. Subjects
who participated in the study were asked to engage in a certain set of activities while the
accelerometer was attached to their prosthesis. The data gathered during this protocol were

used to train and validate activity classification systems.

Three different classification algorithms were investigated to assess the differences among
them. A rule-based system was chosen because it is most intuitive to prosthetists and
clinicians. As such, it may be more likely to be accepted for use than methods that are
less intuitive. Two machine learning methods were investigated. The KNN algorithm was
chosen for its simplicity and ease of implementation. Should it prove most accurate, it
may be improved upon by using support vector machines or similar methods. A Hidden
Markov Model was also assessed to investigate the impact of correlation between sequential
activities. KNN and related methods assume all activities are independent of activities at
other times, while an HMM model can take into account that some activities often occur

in a specific order.

The overall classification accuracy of each method was calculated, and sensitivity analy-
ses were performed on selectable model parameters. The rule-based and KNN systems treat
activities as being independent, and thus operate equivalently for both offline and online
processing. The HMM system was tested in both offline and online processing modes to

determine the usability of a HMM for different applications.
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3.1 Sensors

The proposed algorithms will all operate on data from any accelerometer that meets the
sensitivity and range requirements. ActiLife ActiGraph GT3X+ accelerometers were chosen
for an in-lab study due to their broad acceptance by the medical field. The GT3X+ device
is commonly used in clinical activity monitoring tasks, and would therefore make adoption
of this system by prosthetists straightforward. The GT3X+ is also capable of operating for
long periods of time due to the high battery and storage capacities. This allows a direct
implementation of the activity classification method for long term monitoring should the
classification methods prove accurate on the in-lab study data. Furthermore, the GT3X+
has a small form-factor and is lightweight. This will ensure that the device does not impact
the gait of the prosthesis user [15, 25]. It also means that the device is easy to cover with
pants if the prosthesis user does not want to display the fact that they wear a prosthesis or
other medical devices.

The GT3X+ (Figure 3.1 has a £6G (gravitational acceleration) dynamic range, 0.00293G
resolution, 100Hz maximum sampling rate, up to 31 days of battery life, and up to 40 days
of data storage. A dynamic range of £6G has previously been found to be acceptable for
quantifying movement patterns during walking, but not running [33, 29]. The ActiGraph
accelerometer is packaged in a 4.6x3.3x1.5cm water-resistant enclosure and weighs 19 grams.
A 40Hz sample rate was used in the experiments because the frequency content of gait is
primarily below 20Hz [2, 1]. At this sampling rate, the GT3X+ accelerometer is capable of
recording data for up to 30 days.

The GT3X+ accelerometer was applied to each subject’s own prosthesis to measure limb

segment accelerations during the in-lab study.

3.2 Subject selection

Persons with trans-tibial amputations were recruited to test the developed classification
algorithm in a semi-controlled activity protocol. All subjects were recruited from local
prosthetic clinics, peer support groups, and hospitals. Subjects were considered if they were

between the ages of 18 and 65 and had either unilateral or bilateral trans-tibial amputa-
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Figure 3.1: The GT3X+ accelerometer.

tion. To ensure that the subjects would be able to complete the activity protocol, included
subjects were required to have an ambulatory ability of at least Medicare Functional Clas-
sification Level (MFCL) 2 (limited community ambulator) [10]. Before taking part in the
study, a research prosthetist evaluated each subject to ensure that they had the ability to
complete approximately an hour of walking with frequent rests. Subjects were also required
to be at least two years post-amputation and to have a healthy residual limb with intact
skin.

Volunteers were excluded if they had a body weight over 120 kg. They were also excluded

if their residual limb showed evidence of recent or current skin breakdown.

3.3 Experimental Protocol

Subjects provided informed consent prior to participation. All procedures were approved
by a University of Washington Institutional Review Board (IRB) before study procedures
were initiated.

One accelerometer was attached to the subject’s prosthesis, proximal to the foot. Posi-
tioning the accelerometer at this location, instead of one more proximal, ensured the sensor
was subjected to high accelerations (i.e., received a strong signal) during leg motions. The
sensor was oriented with the positive x-axis along the limb axis and the positive z-axis in the
medial-lateral direction (Figure 3.2). The accelerometer’s sample rate was set to 40Hz. A

40Hz sampling rate was deemed acceptable as most of the energy in gait is concentrated be-
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Figure 3.2: Accelerometer attachment and orientation. The accelerometer was connected
securely to the subjects pylon with the z-axis facing in the medial-lateral direction and the
x-axis facing in the long direction. The accelerometer was attached using sticky tape, and
further secured using elastic.

low the resulting Nyquist frequency of 20Hz [2, 1]. Using a sample rate of 40Hz, rather than
a higher rate typically used in gait laboratories, maximized the duration of data collection

and still allowed for the identification of relevant gait events.

An experiment was performed to assess the accuracy of algorithms designed to classify
use of prostheses as 1) movement (e.g., walking, using stairs, or transitioning from one
posture to another), 2) standing (i.e., upright standing posture with minimal movement),
3) sitting (i.e., seated posture with minimal movement), or 4) doffed (i.e., prosthesis not
being worn) based on data from the pylon-mounted accelerometer. These activities were

chosen because they are likely to be of interest to prosthetists and prosthetics researchers.

Knowledge of when a prosthesis is doffed will allow prosthetists and researchers to calcu-
late total wear time, which is important in determining the subject’s overall quality of life.
Recent research [55, 54] has revealed that sitting and standing may have different effects on
the residual limb, and it is therefore of interest to differentiate these activities. Movement

is of interest because it can be used to determine how active a person is, which is impor-



18

tant in determining the quality of their prosthetic device. The decision was made not to
focus on differentiating walking from running or using the stairs, and to treat all of these as
movement. This was done because many other studies have focused on that classification
problem, and those methods could be used here [22, 58, 51].

Subjects were asked to perform a pre-defined activity protocol that included walking over
level ground (i.e., an indoor hallway); sitting on office chairs, sofas, or benches; standing;
ascending and descending stairs; and doffing and donning the prosthesis. These activities
were deemed to be most representative of the activities of clinical interest to prosthetists.

Subjects were asked to sit in each type of seat at least three times, stand and walk
the hallway at least five times, use the stairs at least once, and doff/don their prosthesis
once. Each time the subject performed an activity in the test sequence, they were asked
to perform it for at least 60 seconds. Subjects were asked to perform the sequence in a
set order, but were asked to engage in each activity, posture, or don/doffing action as they
normally would (i.e., no instructions were given for walking speed, sitting posture, etc.).
Subjects were visually monitored while they performed the test sequence. A researcher
followed and timed each subject with a stopwatch to capture when subjects started and
stopped each type of movement, posture, or don/doffing action. This record was used for

ground-truth comparisons.
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Chapter 4

IMPLEMENTATION

Here we discuss the detailed characteristics of acceleration signals obtained from a pylon-
mounted accelerometer. The differences in acceleration data produced by different activities
are emphasized. Next, the design and implementation of the three different classifiers is
discussed. The rule based system is described, the features used for the machine learning

system are described, and the machine learning systems themselves are discussed.

4.1 Characteristics of acceleration data

Acceleration signals from a pylon-mounted sensor show several differences based on the
activity being performed by the prosthesis user.

When the prosthesis is off, the orientation of the prosthesis is arbitrary but constant.
A person may leave their prosthesis standing upright, on its side, or leaning against some
object. Therefore orientation cannot be used to determine the doffed status of a prosthesis.
Because the prosthesis is stationary, the signal magnitude area (SMA) measured while a
prosthesis is doffed will be zero (neglecting noise).

When a person is wearing their prosthesis and sitting or standing still, the orientation
of the prosthesis gives strong information about what activity is being performed. In both
positions, the prosthesis will most likely be upright. This being the case, the acceleration
in the axial direction will be within a small range. The anterior-posterior accelerations also
often differ between sitting and standing. In general, a person sitting will place their foot
forward, whereas a person standing will place their foot directly underneath their center
of gravity (Figure 4.1). This allows the differentiation of sitting and standing in many
circumstances.

While people place their feet forward while sitting and upright while standing in general,

it is by no means guaranteed. People may place most of their weight on their unaffected
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Figure 4.1: Pylon and thigh acceleration signals over a sixty second period when the subject
was sitting, had doffed their prosthesis and placed the foot flat on floor (the reference
position), or was standing.

limb while standing and hold their prosthesis in an unexpected orientation. If a person is
sitting, they may bend their leg back behind their knee, especially if they are sitting in
a higher than average chair. This variability complicates the identification of sitting and
standing, as the orientation alone may not be enough to differentiate sitting from standing
consistently.

Another difficulty that may negatively impact the ability of a classifier to recognize
sitting and standing is that people do not remain still in these positions. People will shift
back and forth, move their feet around, and generally adjust their posture over time to
remain comfortable. This may introduce short periods of higher than normal SMA into a

period that should be classified as all walking (or standing).

When a person is walking, the acceleration signals show an approximately periodic

signal (Figure 4.2). Axial and medial-lateral accelerations both show large, slow changes
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in acceleration while a foot is swinging, and sharp spikes of acceleration when a foot leaves
the floor or lands. The axial acceleration shows changes of approximately 2 G during
walking, while the anterior-posterior acceleration shows changes of 3 to 4 G. Medial-lateral
acceleration is much less affected by walking, and shows spikes of approximately 1 to 2 G
only when the foot hits the ground after a step.

The SMA of accelerometer data ranges from 0 during doffed up to between 0.6 and 2
during walking (Figure 4.3). During a transition from sitting to standing or vice-versa, the
SMA ranges from 0.1 to 0.8. During standing or sitting, the SMA is often quite low. When
subjects shift their weight or move their legs, the SMA may increase to approximately that

of a transition in activities.

4.2 Data Analysis

To assess the suitability of the three different classification methods for activity recognition,
we analyzed their performance on manually labeled datasets in which the ground truth
of activity was known. The activities predicted by each classifier were compared to the
true activity to determine the expected accuracy of the classifiers. Accuracy values were
computed by calculating the percent of correctly classified windows of data. The true class
of a window of data was set to be the class most prevalent in that window. All data analysis

was performed using MathWorks Matlab 7.12.0 software and the Graphical Models Toolkit.

4.2.1 Rule based analysis

Raw acceleration data, such as those shown in Figure 4.2, obtained from the GT3X+ ac-
celerometer were post-processed using a custom algorithm. No filtering was performed on
the data. Data were buffered into short windows with an overlap of 50%. Window length
was experimentally determined as described below and set to 50 samples (i.e., 1.125s).

A binary decision tree (BDT) algorithm [39] was designed to classify the windowed
data. Data from all three axes of the accelerometer were used to determine if the subject
was active, stationary (i.e., sitting or standing), or had doffed the prosthesis. Determination

of posture was performed using only the anterior-posterior data of the accelerometer.
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Figure 4.4: The binary decision tree algorithm used for activity and posture classification.

The BDT (Figure 4.4) used SMA to determine if the prosthesis was moving or stationary
within each window. SMA was calculated by subtracting the mean of each accelerometer
axis from each data point for that axis, integrating the absolute value of the result over a
full window, and dividing by the window size. This method has previously been used to

detect activity levels [38, 22, 14, 18]. SMA was evaluated using the following equation:

SMA = L350 |Xi — px| + Y — py| +1Zi — pzl

n

The developed algorithm required several subject-specific parameters for calibration.
First, the accelerometer’s location (i.e., left or right leg) was required to correctly orient
the accelerometer’s anterior-posterior axis; the axial direction did not change and the y-
axis of the accelerometer rotated with leg change to remain pointing in the lateral direction.
Second, the accelerometer’s inclination while the prosthesis was doffed and standing upright

with the foot on the floor was required. This doffed position served as a reference to
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differentiate sitting and standing postures. This strategy was effective because the anterior-
posterior inclination angle (with respect to the vertical axis) was found to be greater than

the doffed reference angle for sitting and less than it for standing (Figure 4.1).

Two activity thresholds were used to guide classifications. The lower and upper activity
thresholds were experimentally determined via a sensitivity analysis using the laboratory-
based experiment data as described below. These thresholds were set to 0.01g and 0.1g,
respectively. When SMA was below the lower threshold, the subject was deemed either to be
stationary or to have doffed their prosthesis. When SMA remained below the lower threshold
for more than 320s, the prosthesis was considered doffed. The parameters to determine if
the prosthesis was doffed were chosen based on the observation that subjects in stationary
postures during the first experiment were not completely immobile for the full length of time
they were in the posture, but further research will be needed to validate those parameter
choices. Otherwise, the prosthesis was assumed to be donned and windows were classified as
a stationary posture (i.e., standing or sitting). When SMA was between the lower and upper
thresholds, the accelerometer data from that window were averaged to find the inclination
[31]. Inclination was then compared to the subject’s reference inclination to determine if
the subject was sitting, standing, or doffed (Figure 4.4). If the prosthesis was oriented in
a way that did not correspond to one of those postures, indicated by the inclination being
outside of a range that could be obtained by a sitting or standing individual, the window
was classified as unknown. Lastly, when SMA exceeded the upper threshold, the subject
was considered to be engaged in movement.

A sensitivity analysis was performed on the three experimentally-determined parameters
of the classification algorithm. Window size, upper activity threshold, and lower activity
threshold were varied to determine the optimal values described above and to assess the

sensitivity of the results to changes in those parameters.

4.2.2  Machine learning analysis

Data from the experiments were used to train the machine learning classifiers. Both machine

learning algorithms under investigation in this study were tested using leave one out cross-
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validation [37]. Two different training and testing regimens were used to determine the

generalizability of these algorithms.

First, the algorithms were trained using data from all but one of the subjects. That
subject’s data was then used to test the resulting classifiers. The classifiers were used to
produce predicted activities, which were compared to the true activities of that dataset.
This was repeated such that data from all subjects was used for testing. The results of this
testing approach revealed how generalizable the algorithm is to subjects that have not been
seen before.

The second training and testing regimen was intended to determine the effect of adding
personalized training for each subject. Each subject’s experimental dataset was split into
two halves, and the classification algorithms were trained on all but one of the resulting
datasets. The resulting classifier was thus trained on data from other subjects and also data
from the subject whose data was being classified. The final dataset was used to validate
the accuracy. This was repeated until each of the datasets had been used to validate the
models. Each subject thus had two sets of results: one for the first half of their dataset and
one for the second. These accuracy values were averaged to produce the overall accuracy in

classifying data from that subject using a personalized approach.

Selected Features

Prior to classification, the accelerometer data was processed to produce features that were
representative of the activities being classified. If the accelerometer had been placed on the
subject’s left leg, the anterior-posterior data (y-axis of the accelerometer) was multiplied by
-1 before generating features to account for the rotation of the accelerometer.

The acceleration data was then split into windows with 50% overlap. Choice of window
length was determined through a sensitivity analysis for the KNN method, and the window
size was set to the same as that for the rule-based method for the HMM method. A feature
vector containing 6 features was then generated for each window of data. The features were
chosen for their expected ability to differentiate the activities of interest.

The six features chosen were:
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1. anterior-posterior axis orientation

2. medial-lateral axis orientation

3. axial axis orientation

4. SMA

5. peak frequency of the data

6. stationary duration

Orientation values were calculated for all three axes. These values made use of a pre-
recorded orientation of the prosthesis in an upright and doffed position. This was done to
account for any difference in angle for different prosthesis pylons. This also simplified the
attachment of the accelerometer to the pylon, since small inaccuracies in attachment would
be removed by shifting the acceleration values. To calculate the orientation value for a given
axis, a subject-specific measurement of doffed orientation for that axis was subtracted from
the mean value of the accelerometer data. The result was then normalized such that the
maximum acceleration value, 6 G, would correspond to a feature value of 1.

Signal Magnitude Area, or SMA, was calculated for each window to provide a measure
for the amount of movement the accelerometer was experiencing.

The frequency most representative of the data was also included in the feature vector.
This frequency was calculated by taking the 128 point Discrete Fourier Transform of the
data. The frequency that contained the largest magnitude was included in the feature vector
after being normalized to the Nyquist frequency of 20Hz.

To provide information about whether the prosthesis was doffed, a feature was calculated
that is similar to the SMA threshold duration of the rule based method above. If the SMA
is below a set threshold for more than a certain number of windows, this feature was set to
1, otherwise it was set to 0. This feature cannot be calculated from only the data available
in the current window, it requires information about past (but not future) windows. The

SMA threshold for this feature was chosen to match the optimal lower threshold found for
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the rule based method. The number of windows the SMA must be below the SMA threshold
for this feature to trigger was chosen to be 5, although more research is needed to validate
this number.

This feature cannot be calculated from only the data available in the current window,
it requires information about past (but not future) windows. The SMA threshold for this
feature was chosen to match the optimal lower threshold found for the rule based method.
The choice of how much to shift the arctangent function was made to ensure that short

periods of time without movement had a large difference from long periods.

K-Nearest Neighbor

The K-Nearest Neighbor algorithm was used to classify feature vectors generated as de-
scribed above. Simple majority voting was used to determine the predicted classification
from the class of the nearest neighbors. A sensitivity analysis was performed to determine
which value of K was optimal. A subsequent analysis was performed to determine what
window length was optimal. The optimal values for K and for window length were then
used to determine the classification accuracy of the KNN algorithm on a set of manually

classified data.

Hidden Markov Model

A Hidden Markov Model was used to investigate the effect on classification accuracy of
taking into account the temporal correlations in the activities performed by subjects. There
is some preliminary evidence that the geometric distribution that HMMs use to represent
activity durations may match the durations of stationary activities, though it may be a
poor fit for the doffed and motion activities [45].

The Graphical Model Toolkit (GMTk) was used to train an HMM with the experimental
data. The experimental data was buffered into overlapping windows, and feature vectors
were generated for the windows as described above. The window length was chosen to be
the same as that used for the KNN validation.

Observations in the HMM were represented as multi-dimensional Gaussian mixtures.



28

The means, variances, and number of components for each mixture were determined through
expectation maximization. The transition matrix for the associated Markov chain was also
determined through expectation maximization.

Both offline and online validation were performed for each dataset. Offline state predic-
tion, using the Viterbi algorithm, determines the most likely state of each hidden variable
based on all observations. Online state prediction, using a variant of the alpha recursion,
determines the most likely state of each hidden variable based only prior and current ob-
servations.

These investigations into the accuracy of an HMM for the purposes of activity recognition
should be seen as preliminary steps. There exist many types of dynamic graphical models
(DGMs) other than HMMs that may also perform well. Furthermore, the use of HMMs (and
other DGMs) to smooth the classification output from other classifiers may also be beneficial.

Many avenues remain open to investigate the use of DGMs for activity recognition.
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Chapter 5
RESULTS

The experimental protocol was run on eleven subjects with a trans-tibial amputation.
The BDT, KNN, and HMM classification algorithms were run on the resulting datasets.
All of the algorithms were capable of detecting active movement with greater than 95%
accuracy. All methods classified sitting, standing, and doffed with lower accuracy. These
stationary classes were confused with each other. The different methods classified data
from subjects with differing levels of accuracy, and some subjects produced data that was

accurately classified by one method but not by another.
5.1 Participant Demographics

Eleven subjects (nine male and two female) were recruited to participate in data collec-
tion protocol (Table 5.1). All subjects had a unilateral trans-tibial amputation. Subjects’
mean age was 53 (SD=12), mean weight was 90.4 kg (SD=11.7 kg), mean height was 178.0
cm (SD=7.8 cm), and mean time since amputation was 19.6 years (SD=18.4 years). Sub-
jects were classified as MFCL-2 (n=4), MFCL-3 (n=5), and MFCL-4 (n=2) by the study

prosthetist based on interview and clinical evaluation.
5.2 Classification Accuracy

5.2.1 Rule based method

Window lengths from 20 to 200 samples were tested to determine the effect of window
length on classification accuracy. The algorithm had a maximum classification accuracy at
approximately 50 samples per window (Figure 5.1).

Accuracies for classifications derived using lower activity thresholds between 0.001 and
0.02 G and upper activity thresholds between 0.01 and 0.2 G were computed. It was found

that if the activity thresholds were low, accuracy decreased substantially because stationary
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Table 5.1: Subject demographics.

Years Since

Subject || Limb Sex Age Etiology Amputation Weight (kg) height (cm) MFCL
1 r m 69 trauma 47 99.5 182 3
2 r m 58 trauma 5 80.9 177 4
3 1 f 56  trauma 9 100.0 167 2
4 T m 31  infection 2 88.7 170 3
5 1 m 49 tumor 12 108.5 177 2
6 1 m 49  trauma 22 100.0 182 4
7 1 m 36 trauma 2 98.2 190 3
8 r f 65  trauma 58 78.4 167 2
9 1 m 53 trauma 6 109.5 183 2
10 1 m 51 trauma 5 85.3 165 3
11 1 m 27  trauma 7 110.0 178 3
Mean 49.4 15.9 96.3 177
SD 11.1 18.9 10.4 8
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Table 5.2: Classification accuracy for all subjects using the rule-based and KNN methods.

Personalized

Subject || Rule Based KNN KNN
1 99.6 95.8 96.0

2 96.8 94.0 94.4

3 90.0 83.0 83.9

4 99.1 90.8 91.0

5 96.2 84.5 89.3

6 97.5 94.9 95.1

7 99.3 94.4 95.2

8 94.0 91.7 92.3

9 81.2 90.6 90.8
10 84.6 92.1 92.4
11 78.7 85.6 96.1
Mean 92.5 90.7 91.5
SD 7.3 4.2 3.7
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Figure 5.1: Sensitivity of the rule-based classification algorithm to the choice of window
length.

postures (e.g., standing or sitting) were classified as active use (Figure 5.2). As thresholds
increased from their optimal value, accuracy dropped off due to periods of activity being
mis-classified as sitting, standing, or doffed. Maximum accuracy was achieved for the pylon
data classification algorithm using a 0.01 G lower threshold and a 0.11 G upper threshold.
Maximum accuracy was achieved for the pylon and thigh data classification algorithm using
a 0.01 G lower threshold and a 0.11 G upper threshold. These optimal thresholds were used

in all subsequent analyses.

Overall classification accuracy for each subject ranged from 78.7% to 99.6% (Table 5.2).
Mean classification accuracy was 92.5% (SD=7.3%). The most commonly mis-classified
body posture was sitting, which was typically mis-classified as standing. The confusion
matrix (Figure 5.5) shows the percentage of actions that were classified correctly or mis-
classified as other activities. The rule-based classification algorithm classified activities for

subjects 1 through 8 with accuracy of 90.0% or above. Subjects 9, 10, and 11 produced
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data that was classified with lower accuracy, ranging from 78.7% to 84.6%.

5.2.2  Machine learning results

The machine learning methods had slightly lower classification accuracies than the rule
based method, but they all had lower variance. Personalization improved classification
accuracy slightly for the KNN algorithm and substantially for the HMM algorithm. The
offline HMM method classified activities with slightly higher accuracy than the online HMM
method.

K-Nearest Neighbor

Values of K from 1 to 50 were tested to determine the effect that the number of nearest
neighbors considered had on classification accuracy. It was found that personalized accuracy
increased with K from 1 to 20 and decreased for higher (Figure 5.3). The value K=20 was

used for all subsequent analysis.

Window lengths from 30 to 150 samples were tested to determine the effect of window
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Figure 5.4: Sensitivity of the KNN algorithm to the choice of window size.

length on classification accuracy. The algorithm had a maximum personalized classification

accuracy at 88 samples per window (Figure 5.4).

Overall classification accuracy for each subject using the general K-Nearest Neighbor
algorithm ranged from 83.0% to 95.8% (Table 5.2). Mean classification accuracy was 90.7%
(SD=4.2%). Classification accuracies for all but three subjects were higher than 90.0%.
Subjects 3, 5, and 11 had lower classification accuracy. Accuracy for these subjects were
83.0, 84.5, and 85.6 % respectively. The most commonly mis-classified activity was sitting,
which was typically confused with standing. The confusion matrix (Figure 5.5) shows the

percentage of actions that were classified correctly or mis-classified as other activities.

For the personalized classifier, mean accuracy was 91.5% (SD=3.7%). This is 0.8%
higher than the generalized classifier. Classification accuracy increased for all subjects.
Subjects 3 and 5 still had classification accuracies below 90%, but subject 11 classification
accuracy increased by over 10% to 96.1% correct. The confusion matrix (Figure 5.5) shows
that the confusions for all activities decreased(accuracy increased). Sitting is still the most

commonly confused activity, and it is still most often confused with standing.
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Figure 5.5: Confusion matrices for the rule-based and KNN classification methods.
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Table 5.3: Classification accuracy for all subjects using the HMM methods.

HMM  Personalized HMM  Personalized

Subject || Offine HMM Offline Online HMM Online
1 96.8 97.3 95.0 95.1
2 93.7 96.3 95.1 95.3
3 90.3 83.4 79.9 82.1
4 89.3 93.2 92.3 93.1
5 78.3 89.9 73.8 89.5
6 94.7 93.7 93.8 91.1
7 80.0 96.5 85.7 95.7
8 88.2 90.6 89.2 90.0
9 86.6 92.9 84.8 90.0
10 93.5 93.5 90.2 91.3
11 79.9 85.5 84.7 83.6
Mean 88.3 92.1 87.7 90.6
SD 6.2 4.2 6.4 4.2

Hidden Markov Model

Overall classification accuracy for each subject using the generalized offline HMM algo-
rithm ranged from 79.9% to 96.8% (Table 5.3). Mean classification accuracy was 88.3%
(SD=6.2%). The most commonly mis-classified activity was sitting, which was typically
confused with standing. The confusion matrix (Table 5.5) shows the percentage of actions
that were classified correctly or mis-classified as other activities. Only five of the subjects
produced data that could be classified with accuracies higher than 90.0%. The others, sub-
jects 4,5, 7, 8,9, and 11, all produced data that could be classified with accuracy ranging
from 78.3% to 89.3%.

Overall classification accuracy for each subject using the generalized online HMM al-
gorithm ranged from 73.8% to 95.1% (Table 5.2). Mean classification accuracy was 87.7%

(SD=6.4%). The most commonly mis-classified activity was sitting, which was typically
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Figure 5.6: Confusion matrices for the HMM classification methods.

confused with standing. The confusion matrix (Table 5.6) shows the percentage of actions

that were classified correctly or mis-classified as other activities.

The online HMM classification produced results that were lower on average than the
offline HMM classification for most subjects, but subjects 2, 4, 7, 8, and 11 all had increased
classification accuracy with the online classification. The average drop in classification
accuracy due to using the online classification algorithm was 1.0% (SD=4.3%). The highest
drop in accuracy was 2.3% for subject 9, and the lowest drop was 10.1% for subject 3. The

highest gain in accuracy was 4.7% for subject 11.

The use of personalization for the Hidden Markov Model classifier improved classification

accuracy for the majority of subjects in both offline and online classification. Personalized
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offline classification had a mean accuracy of 92.1% (SD=4.2%), while personalized online
classification had a mean accuracy of 90.6% (SD=4.2%). The variance in accuracies de-

creased with the use of personalization.
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Chapter 6

DISCUSSION

The choice of prosthesis components and alignment can have a large effect on the quality
of life of the prosthesis’ user. A well-fitting prosthesis is crucial to reducing pain and enabling
people to take part in their desired daily activities. In choosing prosthesis components
and alignment, prosthetists must take into account how often the person will wear their
prosthesis, the durations of sitting and standing that the person will do, and the amount of
activity that a person engages in throughout the day. The recent focus on evidence based
practice has also increased the importance of monitoring prosthesis use both before and
after a change to the prosthesis. Currently available technologies for monitoring prosthesis
use have several limitations, including short battery lives, small data storage capacity, and
an inability to monitor stationary postures. Those monitors that are capable of measuring
posture and activity for long periods of time require strict subject adherence to the monitor
wear guidelines. The methods described here make use of an off-the-shelf sensor and custom
algorithms to monitor activity and posture when the sensor is mounted on the prosthesis.
By mounting the sensor on the prosthesis, user involvement in the monitoring process is

minimized and the chance of corrupted or missing data is reduced.

The results of this study show that there exist at least three algorithms that perform at
approximately 90% accuracy when classifying activities as one of doffed, sitting, standing,
or in motion. All of the classification methods were able to classify movement with greater
than 95% accuracy, but the classification of stationary postures and prosthesis doffed were
less accurate. This was expected, as an accelerometer placed at an ankle does not afford
as much information about body posture as one placed at the trunk of a person’s body.
Nonetheless, a classification accuracy of approximately 90% may be acceptable for clinical

and research use.

All of the classification methods sometimes misclassified sitting and standing as motion.
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Figure 6.1: Plot of acceleration data from subject 5. The plot shows data where the subject
is walking, stops, and sits down. After sitting down, periodic accelerations can be seen in
all three axes at approximately 1465s. Subjects were not completely immobile while sitting,
which led to the mis-classification of some periods of sitting as motion.

This is most likely because subjects did not sit or stand motionlessly. Subjects often shifted,
shuffled, and readjusted their limbs while sitting. This led to large increases in SMA (Figure
6.1). Presumably this type of mis-classificaiton could be minimized by increasing the window
size used to generate SMA. This would result in lower SMA readings for readjustment while
sitting, but approximately the same SMA readings for periods of walking or using the stairs.
However, as shown in Figure 5.1 and Figure 5.4, longer window lengths led to slightly lower
classification accuracies. This indicates that there may be a tradeoff between time resolution

of activities and accuracy of individual windows.

Another potential way to minimize misclassifications caused by somebody moving their
leg while sitting is to include classification of transitions, such as transitioning from sitting

to standing or vice versa. This could be used to rule out walking during a period of
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time between a stand-to-sit transition and a sit-to-stand transition. In order for this to be
effective, the identification of sit-to-stand and stand-to-sit transitions must be very accurate.
Otherwise it would introduce noise to the surrounding classifications. Match filtering may

work well to identify these transitions [24].

6.1 Discussion of individual methods

The different classification methods all had mean classification accuracies within one stan-
dard deviation of one another. However, a closer examination of the methods is warranted
because they seemed to do well or poorly classifying different activities or on data from

different subjects.

6.1.1 Rule based method

The rule based method investigated here showed very high classification accuracy for some
subjects, but also very low classification accuracy for some subjects. This subject to sub-
ject variability is most likely due to differences in the default postures that these subjects
assume. Some subjects consistently leave their prosthesis pointed far forwards of their body
while sitting, which enables accurate classification of the sitting posture. Other subjects,
notably Subject 11, leave their prosthesis directly under their knee even when sitting (Fig-
ure 6.2). Due to the high variability in how individuals sit and stand, a one-size fits all
approach to rule based activity classification may be sub-optimal. Potential solutions to
this issue include personalized rules for different individuals or a more complex decision
rule to identify sitting. Including personalization in a rule based classification method may
make the method prohibitively complex, since new subjects would require researchers to
manually edit the classification system.

The rule based method was also challenged to identify periods of time when the subjects
had doffed their prosthesis. Identifying doffed periods is done in two ways using this method.
One is to identify periods when the prosthesis is in the doffed reference position, which is
prone to error when the subject is sitting or standing. The other is to identify long periods
of no motion as measured by low Signal Magnitude Area. Identifying periods of no motion

is more accurate than orientation, but also requires the choice of a suitable duration time
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Figure 6.2: Subject 11 in his chosen sitting posture. He consistently leaves his prosthesis
directly under his knee in all seats, but allows his knees to bend outwards. This lowers the
classification accuracy of the rule based classifier for his sitting postures.



44

limit. If the time limit is chosen to be too short, then periods of standing or sitting may
be identified as doffed. If the time limit is chosen to be too long, then short periods where
the prosthesis is doffed may be missed. Short periods of doffing may be important, as some
subjects doff their prosthesis periodically to change socks and this would be an important

feature to note for prosthetists and researchers.

6.1.2 K-Nearest Neighbor

Because the K-Nearest Neighbor algorithm had high accuracy and low variance among
subjects, KNN or a similar method may be the most useful for clinical applications. KNNs
were analyzed in two different ways. In one analysis, only generalized training data from
other subjects was used. In the second personalized training data was used that included
some data from the subject being tested.

The generalized K-Nearest Neighbor algorithm had a mean accuracy of 97.0% for the
in motion activity. The classification accuracy of the doffed activity was 92.0%, but the
classification accuracy of the standing activity was only 79%. Standing was often mis-
classified as sitting, and was sometimes mis-classified as doffed. These confusions may be
important, and their implications should be taken into account if the method is used for
any specific application. The standard deviation of classification accuracy for the K-Nearest
Neighbor algorithm was only 4.2%, meaning that it was the most consistent method.

When using a personalized K-Nearest Neighbor algorithm, the classification accuracy of
periods when the prosthesis was doffed or when it was in motion remain as accurate as
the generalized KNN method. The classification accuracy of sitting increases slightly, but
the classification accuracy of standing increases by 4%. The mean accuracy rose to 91.5%
and the standard deviation dropped to 3.7%. Personalization improved the classification
accuracy for all subjects.

The success of the KNN method indicates that the correlational structure of these ac-
tivities is not very important in classifying data from prosthesis users. The KNN method
was chosen because of its lack of correlational structure and simplicity. Because the KNN

produced the best results and had the lowest variance among subjects, it may be of interest
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to investigate the use of more efficient algorithms. A support vector machine may provide

equivalent accuracy for lower computational cost during classification [37].

6.1.3 Hidden Markov Model

The preliminary investigations made into classifying activities using an HMM are promising.
The representation of observations by Gaussian mixtures allows for classification accuracy
that is comparable to that obtained with a KNN or rule-based algorithm. Furthermore, the
use of an HMM or similar graphical model on classifications made using other classifiers
may improve accuracy by smoothing the output classifications and removing short periods
of mis-classification.

Four different analyses were performed using the Hidden Markov Model classifier. These
included the various permutations of offline or online and personalized or generalized. Gen-
eralized online HMM classification performed poorly compared to all other methods, while
personalized offline classification performed well compared to all other methods. These re-
sults indicate that if classification is to be performed using an HMM, then personalization
may need to be used to ensure good results.

The generalized offline algorithm had the highest classification accuracy for periods
of time when the prosthesis was doffed, but it also had the lowest classification accuracy
for periods of time when the prosthesis user was sitting. Sitting and standing were often
confused. The low accuracy for sitting and standing was common among all subjects.
Classification of periods of movement was approximately 91%, which was lower than the
rule based and KNN methods. This is most likely because subject 5 walked slowly and
with short steps, and thus had a low SMA. The low SMA for that subject resulted in many
misclassifications.

The generalized online algorithm had the lowest classification accuracy of all methods
tested. Using this method, several subjects had classification accuracies below 80%, and
only five subjects had classification accuracy above 90%. Sitting and standing were often
confused with each other, and periods when the prosthesis was doffed were confused with

both sitting and standing.
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The personalized offline algorithm performed well, with a mean classification accuracy
of 92.1%. The classification of sitting and standing was more accurate than any other
method. Personalization also allowed the movement of subject 5 to be taken into account,
increasing accuracy for movement overall. Interestingly, the inclusion of personalization
caused classification accuracy for periods when the prosthesis was doffed to drop from 95%
for the generalized offline HMM to only 89% for the personalized offline HMM. This mis-
classifications of sitting and standing as doffed also decreased when using personalization,
S0 it seems that the generalized method erred by classifying periods of use as doffed more.

The personalized online algorithm performed better than either generalized HMM al-
gorithm, but otherwise performed poorly. Periods when the prosthesis was doffed were

confused with sitting and standing, which were each confused with each other.
6.2 Suitability for online classification

While offline classification of periods of prosthesis use is of interest to clinicians and re-
searchers so that they correlate activities to prosthetic interventions, online classification
of prosthesis use has the capability to inform active prosthesis elements. Several prosthesis
components (notably active knees and active ankles [64]) already attempt to identify the
activity of the wearer so that they can adjust. Classification of activities as studied here
could potentially be used with an active volume adjustment socket to improve the health
of the residual limbs of prosthesis users.

The rule based and KNN classification methods are by nature online systems. They
do not depend on future knowledge to make accurate classifications of activity. The HMM
method, on the other hand, uses the Viterbi algorithm to determine the activity that pro-
duced each observation vector. The Viterbi algorithm does make use of future values, and
could thus not be easily implemented on an active prosthesis. The forward algorithm used
by online decoding for HMMs could be used for online classification, but results in lower
classification accuracy. Our results show that the loss in accuracy is approximately 1.5%
when using personalization (Table 5.2). This could potentially be improved upon by mod-
ifying the graphical model or using the model on the output of the KNN or rule-based

classifiers to achieve temporal smoothing.
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6.3 Personalization

Personalization increased mean activity classification accuracy and decreased variance across
different subjects for both KNN and HMM methods. Many of the subjects in the study
produced data that could be classified with accuracies of approximately 95% using a general
model, but other subjects produced data that could be classified only at approximately 80%.
The subjects who already had high classification levels gained approximately 1% of accuracy
when personalization was used, but the other subjects had significantly improved accuracy.
One subject even had an increase of approximately 10% when using a personalized KNN

model instead of a general KNN model. This could be explained by two different phenomena.

1. The first is that ten subjects is not sufficient to train the algorithms to accurately
recognize activities among many different people. This may the case if activities
among different people are fairly similar. If this is the case, then a non-personalized
classifier could be constructed that would work as well as a personalized classifier if

more data from more subjects were collected.

2. The second possibility is that each person’s methods of sitting, standing, and walking
are different enough that personalization is required to guarantee classification accu-
racies higher than 90%. If this is the case, then all new subjects must go through a
test protocol to collect data to personalize the algorithms before the method can be

used for long term monitoring.

If the first conclusion is true and data from more subjects will increase the generalizability
of the classification methods, then more data should be collected. If the second conclusion
is true, then the collection of more data will lead to small improvements at best. More

research is needed to determine which condition holds.
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6.4 Potential Improvements

6.4.1 Rule-based method

Improving the rule-based classifier could be done by revising the heuristics it uses. Careful
analysis must be made of the data and the heuristics improved based on patterns noticed.
The rule-based system performed with very high accuracy for most subjects, but some
subjects had lower classification accuracy. The decision heuristics could be modified to
account for the differences seen among different subjects.

Sitting and standing, the most commonly mis-classified activities, are currently classified
by determine whether the anterior-posterior acceleration is greater than or less than the
acceleration in a reference position. Because only one axis is taken into account, subjects
who sit in an unexpected way, like subject 11, had low classification accuracy for sit and
stand activities. This could be improved by creating volumes in the state-space of prosthesis

orientations which correspond to sit or to stand, instead of simply thresholding on one axis.

6.4.2 Machine Learning Methods

Machine learning methods of classification can generally be improved by training them on
larger sets of data. By performing the protocol described here on more subjects, or devel-
oping a longer protocol for the same subjects, classification accuracy could be improved.
Additional refinements to the features used and to the graphical model itself should be inves-
tigated to determine if even higher classification accuracy is possible. Other improvements

are more specific to the type of classifier.

K-Nearest Neighbor

The K-Nearest Neighbor method was chosen because it is simple to implement and often
performs well on classification problems. It has several drawbacks, including requiring large
amounts of training data and performing slowly during classification. A more sophisticated
method, such as a Support Vector Machine, may maintain the high accuracy of the KNN

method while decreasing the time and computation power required for classification.
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Hidden Markov Model

There are many refinements that could be made to the Hidden Markov Model classification
method to improve the results. Two of these refinements that may result in the largest

gains are duration modeling and the use of a bigram model for activities.

HMM duration modeling may improve the results from the hidden Markov model clas-
sifier [65]. Duration modeling consists of determining a probability distribution over the
duration that subjects perform a given activity. This can be used when constructing the
transition matrix of the Markov chain, which would later inform the classifier. Duration
modeling may be applicable because many of the activities in which subjects engage will
be of similar duration from day to day. However, duration modeling will require a different
activity protocol that encourages subjects to spend as much time in each activity as they

normally would while performing the experiment.

Preliminary analysis of the utility of duration modeling has been performed on long
term acceleration data. Two subjects, subjects 6 and 10, were fitted with an GT3X+ as
described in this study. They were asked to go about their daily lives for three weeks. When
they returned, the data was downloaded and analyzed using the rule-based classifier. The
durations of the activities were determined. While these durations should be interpreted
with care due to the imprecise nature of their collection, general conclusions can be drawn
from their distribution. In general, activities are very likely to be short, though there are
some activities that can be quite long (Figure 6.3). The large number of activities with very

long durations are all periods when the prosthesis was doffed.

This finding is consistent with the literature, in which it has been found that activities
are primarily very short in duration. Orendurff, et. al., have shown that rest bout duration
(duration of sitting or standing events) has a distribution that could be modeled using a
geometric distribution. Walking duration has a distribution that could be modeled with a
negative binomial distribution [45].

A standard HMM models durations as geometric distributions. Based on data from
[45], the classification accuracy of the HMM could potentially be improved by including

explicit duration modeling for the in-motion and doffed activities. Periods of time when the
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Figure 6.3: A histogram of the activity durations for three weeks of data each from subjects
6 and 10.
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prosthesis was doffed have a multi-modal distribution (Figure 6.4). Periods of time where
the prosthesis was in motion could be modeled with a negative binomial distribution. The
distributions of activities found in [45] were made with window sizes of ten seconds, which
indicates that a longer window size than that used in the analysis here may be beneficial
for HMM classification.

Another change that may improve the classification accuracy of the HMM is the use
of a bigram model (Figure 6.5). Strictly speaking, this is a more complex model than
the simple Hidden Markov Model described here. In a bigram model, the probability of
transitioning to some state from the current state depends on both the current state and
the most recent different state. This form of modeling may improve accuracy if people
often perform actions in the same order, for example if they often walk somewhere, sit, and
remove their prosthesis. Taking this structure into account may improve the classifier.

Furthermore, an HMM or related graphical model could be used to improve the other
classifiers. Because the rule-based and KNN classifiers treat each window as independent,
there is the possibility that a single window may be classified as one activity even if it
within two long periods of a different activity. Dynamic graphical models could allow for
temporal smoothing of the classifications, reducing the probability of such short duration

errors [34, 35].
6.5 Suitability for other uses

The use of commodity hardware in this study allows the method to be easily implemented
for prosthetists and prosthetics researchers. Because other accelerometers can also be used
with the same algorithms, the choice of hardware can be made based on other factors,
such as desired battery life, cost, or data storage capacity. Interest in other activities or
application domains could also be addressed with the same hardware and algorithms.
Classification of other activities than those investigated here is possible. Differentiation
of level walking, walking upstairs, walking downstairs, or walking on non-level ground are
all activities that may be of interest to prosthetists and prosthetics researchers. All of the
classification methods investigated here could be extended to classify other activities, or

to classify sub-types of activity. To do this, more data would need to be collected and
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Figure 6.5: A bi-gram dynamic graphical model. The Z nodes represent the activity that
was performed prior to the current activity. These Z nodes do not necessarily change at
every time step; they change only when the activity state Y changes from one activity to
another. This is mediated by the switching nodes S.
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additional heuristics or features investigated.

While all three different algorithms tested here are capable of being extended to classify
other activities, the limitations of the accelerometer used must be taken into account. The
GT3X+ has a dynamic range of only +6G, but £10G is needed to accurately characterize
running [29]. These methods may have difficulty differentiating running and walking based
on data from this accelerometer. If classification of running is of interest, more research
should be performed to validate the use of the current accelerometer or to test a different
accelerometer.

While the differentiation of sitting and standing using data from a pylon-mounted ac-
celerometer was difficult, a thigh mounted accelerometer may provide data that is easier
to interpret. When someone is sitting, their upper leg is in a much different position than
it is when they are standing. This is difficult to make use of in people with trans-tibial
amputations, because attaching an accelerometer to the thigh leads to high compliance
requirements. However, the method may be useful for people with trans-femoral amputa-
tions. A similar system to the one described here may have better accuracy for trans-femoral
prosthesis users.

The method of instrumenting a prosthetic device and using the resulting sensor data to
classify activity could also be extended to other assistive and orthotic devices. Potential
applications include the instrumentation of canes, walkers, or wheelchairs. Activity classi-
fication for the use of these devices may allow rehabilitation specialists and other medical

professionals to tailor their care to the actual behaviors of their patients.
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Chapter 7

FUTURE WORK

This research is intended to serve as a starting point for activity classification methods
that make use of only sensors mounted on prostheses. Current results are encouraging, and
the approach should be further explored, validated, and then implemented for use in the
field.

Additional research is needed before any of these classification strategies can be recom-
mended for clinical use. The methods must be validated more thoroughly while prosthesis
users move through their free-living environments. The behavior of subjects may change
when they are in their home environment, and it is important to verify that these methods
continue to perform adequately if that is the case.

One potential limitation in use of the developed posture and activity classification strat-
egy is the unknown effect of riding in a motorized vehicle. Further research is required to
isolate or account for external accelerations to which a user may be subjected while riding
in vehicles. Additionally, other postures (e.g., lying down) or specific activities (e.g., stair
climbing) of interest to researchers should be explored to ensure they can be appropriately
classified with this system.

Another potential limitation is that subject postures and behaviors may change over
time. If a personalized classifier is used, it is unknown if it will remain accurate over the
long term. Subjects who lose weight or undergo rehabilitation therapies may sit or stand
in ways that were not represented in their training data. The effects of weight loss or
rehabilitation on this system should be investigated, and subjects who are experiencing
lifestyle changes while they are being monitored should be monitored more closely.

The addition of other sensors may also be useful in improving classification accuracy.
While other sensors may decrease the battery life or duration that data can be recorded

for, the additional robustness or classification accuracy may be worthwhile for some appli-
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cations. One sensor that seems particularly promising is the force sensitive resistor. When
placed between the prosthesis’ socket and the subject’s residual limb, it can provide data
on interface forces that may prove useful in accurate determination of posture.

Once an algorithm has been developed that accurately classifies activities of interest
to clinicians and prosthetists, it must be tested in the daily lives of prosthesis users. The
activity protocol used in this study is limited in that it consisted of subjects moving about
primarily indoors, primarily for no purpose of their own. It may be the case that when
subjects are in their free-living environment, they perform activities in a different manner.
A longer term, free-living experiment would also provide data that could be used in duration
modeling for the HMM classifier, as described above.

Clinical uses of this technology (e.g., rehabilitation training, componentry evaluation,
etc.) should be explored to determine if the accuracy of which this system is capable is
sufficient for such applications. The long battery life and large storage capacity of the
ActiGraph GT3X+ accelerometer suggest that this sensor may be suitable for long-term
data collection. Anticipated advances in battery and storage technologies will also likely
extend the length of time such sensors can be used to monitor subjects. Such research will
help to determine if prosthesis-integrated monitoring systems can enhance clinical care and

improve quality of life for prosthesis users.
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